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ABSTRACT 
 

With the rapid advance of information technologies, human beings increasingly rely 

on computers to accumulate, process, and make use of data. Knowledge discovery 

techniques have been proposed to automatically search large volumes of data for patterns. 

Group Support Systems (GSS) play an important role in streamlining group activities 

and improving group outcomes. Various attempts have been made to help automate 

several tasks in group activities under GSS environment. One of the approaches is to 

apply automatic approach to idea organization task in GSS.  

This research designed and tested a system using singular value decomposition (SVD) 

techniques to automate the idea organization task in GSS. Specifically, this research was 

conducted to examine how the idea organization task, typically regarded as the most 

labor-intensive and cognitively demanding in group problems solving, can be automated 

using a system enabled by singular value decomposition techniques. For the purpose of 

evaluation, we compared the performance of our automated approach using SVD 

algorithm against that of human subjects. Two separate experiments were conducted to 

evaluate the performance of the automatic approach on two essential components of an 

idea organization; namely, generation of topic categories and placement of relevant 

comments into their respective categories.  

The general conclusion that can be made from this research is that idea organization 

in group problem solving can be facilitated both efficiently and effectively with the SVD-

enabled system that can automatically generate topic categories and place relevant 
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comments into their respective topic categories. Therefore, our automatic approach may 

provide a useful and promising tool for the idea organization task in GSS. 
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CHAPTER 1: INTRODUCTION 

 

This chapter overviews group support systems and text mining and shows that this 

research is motivated by the need for improved cognitive support for the idea 

organization task in group support systems. Contribution of this research is summarized 

and the organization of the dissertation is presented. 

 

1.1 Group Support Systems 

Collaboration has played an important role in contributing to the success of many 

organizations (Mintzberg 1983). Many of the tasks faced by modern organizations are 

complex ones that can only be accomplished by pooling expertise and resources from 

many people. With collaboration playing an integral role in business environment, one of 

the major technological advances in the early 1980s is the development of group support 

systems to assist group collaboration, which can be seen as representing a shift in focus 

from the single user supported by decision support systems to a group of participants. 

Group support systems assist large groups to interactively work on a single problem or 

collection of problems (Vogel, Nunamaker et al. 1989; Nunamaker, Dennis et al. 1991). 

Under GSS environment, a number of groups of participants use a network of computers 

either through a local area network of terminals or through Internet to discuss and solve 

various kinds of organizational problems. GSS provide various tools to support group 

collaboration. For example, brainstorming tools allow participants to contribute ideas 
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electronically in parallel without waiting in turn whereas idea organization tools allow 

participants to classify brainstorming comments into a manageable list of topics or topics.  

 

1.2 Text Mining 

Technological advances in the field of information technology have changed 

businesses around the world and given rise to new industries around controlling and 

providing information. That is the reason why today’s world is often referred to as 

“information age”, in which global economy shifts its focus away from the production of 

physical goods and toward the manipulation of information. The rapid development of 

information technologies has led to development of numerous new software applications, 

which in turn have produced vast amounts of digitized data and information. It is reported 

that past three decades have witnessed more information produced than in the previous 

five thousand years of human history (Trout 1997).  

While people in the past could well manage to manually process limited information 

generated or rely on traditional data management and analysis technologies, the dramatic 

increase of digitized information may prove challenging for them to process information 

in an effective and efficient manner.  It is no longer sufficient or even feasible to process 

a large amount of information manually or even with traditional technologies.  The more 

information generated using new information technologies, the more difficult it is for 

people to understand it. Understanding typically involves the processing of the raw data 

into underlying knowledge. One important characteristic of knowledge is that all 

knowledge has a structure, which is essential to understanding. Structure organizes 
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disparate information into a form, which is easy to digest and understand. For example, 

all newspapers group information into different categories such as politics, sport, 

business. Knowledge discovery is to “extract implicit, previously unknown, and 

potentially useful information from data” (Frawley, Piatetsky-Shapiro et al. 1991). 

With rapid growth of the volume of electronic data currently available, automated 

knowledge extraction techniques are increasingly needed to process the huge amounts of 

data stored in the information systems. As one part of knowledge discovery, data mining 

is referred to as techniques applied in “the nontrivial extraction of implicit, previously 

unknown, and potentially useful information from data” (Fayyad, Piatetsky-Shapiro et al. 

1996). While data mining techniques are designed to operate on data in structured 

formats such as those stored in relational databases, text mining techniques are concerned 

with various tasks such as extraction of information implicitly contained in collections of 

textual documents such as text from the literature repository, thus extending the more 

traditional data mining approach to unstructured textual data.   

 

1.3 Motivation 

One of the most important effects of GSS is that GSS enable group participants to 

generate more brainstorming ideas than face-to-face meetings. Two factors might explain 

this increase in brainstorming contributions: parallel communication and anonymity. 

Unlike the take-turns approach in face-to-face meetings, GSS allow participants to 

brainstorm ideas via parallel communication anonymously. Specifically, parallel 

communication allows participants to simultaneously input their comments electronically 
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into the system without waiting in turn whereas anonymity encourages participants to 

express their ideas freely without showing their identities. As a result, unlike face-to-face 

meetings, group support systems often generate large quantities of text in digital formats 

in a very short period of time during brainstorming sessions. While GSS greatly improve 

creative idea generation in the divergent task of brainstorming, the overwhelming amount 

of brainstorming comments exert tremendous pressure on group participants who need to 

complete the idea organization task.  

As an important step in a collaborative process in GSS, idea organization is about 

moving from having many ideas to having fewer ideas worthy of further discussion and 

having more understanding of the relationships among ideas. This step of idea 

organization is important in the collaborative process due to its ability to reduce cognitive 

load on group participants. Instead of working on raw brainstorming comments, group 

participants can work on organized key ideas. While there may be different ways to 

organize ideas, this study focuses on one type of idea organization consisting of two parts: 

1) consolidation of brainstorming comments into a manageable number of key topics; 2) 

placement of comments into their relevant topics. This type of idea organization 

constitutes as an important way of idea organization because it has been frequently used 

in different types of group sessions such as in system analysis and strategic planning. 

Another example is the group session results used as experimental data later in this study 

that were generated using this way of idea organization. 

Idea organization is a much harder task cognitively than the divergent task of 

brainstorming in that people have to read and understand others’ points and then reach 
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consensus in categorizing these ideas into conceptually important themes. The 

overwhelming amount of comments generated by brainstorming sessions in GSS makes it 

very difficult for participants to generate topics and place comments into relevant topic 

categories. Therefore, the increase in creative ideas during brainstorming may tend to be 

offset by the information overload and cognitive demand experienced by both facilitator 

and group participants in the idea organization task.  

Currently, the idea organization task is still performed manually by group 

participants and facilitators in GSS. Therefore, what GSS need is some form of cognitive 

support for group participants to help them make sense of the large quantity of 

brainstorming comments data. With the advancement of text mining research, it is 

possible to take advantage of the existing electronic textual data and reduce the work 

overload for group participants by applying text mining techniques to automatically 

perform the idea organization task in GSS. Automating idea organization can potentially 

reduce information overload, lessen cognitive demand, shorten idea organization time, 

and provide context to topics instantly.  

This research is motivated by the question of how to automate idea organization task 

in GSS with quality comparable to humans.  

 

1.4 Contributions 

The objective of this research is to address the problems associated with the idea 

organization task in GSS by designing a tool using singular value decomposition to 

automatically identify important topic categories from all brainstorming comments and 
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place relevant comments into their respective topic categories with quality comparable to 

human subjects and at much faster speed.  

The major contributions of this research include an IT artifact: the SVD-enabled 

automatic idea organization tool, which is empirically tested to be able to automate idea 

organization efficiently and effectively with results comparable to human subjects. With 

the aid of this tool, group participants can reduce the information overload and cognitive 

demand problems, and further refine the topics and comments assignments for 

subsequent GSS stages. 

 

1.5 Outline of the Dissertation 

The rest of the dissertation is structured as follows: Chapter two describes the group 

support systems and explains in detail the problems that exist in the idea organization 

task under GSS environment. Chapter three reviews the related literature on automatic 

idea organization. Chapter four introduces the research question and presents the system 

development methodology that guides this research. Chapter five describes the 

application of singular value decomposition approach to idea organization. Chapter six 

describes two experiments that compare the system-generated output with manually 

generated results, and reports the results of the experiments. Chapter seven discusses the 

results of experiments, offering interpretation and insights into the results. This research 

is concluded with chapter eight, which describes conclusions, contributions, limitations 

and future directions of this research. 
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CHAPTER 2: GROUP SUPPORT SYSTEMS AND PROBLEMS WITH IDEA 
ORGANIZATION IN GSS 

 
This chapter describes group support systems, groupware grid and collaboration 

processes. Problems with the idea organization task in GSS are discussed along with the 

need for automatic idea organization.  

 

2.1 Group Support Systems 

Collaboration has frequently taken place in the form of project teams or groups in 

today’s business organizations. These teams and groups constitute as an important and 

almost universal organizational structure. During group collaboration, team participants 

are able to share information, generate ideas, make decisions and review the effects of 

decisions (Phillips and Phillips 1993). In contrast, individuals working alone may have to 

rely on their own abilities to tackle problems without help from others. With skills and 

abilities of a group of people harnessed, a complex organizational problem or an 

important opportunity can be addressed collectively in a better way than individually 

because collective knowledge, skill, and expertise of the group are greater than that of 

any individual (Maier and Hoffman 1960; Martz, Vogel et al. 1992). This is particularly 

true for problems that require multiple skill sets.  

With collaboration playing an integral role in the business environment, group 

support systems have been created to assist group collaboration. Group support systems 

are a combination of hardware, software and facilitation support used to engage in 

intellectual collaborative work (Jessup and Valacich 1993). The CMI group of the 
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University of Arizona has been one of the pioneers in GSS field with its commercially 

available GSS software called GroupSystem and a web-based version ThinkTank-2.0. 

GSS help focus and structure a team’s deliberation while minimizing cognitive costs of 

communication and information access and reducing distraction among team participants 

(Davison 2000). Instead of sitting around a table and taking turns to talk in conventional 

meetings, group participants in GSS environment are connected together using networked 

computers and interact with each other via keyboard and monitor screens.  

Compared with face-to-face group collaborations, GSS tools provide many distinct 

characteristics including parallel communication, anonymity, group memory, and a 

structured pattern of discussion (DeSanctis and Gallupe 1987; Dennis, George et al. 

1988). Benefits associated with the use of GSS are both tangible and intangible (De 

Vreede, Vogel et al. 2003). Among the tangible benefits are reduced time and resources 

required for the meeting, and increased amount of brainstorming ideas of higher quality  

as compared with face-to-face interactions without technology assistance (Dennis, 

Valacich et al. 1990; Grohowski, McGoff et al. 1990; Gallupe, Bastianutti et al. 1991; 

Gallupe, Dennis et al. 1992; Nunamaker, Briggs et al. 1996). Past research has also 

shown that GSS can lead to increased productivity, increased information flow between 

group participants, more objective evaluation of information, and synergy within the 

group (Nunamaker, Jr. et al. 1991; Adkins, Burgoon et al. 2003). Among the intangible 

benefits are increased level of group cohesiveness, improved problem definition, and 

stronger commitment from the group to the solution (Nunamaker, Briggs et al. 1996). 
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In the following, we will first discuss hardware components, followed by software 

tools and conclude with facilitation support in GSS. 

 

2.1.1 Hardware Components in GSS 

A GSS-supported meeting often requires hardware including networked personal 

computers or workstations and other peripheral equipment such as a projected screen for 

shared data and various audio and video equipments to enhance the communication 

channels among group participants.  

A trend has been taking place that is moving from traditional client and server type 

of GSS to web-based GSS over the past several years. In a traditional GSS environment 

such as GroupSystems, a dedicated facility is often needed for electronic meetings, which 

requires investment of expensive resources. An example of such facility may include a 

dedicated electronic meeting room filled with GSS-installed client workstations and one 

or two dedicated computers that a meeting facilitator uses for controlling GSS installed in 

each participant’s client machines. One or two projection screens are often set up in the 

front of the room for projection of the facilitator’s screen when necessary. In contrast, in 

a web-based GSS like ThinkTank, there is no need for a dedicated facility including 

dedicated rooms or dedicated computers with installed GSS software. Everyone can take 

part in a GSS session anywhere as long as the participant has a computer with internet 

access. Unlike traditional client and server type of GSS, web-based GSS software is not 

required to be installed in computers of each participant. All these unique features make 

web-based GSS a popular choice for distributed collaborations.  
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2.1.2 Software Tools in GSS 

GSS consist of a suite of software tools designed to connect group participants 

together through a network to support problem formulation and solution in group 

meetings (DeSanctis and Gallupe 1987). These software tools in GSS serve a variety of 

functions, which may help quickly generate lots of ideas to solve problems or find 

opportunities, distill those ideas to the very best, clarify exactly what is meant, organize 

the ideas, evaluate and prioritize them, build consensus among the team, and eventually 

generate deliverables that help the team take action. By mixing different tools together, 

GSS can be utilized to suit the characteristics of the problem as well as the characteristics 

of the group of problem-solving participants. Table 2.1 shows a suite of tools included in 

ThinkTank, a web-based GSS, to support one or more group activities such as generating, 

organizing and evaluating ideas.  

 
Categorizer’s 
Brainstorming Mode Entering comments simultaneously 
Categorizer ’s 
Organize mode 

Making lists of topics with underlying comments. Lists can be 
organized in definable categories 

Rank/Order/Vote 
Ranking priorities and evaluating ideas using various voting 
techniques 

Alternative Analysis 
Rating, comparing,  and analyzing alternatives, as well as 
developing consensus concerning specific issues 

Table 2.1 Modules in ThinkTank 

Brainstorming is the default mode in ThinkTank's categorizer tool. It is similar to an 

instant messaging application where participants are to type ideas into the submission 

panel on the bottom of the screen and press ‘enter’. This tool enables participants to 
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interact and exchange ideas electronically via typing into keyboard instead of talking in 

conventional meetings. All participants can submit their ideas through the submission 

panel simultaneously and anonymously.  All the comments submitted by participants can 

be seen by other participants on the screen. Individual participants can read others’ 

contributions and make comments on those ideas. Originally, comments submitted by 

other participants appear in bold letters until being clicked to mark them as being read 

already.  Functions that can be performed on submitted comments include edition, 

deletion, copy, etc. 

The ‘organize’ mode embedded in categorizer tool allows participants to use the 

submission panel to create buckets or categories. Group participants can work with 

facilitators to read through all the comments generated from the brainstorming session 

and then work together to generate a manageable list of possible topics that sum up the 

majority of the comments. The ‘organize’ mode in categorizer tool also lets participants 

deposit ideas into one or more ‘buckets’ to organize them by dragging and dropping a 

comment into its appropriate category. In addition, categorizer allows participants to 

indent and out-dent ideas to display inter-relationships and connections. These tools are 

made available to organize the ideas generated from the brainstorming session.  

ThinkTank’s rank/order/vote tool enables participants to rank priorities, preferences, 

goals, or any other items. Rank/order/vote is a method in which participants rank ideas in 

order of preference.  Winners are determined by giving each candidate a certain number 

of points corresponding to the position in which it is ranked.  Ballot items can be dragged 

and dropped into their preferred order before votes are cast. In addition, ThinkTank’s 
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alternative analysis tool is a multi-criteria voting tool that offers a diverse range of 

capabilities.  It allows teams to rate, compare, and analyze alternatives, as well as develop 

consensus concerning specific issues. Criteria for voting can be any one of six distinct 

types from a sliding scale to a simple yes or no. The session leader decides how many 

criteria to use and which voting methods to apply to each of the criteria.  After the leader 

has set up the ballot, participants simply mark each item with their votes. Both these tools 

can be used to evaluate options or prioritize to determine what needs to get done and in 

what order.  

ThinkTank’s alternative analysis tool also allows group participants to spot voting 

results in disagreement more easily by using a statistical measure called standard 

deviation and the vote spread.  The ‘average’ column appears in green if participants are 

in consensus and in red if they disagree.  The identification of an area of disagreement 

allows participants to focus discussion on it and eventually may resolve the 

conflicts.  The colors on the matrix allow participants to see instantly the items that 

should be discussed. These additional functions provided by alternative analysis tool can 

be used to build consensus among participants. 

 

2.1.3 Facilitation Support in GSS 

Another important component of GSS is facilitation support, which can be defined as 

a group of activities that a facilitator carries out before, during, and after a meeting in 

order to help a group during the decision making process (Bostrom, Anson et al. 1993). 

Facilitation support has been in existence long before the emergence of GSS. The 
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availability of GSS tools present facilitators with additional responsibilities that require 

them to direct group participants on what GSS tools to use and when to use them 

(Dickson 1993). Facilitators may differ in terms of their expertise, experience and level 

of involvement with the group process (Aakhus, Adkins et al. 1997). In situations without 

GSS support, human facilitation has been shown to improve group performance (Reagan-

Cirincione 1992). With respect to GSS-supported environment, previous research has 

shown the importance of facilitation in impacting productivity and outcome of the group 

(George, Dennis et al. 1992; Valacich, Dennis et al. 1994; Anson, Bostrom et al. 1995; 

Griffith, Fuller et al. 1998; Briggs, De Vreede et al. 2001). Facilitator can support the 

group’s social and cognitive processes, thus allowing participants to focus more on 

substantive issues in the decision making process and achieve better outcomes (Schuman 

1996; Khalifa 2002). 

There are three kinds of distinct process support provided by facilitators (Nunamaker, 

Jr. et al. 1991): a chauffeured style, a supported style and an interactive style. These 

different styles can be combined with each other at any stages during a collaborative 

process. The chauffeured style allows group participants to give directions to one person 

on what features or software tools to use. With the chauffeured style, group participants 

do not have access to GSS so they do not need to be familiar with the GSS tools. They 

verbally discuss the issues and then the facilitator is to enter information by managing 

tools in GSS. The supported style allows each group participant to have access to 

computers and all group participants can communicate using GSS tools. That is, all group 

participants have access to GSS tools rather than just the facilitator as in the chauffeured 
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style. The meeting process proceeds using a mixture of verbal and electronic interactions. 

The role of facilitator is about providing technical support and teaching group 

participants how to use GSS tools. The interactive style also provides each group 

participant with computers and GSS tools. However, with the interactive style, all 

communications are conducted using GSS tools and almost no verbal communications 

are used. Similarly, facilitator also needs to provide technical support to make sure group 

participants use GSS tools appropriately. 

 

2.2 GSS and Groupware Grid 

Groupware can be defined as “computer-based systems that support groups of people 

engaged in a common task (or goal) and that provide an interface to a shared 

environment” (Ellis, Gibbs et al. 1991). To better understand functions of GSS, it is 

important to put GSS within the framework of groupware so as to understand their 

contributions to collaboration. In fact, GSS only represent a subset of groupware. The 

following describes the groupware grid and the mapping of GSS to the groupware grid to 

get a better understanding of GSS functions. 

 

2.2.1. Groupware Grid 

Groupware grid can be used as a theory-based heuristic model to map functionalities 

of a groupware technology to organizational work (Nunamaker et al.,2001). Table 2.2 

shows that groupware grid consists of vertical and horizontal dimensions.  
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Communication 

Support 
Deliberation 

Support 

Information 
Access 
Support 

Concerted 
Work Level    

Coordinated 
Work Level    

Individual 
Work Level    

Table 2.2 Groupware Grid 

Vertically, there are three levels of collaborative effort that can be made more 

effective with collaborative technologies. At the individual work level, group participants 

make individual efforts that require no coordination. Group productivity equals to the 

sum of individual efforts. Technologies such as word processors and spreadsheets may be 

used effectively to support individual work. At the coordinated work level, group work 

requires careful coordination among participants despite the fact that they still make 

individual efforts. Productivity depends on the level of individual effort and on the 

coordination among those efforts. Technologies such as E-mail and workflow automation 

may support coordinated efforts. At the concerted work level, group participants must 

make a continuous concerted effort in synchrony with other participants. Often times the 

performance of any one participant influences the performance of other participants. 

Tools that may be used to enhance concerted efforts include electronic brainstorming 

tools, group outlining tools, and idea categorizers in GSS.  
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                                    Figure 2.1 Team Theory of Group Productivity 

The horizontal dimension of groupware grid comes from the team theory of group 

productivity, previously known as focus theory (Briggs 1994; Briggs, Reinig et al. 1997). 

Team theory, as shown in figure 2.1 presents a causal model for the productivity of a 

group in making a joint cognitive effort toward an objective. This theory posits that one 

of the key limits on group productivity is human attention resources. According to the 

team theory, team participants divide their attention into three cognitive processes: 

communication, deliberation and information access.  

Communication refers to the process that the sender sends stimuli to the receivers 

who then assign meaning to the stimuli. Communication occupies attention resources in 

terms of choosing words, behaviors, images, and artifacts, and presenting them through a 

medium to other team participants. Under a GSS environment, communication is 

conducted in the form of textual messages, limiting the diversity and richness of the 
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stimuli (Dennis and Valacich 1999). Deliberation refers to the cognitive tasks that are 

conducted in order to achieve the common goal. Deliberation utilizes attention resources 

via forming intentions toward accomplishing the goal and conducting problem-solving 

activities which consist of understanding the problem, developing and evaluating 

alternatives, selecting and planning a course of action, etc.  Information access refers to 

the process of obtaining information while incurring cognitive costs associated with 

receiving and processing the information. Information access deals with attention 

demands of finding, storing, processing, and retrieving the information that the group 

participants need to support their deliberation. These three processes interfere within each 

other and thus limit group productivity. 

To sum up, the horizontal axis of groupware grid addresses the potential for 

technology to reduce cognitive costs of joint effort. Groups may become less productive 

if the attention demands for communication, deliberation, or information access become 

too high. For example, as the size of the group grows, the amount of information 

communicated may exert a large cognitive burden on the participants, potentially 

hampering the collaborative process. The GSS process must minimize these cognitive 

costs so that the increased information flow enabled by GSS does not negatively affect 

the overall productivity of the group. That is, the GSS must improve productivity to the 

degree that the attention costs are reduced. 

 

2.2.2 Mapping GSS to Groupware Grid 
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One of the benefits of using groupware grid is that individual groupware tools or 

entire groupware systems like group support systems can all be mapped into the cells of 

groupware grid. The three levels of group support on the vertical axis show that group 

support tools must strive to provide support on the concerted level. The three kinds of 

attention resources on the horizontal axis demonstrate the need for tools that can 

efficiently and effectively leverage the attention resources of participants within the 

group.  

Table 2.3 shows that group support systems provide support at the concerted work 

level for all three attention resources: communication, deliberation, and information 

access (Nunamaker, Jr.; Briggs et al. 1996). 

 

 
Table 2.3 Classification of Benefits from Group Support Systems  

For communication, GSS enable anonymity and parallel input to improve 

communication at the concerted level. For deliberation, there are various tools embedded 

in GSS that provide deliberation support in concerted level. For example, the 

brainstorming tool enables group participants to diverge from familiar thinking patterns 

by preventing them from thinking narrowly. Idea organizer also allows group participants 

to focus on a limited number of key points. Similarly, electronic voting and multi-criteria 

evaluation tools also help improve deliberation support. For information access, GSS 

  Productivity 
Processes 

 

 Communication Deliberation Info Access 
Concerted 

Level 
Anonymity, 

Parallel 
Contribution 

Structured and Focused 
Processes 

Session Transcripts 



 

 

32

improve information access at the concerted level by providing access to the information 

and by providing session transcripts to group participants. 

To sum up, GSS are used to focus and structure group deliberation while reducing 

cognitive costs of communication and information access among teams working 

collaboratively towards a goal. 

 

2.3 Collaboration Process in GSS 

A GSS-enabled collaboration often follows a sequence of activities related to 

decision making. In order to understand the important steps during collaboration, a 

review of different problem-solving processes is followed: 

Since the objective of collaboration is often to make decisions with input from 

multiple decision makers, collaboration often follows the general steps of a decision 

making process. Herbert Simon divided decision-making into three general steps 

including intelligence, design, and choice (Simon 1965). Specifically, intelligence step 

refers to the exchange of relevant information; design step involves the development of 

decision alternatives or available options; choice step allows selection of the best option 

or alternative.  

As shown in table 2.4, Briggs et al. identified five basic patterns of collaboration in 

group decision making, which further refine Simon’s three steps of general decision 

making (Briggs, Vreede et al. 2003).  

 
Diverge move from having fewer to having more ideas 
Converge move from having many ideas to a focus on and 

understanding of fewer ideas deemed worthy of 
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more attention 
Organize move from less to more understanding of 

relationships among idea comments. 
Evaluate Move from less to more understanding of 

consequences for choices toward attaining 
group goals 

Build Consensus (align goals) Move from less to more agreement among a 
group of stakeholders; achieving more 
congruence between individual and group 
goals. 

Table 2.4 Patterns of Collaboration 

‘Diverge’, often called brainstorming, is to move from having fewer to having more 

ideas (Briggs, Vreede et al. 2003). Basically, brainstorming activity allows group 

participants to generate as many ideas or potential solutions as possible without regard to 

the feasibility of those ideas at this stage (Couger 1995). The objective of brainstorming 

activity is to develop new or innovative ways of looking at things and avoid established 

patterns of thinking. Therefore, brainstorming is a very useful activity that helps develop 

highly creative solutions to a problem by pooling the experience of all team participants 

into play during problem solving. The output from this divergent stage is typically a large 

number of unorganized textual idea comments.  

‘Converge’ and ‘organize’ are often called idea organization. ‘Converge’ is to move 

from a state of having many unrefined ideas to a state of having a reduced set of ideas 

that are regarded as worthy of further attention. ‘Organize’ is to increase the 

understanding of the relationships among ideas. All brainstorming ideas are synthesized 

into specific topics that may provide potential solutions to the problem at hand. The key 

of this step is to generate a manageable set of topic categories, which serves as potential 

solutions and represents the majority of the themes reflected in all brainstorming ideas. 
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The output from ‘converge’ and ‘organize’ is a manageable list of key topics with ideas 

assigned to appropriate topics. 

‘Evaluate’ is to improve understanding of possible consequences of all choices. After 

idea organization, group participants are presented with a manageable list of potential 

options. The task is to decide on the best possible solutions to the problem at hand based 

on a set of pre-determined criteria. The output from evaluation is a ranked list of best 

solutions available. 

‘Build consensus’ is to improve the degree of agreement among group participants. 

Consensus is a strategy ensuring that everyone in the group plays a role in the decision 

making. It may not necessarily mean unanimity, but should represent extensive support 

among group participants. Consensus building provides workable solutions by removing 

possible conflicts, which consume efforts of the group and undermine progress towards 

the goal.  With conflicts resolved through consensus, the group can create a better and 

long-lasting solution. However, it may not be easy for the group to achieve a consensus 

because evaluations from the previous step may reveal a large disagreement on certain 

issues. Therefore, evaluation and consensus building may be iterative, which means that 

the group may start over again until a certain level of consensus is reached. 

In this research, a simplified four-step process is adopted. Step 1 – Brainstorming:  

group participants conduct brainstorming to identify all possible issues related to a 

challenge or problem. Step 2 – Idea Organization: group participants consolidate all 

issues into a manageable list of general topics of issues that are important to solving the 

problem at hand, and classify relevant issues into their appropriate topic categories. Step 
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3 – Evaluation: group participants evaluate the topic categories that are potential 

solutions to the problem so as to narrow down to a few best solutions. Step 4 – Consensus 

Building: group participants reach consensus on determining the relative importance of 

the general topics in solving the problem by polling group participants on a set of criteria. 

We refer to these steps as: brainstorming, idea organization, evaluation and consensus 

building.  

This research mainly focuses on idea organization, which is discussed in detail in the 

next section.  

 

2.4 Idea Organization  

Idea organization mainly consists of two components including topic generation (or 

topic classification) and placement of relevant comments into their respective topics. 

Topic generation is to arrive at a list of topics that represents the content of brainstorming 

comments. Comment placement is to link comments to each topic in the topic list so that 

group participants can trace topics back to their original comments from which the topic 

list is derived. In a way, the comments that are linked to topics can serve as validation of 

the topics. 

Table 2.5 shows a sample list of brainstorming comments from a real group session 

attended by college students using GroupSystems.  The brainstorming question presented 

in the session is: “What can we do to make our student union center a better place?” With 

this brainstorming question in mind, group participants used the brainstorming tool 

provided by GroupSystems to generate as many comments as they could. 
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C1: Clearly more technology related 

C2: 
But how do we foster viewpoint neutrality when student affairs overall is 
incredibly left-leaning in a usually unabashed way? 

C3: 
viewpoint neutrality - safe for all opinions, all sides, all viewpoints can be safely 
discussed 

C4: Much more technology based, greater demand for wireless 

C5 

I hope that viewpoint neutral does not mean that strong opinions are not 
expressed in the union, but rather that the union is a place where these opinions 
are shared in a civil manner, and that the union itself does not take a politically 
partisan position on issues 

C6: 

With less money we will be forced to find more efficiencies - with technology 
growth it's likely that more core function operate out of the unions i.e., financial 
aid, career development, academic advising - space won't be a concern due to 
technology 

C7 

Technology will mandate that the way we reach out to students and keep them 
engaged in new ways. Many reasons why students come to our facilities are no 
longer applicable 

C8 
Hopefully union will continue to be safe place/viewpoint neutral as our political 
climate changes 

C9 
Very flexible in order to stay with the many changing attitudes and needs of the 
student population-and will stay central to University community 

Table 2.5 A Sample List of Brainstorming Comments 

Table 2.6 shows an example of topics with relevant comments attached under each 

topic. This list of topics and associated comments is generated during idea organization 

after group participants browse through the sample of brainstorming comments. 

The list contains two major topics: ‘technology’ and ‘viewpoint neutral’, which are 

closely related to solving the brainstorming question. There is an additional category 

called “other topics”, which lists ideas that do not belong to the identified two topics. 

In addition to two major topics generated, the original comments from which the 

topics are derived are also linked to the appropriate topics. This comment placement (or 

comment linkage/assignment) provides context support and explanation to the semantics 

of the category labels ascribed to the two topics identified by group participants. Each of 
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the topics contains either a single term or a term phrase as labels. Topic one is 

‘technology’, which is a single term identified to provide one potential solution to making 

student union a better place. Topic two is ‘viewpoint neutral’, which is a term phrase 

identified as one of the ways that can make student union center a better place. The 

comments attached to these two topics provide rich context as to what these topics mean.  

 
Topic 1: Technology 
C1: Clearly more technology related 
C4: Much more technology based, greater demand for wireless 

C6: 

With less money we will be forced to find more efficiencies - with technology 
growth it's likely that more core function operate out of the unions i.e., 
financial aid, career development, academic advising - space won't be a 
concern due to technology 

C7 

Technology will mandate that the way we reach out to students and keep them 
engaged in new ways. Many reasons why students come to our facilities are no 
longer applicable 

Topic 2: Viewpoint Neutral 

C2: 
But how do we foster viewpoint neutrality when student affairs overall is 
incredibly left-leaning in a usually unabashed way? 

C3: 
viewpoint neutrality – safe for all opinions, all sides, all viewpoints can be 
safely discussed 

C5 

I hope that viewpoint neutral does not mean that strong opinions are not 
expressed in the union, but rather that the union is a place where these opinions 
are shared in a civil manner, and that the union itself does not take a politically 
partisan position on issues 

C8 
Hopefully union will continue to be safe place/viewpoint neutral as our 
political climate changes 

Other Topics: 
 

C9 
Very flexible in order to stay with the many changing attitudes and needs of the 
student population-and will stay central to University community 

Table 2.6 A Sample List of Topics Generated and Related Comments 

 
2.4.1 Problems with Idea Organization 

Idea organization refers to moving from a state of having many ideas to a state of 

having only important topic categories drawn from all ideas. Group members browse the 
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list of ideas and come up with preliminary suggestions of possible topic categories. 

During the process, topics that are redundant or similar are merged into one topic and 

topics that are irrelevant to the current goal are eliminated. Often times an appropriate 

level of abstraction has to be reached. Topics that are too general are dropped and topics 

that are too specific may be merged into a more general topic. When eventually a 

manageable list of topics is generated, group members typically link all the topics with 

original comments that support or explain the topic. This step may be used to 

demonstrate the validity of the topics generated and make group participants better trace 

the topics back to the original comments used to generate them.  

While brainstorming is a divergent task, idea organization is a convergent task. As a 

convergent task, idea organization is more daunting because it requires participants to 

sort through all comments generated in the brainstorming session and come up with a list 

of important topics capturing major underlying themes of comments. Specifically, most 

difficulties related to idea organization arise from the information overload problems 

caused by the high output of the divergent activity of brainstorming and the high 

cognitive demand associated with the task of idea organization itself. The adverse effect 

of information overload and cognitive demand can be observed from the sharp drop in 

satisfaction level of group participants during idea organization in group sessions 

supported by GSS.  

In the following, a detailed examination of information overload and cognitive 

demand problems is provided along with a discussion on the fluctuation of satisfaction 

levels during the course of electronic meetings supported by GSS.  
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2.4.1.1 Information Overload 

The root cause of the information overload problem can be attributed to the divergent 

task adequately supported by brainstorming tools in GSS. The divergence stage in GSS is 

used to generate as many ideas as possible to tackle a specific problem. However, one of 

lessons learned over the years about brainstorming in GSS is that group participants in 

GSS environment produce many more contributions in the divergent task than do people 

in unsupported meetings (Nunamaker, Jr.; Briggs et al. 1996). Thus, electronic 

brainstorming tools in GSS are in effect a double-edged sword. On one hand, electronic 

brainstorming tools in GSS successfully enable creativity in generating ideas; on the 

other hand, there is an overwhelming amount of information generated, thus leading to 

information overload problem during idea organization.  

Two key benefits of GSS may explain the information overload problem: parallel 

contribution and anonymity (Nunamaker, Dennis et al. 1991).  

With parallel communication in GSS tools, all participants can contribute 

simultaneously to one shared repository while they can also instantaneously view 

contributions of any one user through their own computer screens. The distinct feature of 

parallel communication in GSS frees participants from the limitations of take-turns 

approach in conventional face-to-face meetings in three ways as identified by previous 

research: (1) participants who have ideas to contribute may have to wait, but may forget 

or suppress them because they may not be relevant later; (2) while waiting to contribute 

an idea, participants may focus on remembering that idea instead of generating new ones; 
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(3) participants may focus on listening to others’ ideas rather than contributing their own 

(Jablin and Seibold 1978; Diehl and Stroebe 1987). With parallel communication, 

participants do not have to take turns to contribute their ideas, thus effectively inputting 

as many ideas as they have without the above-mentioned three adverse effects as seen in 

conventional face-to-face meetings.   

Anonymity helps remove contribution barriers related to personalities, thus leading 

to more idea contributions. In conventional face-to-face interactions, every idea 

contribution can be traced directly to its contributors; with this in mind, some participants, 

especially those with low status, may tend to withhold ideas for fear of negative 

evaluation or for intended or unintended pressure to conform (Hackman and Kaplan 1974; 

Diehl and Stroebe 1987). With anonymity, GSS in effect encourage more contributions 

from participants, who can freely express their ideas.  Therefore, with GSS removing 

barriers of idea contribution, participants tend to generate more ideas in GSS 

brainstorming sessions than conventional face-to-face environment.  

To sum up, the characteristics of parallel input and anonymity associated with 

electronic brainstorming in GSS help create a situation where hundreds of lines of text in 

a short period of time can be generated. Typically, for a brainstorming session of 10-20 

participants, comments can easily reach one hundred and sometimes may even number in 

several hundred comments in less than an hour. The large amount of textual comments 

makes it extremely difficult for group participants to browse and consolidate into 

important topic categories.  
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2.4.1.2 Cognitive Demand 

In addition to information overload, huge cognitive demand on group participants is 

clearly present during idea organization. As a convergent task, idea organization is more 

demanding cognitively than the divergent task of brainstorming. In brainstorming, group 

participants express their thoughts through their own words, which is more natural for 

individual participants. However, considerable cognitive demand is required in order to 

complete an idea organization task.  

An important part of idea organization is to identify ideas conducive to solving the 

brainstorming question. In the beginning of an electronic meeting in GSS, a 

brainstorming question is presented to all group participants as a way to define the scope 

of meeting. Every comment submitted should be relevant to achieving the goal set out in 

the brainstorming question. However, anonymity enabled by the GSS brainstorming tools 

may sometimes lead to comments irrelevant to the brainstorming question. Therefore, 

group participants are required to read and understand each comment, identify relevant 

ones and filter out those irrelevant ones from the brainstorming data. 

Redundant or similar ideas are to be merged into a single general topic. It is 

inevitable that many comments submitted in brainstorming data share the same 

underlying theme or topic. A major responsibility during idea organization is to 

consolidate these synonymous ideas into a common topic, thus making it easier for the 

subsequent stage to conduct rank and order activities. In addition, brainstorming 

comments may contain different levels of abstraction ranging from very general issues to 



 

 

42

very specific issues. Comments that are too general need to be discarded and those that 

are too specific need to be merged.  

Group participants also need to establish shared meaning for the topics in order to 

make sure that they understand the topics in similar ways to avoid confusion. However, it 

is not always easy to establish shared meaning because semantics of terms used during 

discussion may differ depending on the perspectives of different individuals, and may 

also differ in different contexts even for the same individual. Sometimes, the same 

meaning may be expressed using different terms. For example, Furnas et al. found that to 

choose word for objects in five domains, two people chose the same term with less than 

20% probability (Furnas, Landauer et al. 1987). Therefore, the problems with semantics 

may lead to a situation where group participants may have different understanding of 

brainstorming comments. 

In addition, comments from brainstorming tasks are unprocessed raw ideas, which 

may contain many grammatical errors and misspellings. Therefore, group participants 

have to be extra careful in order to understand the comments.  Furthermore, like other 

tasks in group sessions supported by GSS, the idea organization task often has time 

constraints to meet. Therefore, with an overwhelming amount of comments to process, 

group participants may often experience high pressure, which further adds to an already 

high cognitive demand.  

To sum up, idea organization requires considerable attention and cognitive resources 

from group participants. 
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2.4.1.3 Drop in Satisfaction Level during Idea Organization 

The adverse effect of information overload and cognitive demand in idea 

organization can be clearly observed by the sharp drop of satisfaction level for group 

participants at the beginning of idea organization. Figure 2.2 shows changes in 

participants’ satisfaction level over the duration of four types of activities (Chen, Hsu et 

al. 1994). In this figure, the horizontal line describes a typical problem solving sequence 

whereas the vertical axis represents the satisfaction level of the group participants. 

The typical group problem solving sequence conducted under GSS environment is 

depicted in the horizontal line as consisting of four stages; namely, idea generation, idea 

organization, prioritizing and policy development.  
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Figure 2.2 Satisfaction Levels over Time for the Collaboration Stages 

The first stage in the figure is idea generation, which takes about an hour to complete. 

Although the actual time spent may vary from session to session, the relative duration 

compared with other stages in the figure may hold true in most sessions. It is observed 

that the satisfaction level increases over time during idea generation. That is, group 

participants feel increasingly satisfied because they feel that their efforts are well spent 

when more and more ideas are generated over time. The high output of brainstorming 

ideas is mainly due to process gains such as parallel input and anonymity provided by 

GSS.  

In contrast, idea organization, the second activity, takes one and a half times longer 

than idea generation. This increase in time length is accompanied by a sharp drop in 

satisfaction level immediately after the completion of idea generation and just at the 

beginning of idea organization. Group participants realize that they have to read, 

understand and organize all brainstorming comments into topic categories. Faced with 

information overload and cognitive demand problems as explained previously, group 

participants have to take a long time working extremely hard to converge and organize 

ideas into key topics. Unlike the divergent task fully supported by various brainstorming 

tools in GSS, idea organization has very limited support provided by GSS, which leads to 

decreased satisfaction level among group participants who have to tackle information 

overload and cognitive demand problems on their own. The satisfaction level keeps 

dropping while group participants begin to come up with topic suggestions, consolidate 

duplicate topics, merge topics that are too specific and discard topics that are too general. 
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As a manageable list of important topics takes shape, the satisfaction level starts to 

increase over time.  

The third stage in the figure is prioritization, which allows group participants to rank, 

order and vote the solutions to the brainstorming question based on the manageable list of 

topics obtained from idea organization. The figure shows that the prioritization activity 

takes half as long as the brainstorming activity and one third of the time required for idea 

organization activity. The satisfaction level increases over time during this stage because 

group participants could easily rank, order and vote their best solutions with adequate 

support for prioritization provided by various tools in GSS. 

Policy development, the last stage in the figure, allows group participants to 

formulate a feasible policy based on the evaluations of possible solutions obtained from 

prioritization stage. Policy development ranges from one to two hours in duration 

depending on the context of the problem. Satisfaction level increases over time and 

reaches the highest point during this stage. 

In conclusion, the sharp drop in satisfaction level as depicted in figure 2.2 draws 

attention to the inadequate cognitive support in idea organization stage. In contrast to the 

rise in satisfaction level in other stages, idea organization has seen a sharp decline in 

satisfaction level as group participants struggle to tackle an overwhelming amount of 

textual data in the absence of cognitive support in GSS. Though much of previous 

research has been focused on divergent activities, there has been limited research 

conducted on idea organization (Briggs, Vreede et al. 2003). As seen from the idea 

organization stage in figure 2.2, one crucial way to reverse the drop in satisfaction level is 
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to have a manageable list of topics during idea organization to show to group participants 

rather than have them face an overwhelming amount of comments. Importantly, figure 

2.2 also demonstrates the need to shorten the time period during idea organization. 

 

2.4.2 Facilitation Support to Help Idea Organization 

With the cognitive complexity of idea organization activity and the information 

overload problem, several group facilitation techniques can be employed to facilitate idea 

organization during collaboration. A variety of ways of facilitating idea organization 

tasks have been introduced in previous research (Orwig, Chen et al. 1997). 

Given that much of the problem associated with idea organization is due to the large 

volume of brainstorming comments generated, one possible technique is for the facilitator 

to reduce the production of brainstorming comments to a manageable amount. For 

example, facilitators may try to limit the use of brainstorming tool in GSS. In order to do 

that, the facilitator may set a manageable threshold for the number of brainstorming ideas 

allowed in each session depending on the nature of the problem and the number of group 

participants. When the threshold is reached, the facilitator may stop the brainstorming 

function manually. Alternatively, depending on the nature of the problem, the facilitator 

may choose to avoid using the brainstorming function completely by opting for more 

structured tools such as topic commenter or group outliner in GroupSystems. However, 

previous research has shown that parallel input and anonymity features of electronic 

brainstorming can lead to increased creativity among group participants. Therefore, the 
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drawback for not utilizing parallel input and anonymity of electronic brainstorming to the 

fullest extent may be the decrease in the number of creative ideas generated. 

Facilitation support can also be used to reduce the information overload.  One 

possibility is to ask group participants themselves to suggest which topics to be included. 

Group participants make the suggestions based on their contributions and their 

understanding of others’ contributions. In essence, this method is easy to follow and 

reduces information overload by dividing the workload among group participants. 

However, this approach may not be able to involve all participants in the group. Some 

participants may be very active to suggest topics while others may not. Therefore, the 

topic list generated may be biased and not representative of all ideas generated. In 

addition, participants may not read all comments so their understanding of comments is 

limited. 

Alternatively, the facilitator could divide up the work evenly among all group 

participants by assigning each group participant an equal number of comments. This 

divide and conquer approach can make the best use of human resources without relying 

on any particular person. Each participant can then generate a topic list for his or her own 

set of comments. Then topic lists may be collected from all participants and presented to 

all participants for a final round of idea organization. However, topic lists collected from 

all participants may still be very large if each participant generates around 5 topics. For a 

20-participant group, an average of 5 topics each could lead to 100 topics for the final 

round, which are still a large amount of information to process. Furthermore, the division 
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of work may inevitably lead to more chances of redundancies among topics, which may 

take group participants more time to merge redundant ideas. 

Similarly, for idea organization, the facilitator may ask each group participant to 

propose one topic, which may add up to a list of topics. Then it is up to group participants 

to evaluate each of these topics to determine the appropriateness with respect to solving 

the problem at hand. However, since each participant is to suggest one topic, it is highly 

possible that some important topics might be overlooked while there might be more 

chances of redundant topics because it is prone for group participants to suggest the 

obvious topics. 

Another possible approach is for the facilitator to devise topics while group 

participants are busy with brainstorming activity. Time could be saved this way because 

the facilitator is using the time during brainstorming to come up with a topic list. 

However, this approach leaves the work of topic generation solely to the facilitator, who 

could otherwise perform other important facilitation tasks such as monitoring the 

brainstorming activity. Furthermore, since comments are submitted very fast via 

electronic brainstorming, it is very difficult for the facilitator to catch up with all the ideas 

generated. If the facilitator is not expert on the domain of the discussion, he or she may 

have to spend extra time digesting and understanding the ideas to come up with a topic 

list and the quality of the list generated may not be limited.  

Despite the usefulness of the above-mentioned various facilitation support to 

improve idea organization, it is known that experienced human facilitators may not be 

always available (Nunamaker, Briggs et al. 1996; Niederman 1999; Wong 2003). In some 
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cases, human facilitators may be too involved in participation, which may lead to failures 

(De Vreede, Davison et al. 2003). Therefore, there should be other ways that can be used 

to mitigate the adverse effect of information overload and cognitive demand, which lead 

us to automatic idea organization. 

 

2.4.3 Need for Automatic Idea Organization 

As explained in the previous section, GSS provide various software tools that can be 

employed to support individual steps in a collaboration process. For example, 

GroupSystems contain tools such as electronic brainstorming, topic commenter and 

group outliner to support divergent activities. For idea organization, tools like idea 

organizer, issue analyzer and group writer can be used. While divergent tools prove very 

useful in divergent activities, GSS do not have effective tools available to help group 

participants reduce information overload and cognitive demand associated with idea 

organization in GSS. Current tools associated with idea organization rely exclusively on 

participants to manually classify all comments into topic categories with little or no 

support to help participants reduce the high cognitive demand.  

Although facilitation techniques can be used to reduce the adverse effect of 

information overload and cognitive demand problems, it should be noted that these 

facilitation techniques themselves are insufficient. Therefore, automatic idea organization 

is needed to overcome the following problems associated with idea organization in GSS. 

As idea organization consists of two components: topic generation and placement of 

relevant comments into their respective topics. Automatic idea organization must achieve 
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automation in both components; that is, on one hand, the system generates topic 

categories automatically; on the other hand, the system automatically places relevant 

comments into their respective topic categories. There are various benefits that can be 

achieved with automatic idea organization as discussed in the following. 

 

2.4.3.1 Reducing Information Overload 

Information overload problem is mainly caused by the effective brainstorming tool in 

GSS. The brainstorming tool in GSS encourages group participants to generate as many 

ideas as possible via methods such as parallel contribution and anonymity. Therefore, 

during idea organization, group participants have to browse through a large volume of 

textual comments data, which are quite overwhelming for them. 

Information overload problem can be completely solved with automatic idea 

organization because group participants do not have to browse through the long list of 

comments, which are directly fed into the automatic idea organization system and results 

can be produced very quickly.  

 

2.4.3.2 Reducing Cognitive Demand 

Various tasks that require constant attention and cognitive power need to be 

performed in idea organization. For example, redundant or similar ideas are to be merged 

into a single general topic; topics that are too general need to be discarded and those that 

are too specific need to be merged. All of these efforts prove cognitively very demanding 

for group participants. 
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Cognitive demand can be reduced, if not eliminated, with automatic idea 

organization because group participants do not have to use their attention resources in 

processing cognitive tasks. Instead, the automatic idea organization tool takes as input all 

the brainstorming comments and intelligently processes the data and produces the output 

of idea organization automatically. With the computer-generated output, group 

participants can then further refine the results, a task which demands much less 

cognitively of participants than the task of completing idea organization from scratch. 

  

2.4.3.3 Shortening Idea Organization Time 

There is a trade-off existing between the value of information and the time spent 

searching it (Pirolli and Card 1995). In the case of idea organization, the trade-off means 

that group participants have to spend a lot of time in order to achieve results with good 

quality. Figure 2.2 shows that the time spent for idea organization under GSS 

environment takes one and a half times longer than brainstorming time. Each of the two 

components of idea organization takes a long time to finish. In addition, it is often 

impossible to manually explore all relevant textual comments exhaustively during idea 

organization.  

With automatic idea organization, the computer system can process large quantities 

of textual data much faster than humans can read through. As a result, time spent on idea 

organization will be in minutes or even in seconds, which are significantly shorter than 

the average one and a half hour as shown in Figure 2.2. 
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2.4.3.4 Providing Context to Topics Instantly 

During a GSS-enable group session, group participants manually place relevant 

comments into their respective topic categories after the topic list is finalized, thus 

providing meaning and context to the topics generated. However, when the topics are 

generated, the context or meaning of the topics are not immediately clear because they 

are mostly captured in participants’ own minds as they come up with the topics. 

Therefore, there may be discrepancy between the topics and the context provided after 

the topics are generated. 

Automatic idea organization can instantaneously place comments into their 

respective topics immediately after topics are generated. What group participants will see 

are not only a topic list but also a series of comments associated with each topic. With 

context provided to each generated topic, automatic idea organization helps clarify the 

meaning of topics generated and makes it easier for group participants to understand the 

generated topics. 

 

2.4.3.5 Eliminating Bias 

In order to identify appropriate topics, group participants typically browse 

brainstorming comments data in a serial manner. Therefore, the topics generated may be 

biased towards comments near the beginning of the comments list. In addition, the 

contribution of topics may not be evenly spread among group participants with some 

participants very active and others not. Thus, the topic list may be biased towards those 

active participants. 
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With automatic idea organization, all comments are processed in the same manner 

without bias as seen in manual idea organization. 

To sum up, the problems surrounding idea organization such as information overload 

and cognitive demand make it crucial to automatically classify a large amount of raw 

brainstorming comments into meaningful topic categories and place relevant comments 

into their respective topic categories. Automatic idea organization helps relieve group 

participants from the labor-intensive job of manually processing comments.  

In fact, automatic idea organization can be mapped into groupware grid to show its 

usefulness. As explained in previous sections, groupware grid is used to show each cell 

with examples of the kind of support available for a particular process at a particular level 

of work. Table 2.7 shows that an automatic idea organization tool can be considered to be 

useful in improving information access during a concerted effort (Nunamaker, Jr.; Briggs 

et al. 1996). That is, an automatic idea organization tool is necessary if we want to 

improve information access at the concerted level so as to offset the huge costs of 

manually acquiring, storing, processing, and retrieving information. In addition, given 

that a person’s attention resources are limited, time and cognitive power saved by an 

automatic idea organization can also be used towards future stages of GSS to achieve 

more productivity improvements.  

 
 
 
 
 

2.5.3 An Example of Group Problem Solving in GSS 
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Table 2.7 Classification of Benefits from Group Support Systems 

Therefore, the objective of this research is to develop an automatic idea organization 

tool and evaluate its performance. In the next chapter, a literature review is performed to 

determine the level of understanding in terms of automatic idea organization in previous 

research. 
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CHAPTER 3: RELATED LITERATURE 

Brainstorming comments are essentially textual documents. Each individual 

comment can be considered as a separate document.  One important characteristic of idea 

organization is that there is no prior information on what the topic categories are. 

Therefore, automatic idea organization can be regarded as an unsupervised document 

clustering problem and thus calls for adopting document clustering techniques to 

automate idea organization with textual input from brainstorming comments. Specifically, 

the automation process requires the completion of the two important components of idea 

organization: automatic generation of topic categories with labels showing the content 

and automatic placement of relevant comments into their respective topic categories.  

There have been several limited studies on automatic idea organization using neural 

networks like Hopfield network and Kohonen’s network. These techniques to 

automatically generate topic categories have been drawn from a larger body of literature 

closely related to document clustering. Therefore, in order to apply appropriate technique 

to automate idea organization from electronic brainstorming data, it is necessary to first 

conduct a review of literature on document clustering. In addition, before any clustering 

techniques can be applied, a proper way of preprocessing, feature selection and document 

representation has to be determined.  

This chapter discusses related literature on preprocessing, feature selection and 

document representation, followed by related literature on document clustering. Finally, 

several related studies on automatic idea organization are discussed.  
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3.1 Preprocessing 

The objective of preprocessing is to convert the raw textual documents into a form 

suitable for further document clustering algorithms. A number of text processing 

techniques have to be taken to automatically preprocess textual documents as follows: 

• Word Identification: Word identification is used to extract terms from the text of a 

document. Terms represent the semantic content of a document. Thus, the 

extracted terms from all documents can then be used to index the entire document 

collection. The simplest way to extract terms is to make the algorithm recognize 

white spaces as term delimiters and certain punctuation marks such as “?” as 

sentence delimiters. More sophisticated techniques are often needed to deal with 

special characters such as digits and punctuation marks that do not contribute to 

the meaning of textual documents (Baeza-Yates and Ribeiro-Neto 1999). 

• Stop Words Removal:  Stop words, also known as function words, are terms that 

are too general and have no identifying meaning. Examples of stop words are 

“the”, “this”, “I”, etc. Since these stop words often occur frequently in most 

documents, they have very limited discrimination power and thus are not very 

useful in textual processing. Therefore, it is often necessary to have stop words 

removed. The application of stop words removal can often lead to a reduction of 

40% or more in the size of an inverted index (Baeza-Yates and Ribeiro-Neto 

1999). 

• Stemming: A stem is a portion of a word that remains after removing its affixes 

including suffixes and prefixes. When stemming is performed, different 
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grammatical formats of a word can be reduced to a single base form. For example, 

‘listened’ and ‘listening’ can be reduced to the word ‘listen’. There are a number 

of stemming algorithms available for English language, of which Porter stemmer 

is the most commonly used (Porter. 1980).  

 

3.2 Feature Selection and Document Representation 

With preprocessing completed, the next step is to determine what features to use in 

the final representation of documents. There are two major reasons for feature selection. 

One reason is to limit the number of features so as to increase time efficiency of the 

algorithm. The other reason is to help remove noise from the text so that a higher 

accuracy of result can be achieved. A variety of feature selection methods have been 

proposed in the literature that includes simple frequency threshold algorithm and more 

complex information theoretic algorithms (Tao Liu 2003).  

Document representation describes the number of clusters, the number of available 

documents, and the number, type and scale of the features available to the clustering 

algorithm (Jain, Murty et al. 1999). The most commonly used method for document 

representation is the vector space model (Salton 1989). In this model, each document is 

represented by a multidimensional feature vector with length equal to the number of 

unique document attributes in the entire document collection. Each component of the 

vector refers to a particular term feature associated with that document. A weight is 

associated with each component of the feature vector, which indicates the importance of 
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the particular attribute in representing the document. That is, the weight represents the 

degree of the relationship between the term feature and the document that carries the term.  

Past research has proposed a variety of ways to measure the degree of relationship 

between a term feature and a document, often called term weighting. The simplest 

method is binary weighting, in which the weight can take the form of a binary 

representation consisting of either 0 or 1 depending on whether the term attribute occurs 

in the document or not. A more advanced method is term frequency (tf), which indicates 

the frequency of occurrence of an attribute in the document. Term frequency is more 

accurate than binary weighting by showing the strength of the relationship between the 

term and the document. Another improved term weighting method is the term frequency 

inverse document frequency (tf-idf), which is to give each term a weight based on the 

frequency of occurrence of the attribute in the entire document collection rather than just 

one document. The rationale is to balance the local and global term occurrences in the 

documents by deemphasizing terms that appear frequently in many documents because 

they may have limited discrimination power.  

 

3.3 Related Research on Document Clustering 

A cluster can be defined as “a set of entities which are alike and entities from 

different clusters are not alike” (Everitt 1974). As one major kind of data mining 

techniques, data clustering is the unsupervised partitioning of a data set into clusters of 

similar objects. The result of clustering is that the data in each cluster share some 

common features based on some defined distance measures. One essential characteristic 
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of generated clusters is that each cluster has objects that are similar to each other and very 

different from objects in other clusters (Rasmussen 1992).  

The idea of clustering originally comes from statistics and only applies to numerical 

data. Increasingly, other types of data such as text and multimedia are used in data 

clustering. The objective of document clustering is to summarize and organize text 

documents by aggregating similar documents into clusters optionally with a high-level 

summary of each cluster. Good document clustering produces clusters where documents 

within one cluster are more similar to each other than documents in other clusters. That is, 

every cluster has one topic shared by all documents in that cluster and topics in different 

clusters are different from each other. With automatic document clustering, there is no 

need to browse through the entire document collection to understand each document. 

Document clustering research is very relevant to automatic idea organization. Similar 

to document clustering, automatic idea organization deals with text-based brainstorming 

comments. Each comment generated in the brainstorming session can be thus treated as a 

document. Also similar to document clustering, idea organization is aimed to organize 

comments into meaningful topic categories with thematically similar documents grouped 

under one topic category. Therefore, it is the document clustering algorithm that should 

be regarded as the foundation upon which our automatic idea organization system is built. 

It should be noted that there is a difference between clustering and classification 

from the perspective of data mining. Classification is a supervised process where a 

collection of pre-classified training data is given in advance and the task is to classify a 

new data item into its appropriate class. The training data provided is typically used to 



 

 

60

learn the description of classes. The knowledge learned through training is applied 

towards classifying new data. In contrast, clustering is an unsupervised process where a 

collection of unlabeled data is partitioned into distinct clusters. Unlike in supervised 

classification, there is no prior information about the data in unsupervised clustering. 

Past research on document clustering has focused on developing various algorithms 

to cluster traditional documents. Increasingly, these algorithms have been applied to web 

documents clustering. In the following, we discuss several approaches to the problem of 

document clustering.  

 

3.3.1 Classic Document Clustering Methods 

According to clustering methods used, document clustering approaches can be 

roughly classified into the following categories: hierarchical, partitional, graph-based, 

and neural network-based. One important characteristic of all these methods is that all 

these methods obtain clusters of documents first based on numerical comparisons and 

then often generate cluster labels by selecting the most significant terms with each cluster. 

All these algorithms require vector space model and some forms of distance measures to 

be used to calculate similarity between objects to be clustered. Past research has 

identified a variety of distance measures (Anderberg 1973; Jain and Dubes 1988). Some 

of the most commonly used measures include cosine coefficient, jaccard coefficient and 

dice coefficient, of which cosine coefficient is the most frequently used measure that 

computes the cosine of the angle between the two feature vectors. More on the similarity 

measures can be found in (Willett 1988; Strehl 2000).  
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3.3.1.1 Hierarchical Clustering 

Hierarchical clustering generates a nested series of partitions based on a criterion for 

merging or splitting clusters using similarity measures. The similarity between each pair 

of documents is stored in a similarity matrix. Clusters can be either merged using 

agglomerative methods or divided using divisive methods. Hierarchical clustering 

produces a tree-like structure called dendrogram with a top cluster including all the 

documents in the collection and many bottom clusters with one document in each of them. 

Clusters are derived by choosing an appropriate level of the dendrogram. The 

dendrogram is particularly useful when retrieval is performed on a clustered set of 

documents because dendrogram provides the paths through which the retrieval can be 

conducted (Rasmussen 1992).  

Agglomerative hierarchical clustering (AHC) algorithms are the most common 

methods used for hierarchical clustering.  In order to compute the similarity between two 

clusters, the hierarchical agglomerative clustering algorithms may use the following 

methods: 

• Single link: single link algorithms compute the similarity between two clusters 

as the similarity between the two most similar documents with one in each 

cluster. Example of single link algorithms include Rijsbergen's algorithm 

(Van Rijsbergen 1979), SLINK (Sibson 1973), Minimal Spanning Tree 

(Rasmussen 1992) and Voorhees's algorithm (Voorhees 1986). 
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• Complete link: complete link algorithms compute the similarity between two 

clusters as the similarity between the least similar documents with one in each 

cluster. Examples of complete link algorithms include CLINK algorithm 

(Defays 1977) and Voorhees’s algorithm (Voorhees 1986). 

• Group Average: group average algorithms compute similarity based on all 

similarities between documents, thus avoiding the pitfalls of the single-link 

and complete-link criteria, which equate cluster similarity with the similarity 

of a single pair of documents. Examples of group average algorithms include 

Voohee’s group average algorithm (Voorhees 1986) and Steinbach et al.’s 

algorithm (Steinbach, G. Karypis et al. 2000). 

• Centroid/Median Methods: As each cluster is generated, it is represented by 

the group centroid or median. During clustering, the two clusters that have the 

most similar mean centroid or media are merged. The median method is 

different from the centroid method in that the median method is not weighted 

proportionately to the size of the cluster. 

• Ward’s Method: this method is different from all the methods mentioned 

above because it uses an analysis of variance approach to compute the 

distance between clusters. For any two clusters that can be formed at each step, 

this method attempts to minimize the increase in the total within-group error 

sum of squares based on the distance between the cluster centroids. Examples 

are the reciprocal-nearest neighbor algorithm (Murtagh 1983) and its modified 

version for document clustering (El-Hamdouchi and Willett 1986). 
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3.3.1.2 Partitional Clustering 

Partitional clustering, also known as non-hierarchical clustering, directly partitions 

the data into a predefined number of disjoint clusters. A major characteristic of partitional 

clustering is the use of a global criterion function. The objective of the criterion function 

is to optimize different aspects of intra-cluster similarity, inter-cluster dissimilarity and 

their combinations. Typically the global criteria involve minimizing some measure of 

dissimilarity in the samples within each cluster, while maximizing the dissimilarity of 

different clusters. Partitional clustering algorithms consist of iterative or reallocation 

methods and single pass methods.  

One of the most commonly used partitional clustering algorithms is k-means, which 

is an iterative clustering algorithm in which clusters are built around k central points 

called centroids. The algorithm starts with selecting k centroids and computing the cosine 

similarity measure between each document in the collection and the centroid. Each 

document is then assigned to the cluster with the nearest centroid. With all documents 

assigned to clusters, the algorithm recalculates the new cluster centroid and the process 

continues iteratively until some criterion is met. Spherical k-means is a variation of the k-

means algorithm in which all centroids are normalized to have unit length. Examples of 

different variations of the k-means include ISODATA (Jain, Murty et al. 1999) and 

bisecting k-means (Steinbach, G. Karypis et al. 2000). Buckshot-fractionation algorithm 

is another partitional clustering algorithm used in the Scatter/Gather system to cluster 

web search results by D. Cutting (Cutting, Karger et al. 1992).The objective of buckshot-
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fractionation algorithm is to find the initial cluster centers and then obtain the clusters by 

assigning each document to its nearest center. The single pass method proposed by 

Rasmussen is another example of partitional clustering algorithm in which one pass of 

data forms the clusters without iteration (Rasmussen 1992).  

These partitional clustering algorithms are simple to implement and very low in 

terms of computational complexity. However, the result of clustering depends on many 

parameters such as the predefined number of clusters, the selection of initial cluster 

centroids.  

 

3.3.1.3 Graph-based Clustering  

When graph is used to cluster documents, nodes are used to represent documents and 

edges to represent the relationship between them. Each edge has a weight indicating the 

strength between two documents. As the main method used in graph-based cluster 

algorithms, graph partitioning forms clusters by removing edges from the graph in order 

to minimize the weights of the edges that are cut. By cutting edges that have the 

minimum sum of weights, the algorithm minimizes the similarity between documents in 

different clusters. The result of cutting edges is to make the weights of the edges in the 

same cluster greater than the weights of the edges in different clusters, and thus related 

documents are placed in the same clusters.  

There are a variety of graph-based ways to cluster documents that may vary 

according to the way how the graph is constructed and the graph partitioning algorithms. 

For example, Chameleon adopted k-nearest neighbor approach for a graph-based 
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representation of documents (Karypis, Han et al. 1999). With the k-nearest neighbor 

approach, an edge is constructed between two documents if either of the documents is 

among the k most similar documents of the other document. Then a graph partitioning 

algorithm, hMETIS, is applied to find the clusters. Finally, a hierarchical agglomerative 

clustering algorithm and a dynamic model are used to further cluster the results to 

determine the similarity between two clusters. Given that a hierarchical agglomerative 

cluster is used in addition to the graph-based method, Chameleon’s algorithm is a hybrid 

document clustering algorithm.  Another example of graph-based document clustering is 

Association Rule Hypergraph Partitioning (ARHP) (Boley, Gini et al. 1999). ARHP 

algorithm is based on hypergraph, which is a variation of a graph where each hyperedge 

can connect more than two nodes. As a result, a frequent item set can be formed with 

hyperedges connecting a set of nodes together, representing the relationship between two 

or more documents. Typically, a frequent item set includes documents that share common 

terms. An association rule discovery algorithm is used to determine the frequency item 

set in the document collection and to give weight to the hyperedge. Then a hypergraph 

partitioning algorithm is applied to partition the hypergraph to get the clusters. Other 

graph-based document clustering approaches include Dhillon’s algorithm that applies 

iterative bipartite graph partitioning (Dhillon 2001).  

There are both advantages and disadvantages for graph-based methods. The 

advantages are that these approaches can represent the structure of the data and work 

effectively in high dimensional space. However, the graph constructed takes a lot of 

memory to store.  
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3.3.1.4 Neural Network Clustering 

Neural networks are inspired by nervous systems consisting of closely 

interconnected sets of neurons. One neuron may be limited in terms of its simple 

structure, but dense networks of interconnected neurons could perform complex tasks 

such as pattern recognition and classification. Therefore, neural networks are created to 

imitate the type of nonlinear learning that takes place in the networks of neurons found in 

nature.  

One of the major features of neural networks is that a neural network can “learn” to 

the extent that its performance can be adjusted to fit a known set of data characteristics. 

In unsupervised learning like document clustering, inputs data are fed into the input 

nodes of a neural network, which then uses its learning rule to adjust the weights so that 

inputs data are clustered based on their statistical properties (Rumelbart, Hinton et al. 

1986; Dalton and Deshmane 1991).  

The Kohonen’s network represents a type of self-organizing maps (SOM) and is a 

widely used unsupervised neural network model (Kohonen 1989). The goal of self-

organizing maps is to convert a complex high-dimensional input signal into a simpler 

low-dimensional map (Haykin 1990). Therefore, SOM can be used to uncover underlying 

hidden patterns among documents and thus are suitable for cluster analysis. Previously 

SOM has been used for classifying textual documents for information retrieval (Lin, 

Soergei et al. 1991). Another example of neural network clustering is the hierarchical 
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feature map, which uses a hierarchical organization of more than one self-organizing 

maps for clustering (Merkl 1998). 

Specifically, SOM divides the output nodes into clusters of nodes such that nodes 

close to each other are more similar to each other than to nodes that are farther away. 

Unlike most neural networks, SOM has no hidden layer, but one input layer and one 

output layer in the shape of a two-dimensional grid (Caudill 1993; Hiotis 1993). The 

input layer consists of input nodes representing a collection of documents whereas the 

output layer has output nodes corresponding to clusters. Each node of the output layer 

also has the same number of features as the input nodes. The network is fully connected 

in the sense that every node in the input layer is connected to every node in the output 

layer. The data from the input layer is passed directly to the output layer. Each 

connection between input and output nodes has a weight which is initialized randomly to 

a value between zero and one. Adjusting these weights is very important for the learning 

process. Each node on the output layer is also associated with a 'neighborhood', which 

consists of neurons surrounding it. Self-organizing maps are based on competitive 

learning where the output nodes compete among themselves to be the winning node so as 

to be activated by a particular input node. The result of SOM is a 2-dimenstional space 

where the input documents data are organized into clusters of similarity.  

 

3.3.2 Phrase-based Methods 

The above-mentioned classic document clustering methods put main focus on 

generating clusters of documents based on comparison of numerical measures. These 
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methods often describe each generated cluster of documents with its most frequent terms; 

for example, the two most frequent terms from each cluster of documents may be used as 

labels for that cluster. Instead of relying on frequencies of individual terms, phrase-based 

methods can describe clusters with phrases that preserve the order of words in documents. 

These phrases are often more intuitive and descriptive of the cluster contents than a 

combination of single terms. Phrase-based methods assume that the topic category of a 

document is closely correlated with its most frequent phrases. Therefore, finding clusters 

of documents can be converted to finding groups of documents that share a high 

percentage of frequent phrases, which can then be used to describe the cluster 

One prominent example of phrase-based methods is suffix tree clustering, which was 

originally developed to cluster web search results (Zamir and Etzioni 1998). Specifically, 

the algorithm first constructs a tree structure which represents shared suffixes between all 

documents. These shared suffixes are used to identify base clusters of documents, which 

are then combined into final clusters. Another study done by Hammouda and Kamel 

proposed document index graph to encode word order information and define similarity 

based on matches in word order (Hammouda and Kamel. 2004). The algorithm represents 

each word as a vertex in a directed multigraph. Each vertex keeps track of a table of 

documents in which the word is present and information on how a sentence forms along a 

sequence of edges. Phrases are formed by following the directed edges in the graph. In 

addition to phrases used to capture word order information, a weighted average method is 

adopted in both studies to combine term frequency and word order similarities. The 

results of both studies showed that word order information along with word frequency 
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can improve clustering accuracy. However, since both studies require the construction of 

trees or graphs to capture word order information in phrases, they are more expensive 

than classic document clustering methods in terms of efficiency. 

 

3.3.3 Dimension Reduction Methods 

Various kinds of matrix factorization techniques are often called dimension 

reduction methods, which have been used to reduce the dimension of the term-document 

vectors in information retrieval systems. These matrix factorization techniques such as 

principal component analysis (PCA), singular value decomposition (SVD), and non-

negative matrix factorization (NMF) have proven efficient in information retrieval tasks 

because they can reduce the number of dimensions used to represent documents by 

multiple orders of magnitude with manageable error.  

One of the most important dimension reduction methods used in document clustering 

is singular value decomposition, which is the mathematical logic underlying Latent 

Semantic Indexing (LSI) introduced by G. Golub and W. Kahan to calculate the singular 

values, pseudo-inverse and rank of a matrix (Golub and Kahan 1965; Berry, Dumais et al. 

1995). Singular value decomposition is performed on the original matrix A by breaking it 

up into three components in the form of the following: A ≈ Ur ×  Sr × T
rV , where U and V 

are orthogonal matrices that are referred to as the left and right singular vectors of A 

respectively. S is a diagonal matrix that contains the singular values of matrix A. 

Subscript r represents the rank of A. With the singular values sorted in decreasing order, 

the truncated SVD can be used to project the original matrix A onto a k-dimensional 
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space in the form of Ak = Uk ×  Sk × T
kV , which can be considered as the rank k 

approximation of A. In the new approximated Ak, Sk is a diagonal matrix that contains 

the k singular values along the diagonal line with higher value of k representing the 

closer approximation of Ak to the original matrix A.  

More recently, dimension reduction methods such as SVD have been not only used 

to reduce dimensions in information retrieval, but also utilized directly as clustering 

methods on their own. These methods use decomposed orthogonal vectors to create 

clusters and use terms or phrases to generate cluster labels. For example, the Semantic 

Online Hierarchical Clustering (SHOC) is an algorithm that used singular value 

decomposition to generate clusters and use phrases to as labels for generated clusters 

(Zhang and Dong. 2004). Similarly, Lingo is a description-first approach that used 

singular value decomposition algorithms to cluster web search results (Osinski, 

Stefanowski et al. 2004).  

 

3.4 Related Research on Automated Idea Organization 

There has been limited research on automating idea organization from brainstorming 

comments in GSS (Chen, Hsu et al. 1994; Chen, Schuffels et al. 1996; Orwig, Chen et al. 

1997). These studies have applied neural network algorithms including Hopfield network 

and Kohonen’s self organizing maps described earlier.  

 

3.4.1 Hopfield Network 
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A Hopfield network algorithm has been used for topic classification of electronic 

brainstorming comments (Chen, Hsu et al. 1994). The focus of Hopfield network is to 

cluster topics rather than documents. The clusters of topics serve as textual descriptors for 

the underlying topic categories in the comments. 

The algorithm consists of three stages: automatic indexing of the electronic 

brainstorming comments, topic space generation and classification using the Hopfield 

neural network. The objective of topic space generation is to construct a matrix of term 

descriptors with their weighted relationship. Then the Hopfield network activation 

procedure is used to find clusters of relevant descriptions of the topic space through their 

weighted connections. During the process, each term in the topic space matrix is regarded 

as a neuron and the asymmetric weight between any two terms is treated as the 

unidirectional and weighted link between neurons. An information loss analysis is 

performed to reduce the number of terms used in Hopfield network analysis. The 

Hopfield network algorithm then uses each remaining term as an input pattern, activates 

its neighbors, and combines weights from all associated neighbors. The algorithm 

continues this process repeatedly until the output pattern converges. The result produces 

terms that are semantically relevant to the input term. This process is repeated one by one 

for all the terms based on their decreasing occurrence frequencies. When all terms are 

processed through the Hopfield network, related clusters of topic are identified for the 

electronic brainstorming comments. Experiments compared the output of their algorithm 

with human experts and novices and found that the Hopfield algorithm performed as well 
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as the novices but two human experts outperformed the novices and Hopfield classifier 

significantly. 

 

3.4.2 Kohonen’s Self-organizing Map 

Kohonen’s SOM has also been applied to classify important topics for electronic 

brainstorming comments (Chen, Schuffels et al. 1996; Orwig, Chen et al. 1997). During 

the process, automatic indexing is first performed to represent each comment. The result 

is transformed into a form compatible with the Kohonen input. Each vector in the 

transformed input file represents a comment with each vector position representing a term. 

The value of each vector value is '1' if the term that it represents is contained within the 

comment and '0' otherwise. The Kohonen algorithm consists of four steps: map 

initialization, map training, quantization error computation and map visualization.  

Each comment is treated as an input vector with its most frequently occurring terms 

as coordinates. A coordinate is set to 1 if the comment has the corresponding term and 0 

if there is no such term. A two dimensional map is used as the output. Each node in the 

input layer is equivalent to a comment. The connections between the input layer and the 

output layer represent the weights. The Kohonen algorithm first initializes the output 

layer. The weights connecting the inputs to the output layer are initialized to small 

random values while neighborhood type and size are also initialized. Then each 

document in the input file is fed into the network, followed by the computation of the 

distance between this input vector and each output node. The node on the output grid 

with the minimum difference is the winning node, which is used as the center of the 
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neighborhood. With the winning node identified, the weights for the minimum node and 

all of the nodes in its defined neighborhood are then adjusted. After the updates, the input 

vector becomes more similar to the neighborhood of the winning node. After repeated 

input of all documents to the network with each document presented at least five times, a 

winning term is assigned to each output node by choosing the one corresponding to the 

largest weight.  Neighboring nodes that contain the same winning terms are merged to 

form a topic region. Finally, each document is submitted as an input to the trained 

network again in order to be assigned to a particular topic region in the map. The result of 

the self-organizing map algorithm is a 2-dimensional map with relevant comments 

assigned to regions of important topics. In addition, the map presents the topic regions in 

such a way that related topics are co-located on the output map.  
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CHAPTER 4: REMAINING PROBLEMS AND RESEARCH METHODOLOGY 

Given that automatic idea organization is needed for GSS, it is important to find out 

an appropriate technique to automate idea organization with quality comparable to human 

group participants. This chapter describes remaining problems and the research 

methodology used in this research.  

 

4.1 Remaining Problems 

Literature review has shown that there have been very limited studies on automatic 

idea organization. The only available studies have exclusively focused on applying neural 

networks including Hopfield network and Kohonen’s SOM. Hopfield net (Chen, Hsu et 

al. 1994; Chen, Schuffels et al. 1996; Orwig, Chen et al. 1997). However, one of the 

major drawbacks with SOM and Hopfield network algorithms in processing 

brainstorming comments is that they tend to be very slow due to high computational 

complexity.  When processing brainstorming comments data, the training data often have 

to be presented in several passes and the network can only be gradually improved after 

multiple adjustments to its weights. That is, these neural network algorithms require 

frequent iteration, which may require relatively long time.  For example, when SOM was 

applied to categorizing the output from brainstorming comments, a coffee break of 20-30 

minutes has to be taken for the slow SOM algorithm to produce a result (Orwig 1995). To 

reduce time, information loss analysis are performed to reduce the number of terms used 

in iteration, which result in terms with frequencies over four being excluded from the 

analysis. Therefore, the quality of the results may be potentially reduced with the 
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exclusion of useful terms from the final analysis. In some cases, it is possible that the 

number of remaining terms after information loss filtering is still large and thus makes 

iterations time-consuming and resource-intensive. In addition, these studies focused 

primarily on generating and evaluating topic categories. There has been a relative lack of 

empirical analysis on evaluating the quality of comment placement, which measures 

whether all the comments under a topic category is appropriate to that category and 

whether there are other relevant comments not listed under the assigned category.  

All these studies on automatic idea organization using neural network algorithm 

were conducted in mid 1990s. With the recent advances in document clustering, 

especially in web search results clustering, dimension reduction algorithms such as 

singular value decomposition technique have proven very useful in clustering search 

results (Osinski, Stefanowski et al. 2004; Zhang and Dong. 2004).  

However, despite the success of singular value decomposition in clustering web 

search results, it is net yet known whether it can be applied to automatic idea organization. 

What is also important is that previous research on clustering with singular value 

decomposition adopts a merge-then-cluster approach, which compares a known cluster 

structure to the results of clustering the same set of documents algorithmically. This kind 

of evaluation focuses only on clustering quality, which measures whether the documents 

within a cluster consists only of documents from a single original category. Instead, 

automatic idea organization in GSS is concerned with two different objectives. The first 

and most important objective is to find out whether the topic categories are appropriate 

topics representative of a majority of brainstorming comments. The second objective is to 
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find out whether all the comments under a topic category are appropriate to that category 

and whether there are other relevant comments not listed under the assigned category. 

These two objectives are different from the web results clustering which is only 

concerned about clustering quality. The output of neural network algorithms such as 

Hopfield network and SOM does not always produce desired results when compared with 

human subjects. As a result, it is not known how SVD approach compared with human 

subjects in conducting idea organization. Since neural network algorithms have been 

known to be very time consuming, it is not yet known how efficient SVD can be when 

applied to automating idea organization. 

In conclusion, given the limitations of neural networks approach and the potential of 

SVD approach in automating generation of topic categories and placement of comments 

into their respective categories in a manner that might approach human performance, we 

decided to apply the SVD approach to automating idea organization and evaluate the 

results of automated approach with those generated manually by human subjects. 

 

4.2 Research Question 

The research question is “Can a singular value decomposition approach be used to 

automate idea organization from electronic brainstorming comments in a manner that 

equals to or exceeds the performance of humans?” Since automatic idea organization 

consists of two components: generation of topic categories and placement of comments 

into their respective topic categories, we divide the research questions into two sub 

questions: 
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1. Can a singular value decomposition approach be used to automate generation 

of topic categories in a manner that equals to or exceeds the performance of 

humans?  

2. Can a singular value decomposition approach be used to automate placement 

of relevant comments into their respective topic categories in a manner that 

equals to or exceeds the performance of humans?  

 

4.3 Potential Issues with Automatic Idea Organization 

Previous literature on document clustering was primarily focused on application 

areas such as documents or web search results. However, GSS is a unique application 

domain, which has several unique characteristics that need to be taken into consideration 

when we use singular value decomposition techniques to automate idea organization  

(Chen, Hsu et al. 1994).  

 

4.3.1 Noisy Input 

Unlike textual data in web pages, news stories or other published sources used in 

information retrieval research, brainstorming comments in GSS sessions are more prone 

to errors. Despite the availability of word editors in most GSS, group participants may 

tend to contribute their ideas as fast as they type them rather than proofread them before 

submission. One possible reason may be that since output mechanisms in GSS resemble 

those commonly seen in chat rooms and instant messengers, group participants may 

follow the styles they adopt in those applications and thus rely less upon spell checkers to 
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reduce mistakes in their idea contributions. Time constraints in brainstorming may also 

force participants to type quickly without paying much attention to spelling and 

grammars. As a result, more typos, incomplete sentences and grammatical errors may be 

made. All of these features related to textual data may pose difficulties in designing a tool 

for automatic idea organization.  

 

4.3.2 Domain Independent 

GSS can host any kind of meetings no matter what domain the meeting is involved in. 

Meetings hosted in GSS can cover a variety of subject issues, ranging from a distributed 

software requirements meeting for software engineers to a problem-solving session for 

school administrators. Given the domain-independence of GSS, terms and terminologies 

used in different meeting sessions may vary greatly. Therefore, this characteristic 

precludes the use of domain-specific natural language processing techniques commonly 

used in information retrieval fields.  

 

4.3.3 Time Constraint 

Time efficiency is also an important requirement for idea organization in GSS. A 

meeting in GSS environment typically follows a preset agenda with time allocated to 

each stage of the meeting. Automatic idea organization should be done as fast as possible 

because group participants may still need to further refine the list generated by the system. 

This time efficiency requirement may make unfavorable the algorithms that may require 
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a long time to process, especially those algorithms like neural network techniques that 

may need many iterations. 

 

4.4 Solution – A SVD-enabled System for Automatic Idea Organization 

We need to find an appropriate solution to automatic idea organization that can cope 

with the unique characteristics in GSS. Our system for automatic idea organization is 

designed and implemented by adopting the following techniques covering preprocessing, 

term weight assignment and feature selection, and singular value decomposition. 

 

4.4.1 Preprocessing 

Preprocessing is an important step to extract content from brainstorming comments 

data. The domain-independence makes it difficult to utilize natural language processing 

techniques. Automatic indexing method has proven to be a simple, fast and domain-

independent approach to representing textual content (Salton 1989). Therefore, we 

adopted automatic indexing method to preprocess brainstorming comments data into 

meaningful words.  

 

4.4.2 Feature Selection and Document Representation 

Since each term may vary in terms of its importance in representing a comment, it is 

important to represent each term with appropriate weight.  Of all the term weighting 

techniques, term frequency and inverse document frequency have proven to be very 

useful (Salton 1989). Term frequency allows more weights to be assigned to a term if that 
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term occurs more frequently in a comment. Inverse document frequency gives fewer 

weights to terms that occur more frequently across different comments and thus specific 

terms get higher weights than general terms. Therefore, we followed Salton’s vector 

space model to associate each term with a weight indicating its relative importance. In 

addition, we limited the number of terms used in vector space model by setting up a term 

frequency threshold. In this way, it can help remove noise from our brainstorming 

comments for higher accuracy of topic generation and at the same time increase time 

efficiency of the algorithm  

 

4.4.3 Singular Value Decomposition 

The most important question in our automatic approach is how to derive topic 

categories from brainstorming comments. We decided to apply the singular value 

decomposition approach for this purpose. SVD is an algebraic method of matrix 

decomposition for discovering the orthogonal basis of the original term-document matrix. 

This basis consists of orthogonal vectors that hypothetically correspond to topics present 

in the original term-document matrix. Therefore, a reduced SVD-decomposed term 

document matrix can be used to identify abstract topics. In this research, we applied SVD 

to automate idea organization in GSS by reducing the original number of comments 

vector dimensions into a smaller number of dimensions representing the underlying topic 

categories in comments data. We then used the generated topic labels as key words to 

search for relevant comments that can be placed into their respective topic categories. 
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4.5 Research Methodology 

 

Figure 4.1 Systems Development Multi-methodological Research Approach 

To address the research question, we decided to follow the system development 

methodology (Nunamaker, Jr. et al. 1991), as shown in figure 4.1. System development 

methodology is a multi-methodological research approach with focus on investigating 

information systems phenomena by building and evaluating an IT artifact. The system 

development approach consists of four research strategies including theory building, 

experimentation, observation, and systems development. Of these four research 
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methodologies, no one is sufficient by itself to be the preeminent methodology. Instead, 

the use of multiple methodologies in the research can complement each other. Given the 

complexity of the group support systems, it is necessary to use an integrated multi-

methodological research methodology. 

Following system development methodology, this research started by selecting and 

designing appropriate algorithms, then proceeded to system prototyping and finally 

empirically evaluated our prototype system.  

 

4.5.1 Theory Building 

Theory building is used to develop new ideas, topics, conceptual frameworks, new 

methods or models. The theories generated are important for formulating research 

hypotheses, guiding the design of experiments and conducting observation.  

 

4.5.2 Experimentation 

Experimentation involves the use of research strategies including laboratory and 

field experiments to investigate research hypotheses based on theory. Experimentation is 

guided by theories and facilitated by system development. The outcomes may be used to 

refine theories and improve systems. Experimentations also close the gap between theory 

building and observation in terms of validating the underlying theories and dealing with 

issues such as acceptance and technology transfer. 

 

4.5.3 Observation 
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Observation is used to investigate the phenomenon of interest in order to have a good 

understanding of what is involved in a research domain. Observation can be 

accomplished using various unobtrusive research methodologies including case studies, 

field studies and sample surveys. The result of observation may be useful for researchers 

to design hypotheses to be tested through experimentation or to arrive at generalizations 

for later investigations.  

 

4.5.4 System Development 

System development explores and synthesizes various technologies to produce the 

system, which is an IT artifact central to the system development process. It is the hub of 

research that forms an integrated research program by interacting with other research 

methodologies. This IT artifact that results from systems development serves as the 

important bridge connecting technological research to the social research. Therefore, in 

the multi-methodological approach, system development plays a crucial role in 

understanding the development and use of information systems. During the system 

development process, various difficulties may be encountered, which can in turn be used 

to modify the theories.  

Figure 4.2 shows that there are five different stage during systems development 

including topic design, construction of the architecture of the system, prototyping, 

product development, and technology transfer (Nunamaker, Jr. et al. 1991). 

• Construct a conceptual framework. A conceptual framework is the starting 

point for the system development. Research questions are stated and research 
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objectives are outlined. A framework is provided to guide the entire research 

process. 

• Develop system architecture. System architecture is a blue print for the entire 

systems building process. During this stage, components are defined and 

relationships among system components are specified. System requirements 

and functionalities are defined so that the design and implementation of the 

system are based on the requirements collected.  

• Analyze and design the system. During this step, researchers analyze the 

system requirements to understand the studied domain, apply relevant 

scientific and technical knowledge and propose various alternative solutions 

to the research problem. The results are design specifications used as a 

blueprint for the implementation of the system. 

• Build the system. IS researchers conduct research by building a prototype 

system. With the prototype system, the feasibility of the design and the 

usability of the research project can be demonstrated. While implementing 

the prototype, researchers can gain insights into the topics, the frameworks 

and the chosen design alternatives.  

• Experiment, observe, and evaluate the system. With a system prototype built, 

researchers then use the system to conduct experiments, observation, and 

evaluation of the system to test its performance and usability and observe its 

impacts on individuals, groups, or organizations. The experience gained 
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through experiments, observation and evaluation can be used to further refine 

the system or formulate a new theory to explain the observed phenomena. 

 
 
 
 
 
 
 

Figure 4.2 System Development Stages 
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CHAPTER 5: A SINGULAR VALUE DECOMPOSITION APPROACH TO 
AUTOMATIC IDEA ORGANIZATION  

In this chapter, we discuss the details on how singular value decomposition can be 

applied to automatic idea organization in GSS. 

We based our analysis on a set of brainstorming comments data collected and 

combined from 2 group sessions. Both of these group sessions were conducted in 

GroupSystems and attended by college students to answer the brainstorming question: 

"What can we do to make our student union center a better place in the university?"  

The basic information unit in the brainstorming comments data is a textual comment, 

submitted by group participants as their contribution to solving the brainstorming 

question. A comment is composed of short paragraphs. Given that the two group sessions 

address the same brainstorming question, we are able to combine the comments from two 

sessions into one single data set. There are a total of 138 comments in the combined list 

of brainstorming data with 72 comments from one session and 66 comments from the 

other. Figure 5.1 shows a sample of brainstorming comments from the combined list 

along with the brainstorming question listed at the top. Each comment is assigned a 

number ranging from 1 to 138.  

Some of the characteristics displayed by this brainstorming data set include the 

occurrence of typos (e.g., “fiexible” in comment 2; “communities” in comment 3), 

special abbreviations (e.g., “rec” in comment 75; “high tech” in comment 13), simple 

word or phrases (e.g., “fiscal smart” in comment 15; “versatile” in comment 121), 

incomplete sentences (e.g., “More efficient to operate due to technology” in comment 1, 

“either new construction or renovated with high tech features” in comment 13). Of these 
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characteristics, typos occur most frequently with occurrences in 34 comments out of the 

138 comments. Some comments are vague, e.g., “will extend well beyond the borders of 

the traditional building” in comment 97 whereas other comments are very specific, e.g., 

“Clearly more technology related” in comment 98. The shortest comment is a one-word 

comment “versatile” in comment 121 and the longest comment is one paragraph of more 

than 60 words in comment 67. 

 

 
Figure 5.1 Sample Comments of Combined Brainstorming Data in GSS 

 
5.1 Preprocessing 

We treated each comment in the brainstorming data as a separate document in our 

analysis. We selected automatic indexing to preprocess brainstorming data.  

Brainstorming Question: What can we do to make our student union center a better 
place in the university? 

1      More efficient to operate due to technology 
2      The Union must be diverse and fiexible in it;'s array of conveniences and services
3      As mini communties (and community centers) spring up on campus, some  

  sense of larger community is lost. There will still be place for the traditional    
  union, but the challenge will be to  pull people together in one location vs. the    
  segmentation that decentralized communities bring 

…… 
13    either new construction or renovated with high tech features 
14    But how do we foster viewpoint neutrality when student affairs overall is  
        incredibly left-leaning in a usually unabashed way? 
15    fiscal smart 
…… 
75    Will more likely to be combined with other campus facilities such as Rec/Sports  
        Centers, Housing and Academic/Classroom facilities.  
…… 
120 will develop students to be citizens 
121 versatile  
122 will still rent facilities for meetings, receptions, dinners 
…… 
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5.1.1 Word Identification 

The objective in this step is to identify all meaningful words in each comment. For 

each comment passed as input into our system, we removed all characters that have no 

meaning, which include non-letter characters like punctuations or ‘#’, ‘@’, etc.  At the 

same time, we also removed terms with one character letter and also overly long terms 

that exceed 20 characters. Terms are identified by using special characters such as white 

space characters as word delimiters and special punctuation marks such as “.” and “?” as 

sentence delimiters. Numerical data formats such as the comment number associated with 

each comment were ignored during preprocessing. The result of word identification is a 

cleaned representation of terms.  

 

5.1.2 Stop-Wording 

Stop-wording is a step to identify and remove stop words that occur frequently but 

carry no substantial meanings such as “the” and “that” that can affect the quality of topic 

descriptions. Stop wording is often carried out by implementing a stop word list, which is 

simply a list of stop words in English. We developed a special “stop word” list by 

complementing common non-semantic stop words with special additions that are typical 

of brainstorming comments. For example, the new stop word list includes abbreviated 

phrases such as “we’ve, I’m, it’s, etc” and words that often occur in group discussions but 

carry no substantial meanings in generating topic categories such as “agree, disagree, 

exactly, etc”. 
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5.1.3 Stemming 

Stemming is used to reduce the impact of syntax by replacing words with their 

respective stems. A stem is a part of a word that remains after removing its affixes 

including prefixes and suffixes. Stemming is often performed by using a stemming 

algorithm called stemmer to reduce different forms of a word to its base form. Given that 

Porter stemmer has been one of the most commonly used stemming algorithm (Porter. 

1980), we decided to use Porter’s algorithm to find out word stems for all terms 

whenever possible.  

  

5.1.4 Phrase Extraction 

Previous research on phrase-based methods as described in the literature review 

section showed the importance of using phrases in providing descriptions for clusters in 

document clustering. Therefore, it is important that phrases are also incorporated in the 

singular valued decomposition approach for generating topic categories.  

Phrases are recurring ordered sequences of terms. Unlike single words, they maintain 

the original order of terms and do not cross sentence boundaries. Since phrases are much 

easier to understand than single words, they are often more appropriate to represent topic 

categories than single words. 

We based our definition of frequent phrases on “complete phrases” introduced by 

Zhang and Dong (Zhang and Dong. 2004). The use of complete phrases allows the 

generation of longest possible frequent phrases. A complete phrase is both right-complete 
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and left-complete. Informally, a complete phrase is a phrase that cannot be altered by 

preceding or trailing it with additional elements, because at least one of these elements is 

different from the rest. An algorithm was proposed by Zhang and Dong to identify 

complete phrases and their frequencies by using a data structured called “suffix array” 

(Zhang and Dong. 2004). We adopted the algorithm and generated a total of 50 phrases 

that occurred at least twice in comments. 

 

5.2 Feature Selection and Vector Space Model 

The brainstorming data revealed the prevalence of typos with around 25% of 

comments containing one or more typos. For feature selection, it is useful to set a 

threshold to filter out misspelled words. At the same time, it is also important to keep as 

many words in the comments as possible to accurately represent each comment. 

Therefore, given that most misspellings only occurred once, we chose to set term 

frequency threshold at 2, indicating that the vector space model was built from terms that 

occurred more than once in the brainstorming comments.  

We constructed a vector space model by building term vectors for all comments. 

Specifically, for each comment, we calculated the term frequency, tfij, representing the 

number of times term j occurs in comment i and the document frequency, dfj, 

representing the number of comments in which word j occurs.  Next, based on dfj, we 

computed its inverse, idfj, by dividing the total number of comments by dfj. We then 

computed wij, the weight of term j in comment i, based on the commonly used tf-idf with 

the following formula:  wij  = tfij * log (idfj). The weight wij measures the frequency of 
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term j in comment i with a factor that discounts its importance when term j appears in 

almost all comments. Previously, Chen et al. adopted document frequency instead of 

inverse document frequency to capture the consensus topics in the comments (Chen, Hsu 

et al. 1994). However, after experimenting with document frequency, we concluded that 

the derived topics were too general; that is, content classification did not achieve the 

desired topic categorization, but rather generated categories that were too general to 

qualify as a single topic.  

 
Figure 5.2 An Example of Terms and Phrases Extraction on a Reduced Data Set of 9  

Comments 
 

For illustration purpose, we obtained a reduced data set containing 9 comments from 

the original brainstorming data mentioned earlier and used this reduced data set as an 

example in the following in order to help explain the procedure in detail. Figure 5.2 

shows this reduced brainstorming data set containing 9 comments with 14 terms and 2 

 
The t=14 terms The c=9 comments

T1 : Technology tf=5          C1: Clearly more technology related
T2 : Union      tf=5          C2: But how do we foster viewpoint neutrality when student affairs overall 
T3 : Viewpoint  tf=5              incredibly left-leaning in a usually unabashed way?
T4 : More       tf=4          C3: viewpoint neutrality - safe for all opinions, all sides, all viewpoints
T5 : Neutral    tf=4              can be safely discussed
T6 : Students   tf=4          C4: Much more technology based, greater demand for wireless
T7 : Opinions   tf=3          C5: I hope that viewpoint neutral does not mean that strong opinions are no
T8 : Safe       tf=3              expressed in the union, but rather that the union is a place where thes
T9 : Way        tf=3              opinions are shared in a civil manner, and that the union itself does n
T10: Changing   tf=2              take a politically partisan position on issues
T11: Hopefully  tf=2          C6: With less money we will be forced to find more efficiencies - with 
T12: Place      tf=2              technology growth it's likely that more core function operate out of th
T13: Political  tf=2              unions i.e., financial aid, career development, academic advising - spa
T14: Stay       tf=2              won't be a concern due to technology

C7: Technology will mandate that the way we reach out to students and keep 
them engaged in new ways. Many reasons why students come to our 
facilities are no longer applicable

The p=2 phrases C8: Hopefully union will continue to be safe place/viewpoint neutral as our
political climate changes

P1: Viewpoint Neutral tf=4    C9: Very flexible in order to stay with the many changing attitudes and nee
P2: More Technology   tf=2        of the student population-and will stay central to University community
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phrases extracted.  Figure 5.3 shows the vector space model drawn from the reduced data 

set of 9 comments. 

 
Figure 5.3 An Example of Vector Space Model for a Reduced Data Set of 9 Comments 

5.3 Singular Value Decomposition Approach to Automatic Idea Organization 

Our system applied singular value decomposition in steps described as follows to 

achieve automatic topic generation and automatic comment placement, which are the two 

major components of idea organization. 

 

5.3.1 Automatic Topic Generation 

After the term-document matrix was constructed, we applied SVD method to first 

reduce the dimension of the original matrix. That is, we decomposed the original term-

document matrix to find the orthogonal basis of the matrix. Any rectangular matrix A, 

such as a t × d term-document matrix, can be decomposed into a product of three sub-

                    C 1      C 2      C 3     C 4      C 5       C 6      C 7      C 8       C 9     
T 1      0 .5 9    0 .0 0    0 .0 0    0 .5 9    0 .0 0   0 .5 5    0 .2 1    0 .0 0    0 .0 0
T 2      0 .0 0    0 .0 0    0 .0 0    0 .0 0    0 .6 2    0 .3 7

A =

  0 .0 0    0 .3 0    0 .0 0
T 3      0 .0 0    0 .3 7    0 .4 2    0 .0 0    0 .1 5   0 .0 0    0 .0 0    0 .2 2    0 .0 0
T 4      0 .8 1    0 .0 0    0 .0 0    0 .8 1    0 .0 0   0 .7 5    0 .0 0    0 .0 0    0 .0 0
T 5      0 .0 0    0 .3 7    0 .2 1    0 .0 0    0 .1 5    0 .0 0    0 .0 0    0 .2 2    0 .0 0
T 6      0 .0 0    0 .5 0    0 .0 0    0 .0 0    0 .0 0   0 .0 0    0 .5 8    0 .0 0    0 .2 3
T 7      0 .0 0    0 .0 0    0 .3 9    0 .0 0    0 .5 7   0 .0 0    0 .0 0    0 .0 0    0 .0 0
T 8      0 .0 0    0 .0 0    0 .7 9    0 .0 0    0 .0 0    0 .0 0    0 .0 0    0 .4 0    0 .0 0
T 9      0 .0 0    0 .6 9    0 .0 0    0 .0 0    0 .0 0   0 .0 0    0 .7 9    0 .0 0    0 .0 0
T 1 0    0 .0 0    0 .0 0    0 .0 0    0 .0 0    0 .0 0   0 .0 0    0 .0 0    0 .4 0    0 .3 2
T 1 1    0 .0 0    0 .0 0    0 .0 0    0 .0 0    0 .2 8    0 .0 0    0 .0 0    0 .4 0    0 .0 0
T 1 2    0 .0 0    0 .0 0    0 .0 0    0 .0 0    0 .2 8   0 .0 0    0 .0 0    0 .4 0    0 .0 0
T 1 3    0 .0 0    0 .0 0    0 .0 0    0 .0 0    0 .2 8   0 .0 0    0 .0 0    0 .4 0    0 .0 0
T 1 4    0 .0 0    0 .0 0    0 .0 0    0 .0 0    0 .0 0    0 .0 0   0 .0 0    0 .0 0    0 .9 2
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matrices including U, S and V such that A ≈ Ur ×  Sr × T
rV . U is a t × t orthogonal matrix 

whose column vectors are often called left singular vectors of A whereas V is a d × d 

orthogonal matrix whose column vectors are called right singular vectors of A. S is a 

diagonal matrix of singular values, which are ordered decreasingly along its diagonal. 

Subscript r represents the rank of A, which is the number of its non-zero singular values. 

Importantly, the r columns of U form an orthogonal basis for the term space of the 

original matrix A. The orthogonal vectors in U are uncorrelated and different from each 

other and can thus be perceived as vector representations of the abstract topic categories 

drawn from brainstorming comments.  

However, the number of r orthogonal basis vectors is often very large, often close to 

the number of comments in the input data. Therefore, an important approximation step 

must be conducted to minimize the number of r orthogonal basis vectors. Since the 

singular values in S are ordered decreasingly according to their significance to the 

process of reconstruction of the original matrix A, a truncated SVD that keeps only the 

first k columns of S can be used to project the original matrix A onto a k-dimensional 

space in the form of Ak = Uk ×  Sk × T
kV , which can be considered as the rank k 

approximation of A. In the new approximated Ak, Sk is a diagonal matrix that contains 

the k singular values along the diagonal line with higher value of k representing the 

closer approximation of Ak to the original matrix A. Therefore, a reduced U that keeps 

only the first k columns of U can be used as the most important categories of topics 

because it captures the major associational structure of the data and throws out much of 
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the noise. We used this reduced model U to generate topic categories from our comments 

data.  

One of the benefits of using SVD is that the value of k can be determined by using 

Frobenius Norm, which calculates the percentage distance between the original term-

document matrix A and its k-rank approximation Ak. Specifically, if we determine that a 

certain percentage of the original matrix A is to be retained by its k-rank approximation 

Ak, we can then use this percentage to calculate the value of k (Berry, Drmac et al. 1999). 

We want the value of k to be large enough to fit all the real structure in the data, but small 

enough so that we do not overly fit the sampling error or unimportant details. At the same 

time, we also need to consider the manageable number of topic categories that is suitable 

for group participants to make decisions on. According to previous research on idea 

organization in group settings, the desired number of topic categories that group 

participants can manage should be seven plus or minus one or two (Miller 1956). 

Therefore, after running many experiments, we chose to set the threshold value of the 

percentage at 0.52, which means that 52% of original structure is retained.  

For illustration, figure 5.4 shows that for the reduced brainstorming data set of 9 

comments, the value of k is set at 2, which means the first 2 vectors in U separated by 

vertical lines are retained vectors for topic categories. 
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Figure 5.4 An Example of Matrix U for a Reduced Data Set of 9 Comments 

 
Next, we treated the generated phrases as if they were comments and built a new 

matrix P of size t ×  (p + t) where t is the number of terms and p is the number of frequent 

phrases. In this new matrix P, single terms were represented as row vectors and frequent 

phrases and single words represented as column vectors. We used the same tf-idf 

weighting schemes to construct matrix P as we used earlier for term-document vector 

space model. For illustration, figure 5.5 shows an example of P matrix calculated on 2 

phrases and 14 terms extracted from 9 comments. 

Next, we computed which phrase or single terms can be used to label the two topic 

vectors. Since topic vectors in the reduced U were expressed in the column space of the 

original term-document, they share the same space as the newly constructed frequent 

phrases and terms vectors in matrix P. We normalized the column vectors of both U and 

P so that we can use cosine similarity measure to compute how close phrases and single 

terms vectors in P are to topic vectors in the reduced U. That is, we constructed a new 

 0.59   -0 .09   0 .07    0.01
 0.17    0.26
 0.05    0.36
 0.77   -0 .19
 0.04    0.30
 0.07    0.32
 0.05    0.28

  
 0.04    0.37
 0.10    0.41
 0.02    0.17
 0.04    0.22
 0.04    0.22
 0.04    0.22
 0.01    0.09

M =

     0.03   -0.03   -0 .26    0 .07    -0 .74
 -0.30   -0 .01   -0.50    0.25    -0.03  -0.71   -0.00
 -0.06    0.11    0 .27     0.06    0.51   -0.03   -0 .17
 -0.04   -0 .01    0 .09    -0 .02    0 .21     0.06    0 .55
 -0.01    0.07    0 .08    -0.04    0 .61    0.03   -0 .21
  0 .48   -0.09   -0 .06     0.03   -0 .11   -0 .00    0.22
 -0.25    0.09   -0 .01     0.69   -0 .18    0.48    0 .08
 -0.28    0.08    0 .68   -0.15   -0 .42    -0 .25    0.11
  0 .63    0.19   -0 .12    -0.04   -0 .16   -0 .01    0.04
 -0.09   -0 .35   -0.01    -0 .43   -0.04   -0.03    0 .06
 -0.20   -0 .04   -0.24    -0 .25   -0.05    0.26    0.01
 -0.20   -0 .04   -0.24    -0 .25   -0.05    0.26    0.01
 -0.20   -0 .04   -0.24    -0 .25   -0.05    0.26    0.01
 0.09    -0.89    0 .12      0.24    0.05     0.01   -0 .07
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matrix M = T
kU ×  P with phrases and single words represented as columns and abstract 

topics represented as rows. Thus, for each row, the highest similarity score indicates the 

phrase or single term that best approximates the corresponding topic vector. We selected 

the phrases or single terms that have the highest similarity score to represent the 

generated topic categories in GSS. As a result, we completed generating topic categories 

from brainstorming comments. For illustration, figure 5.6 shows an example of matrix M, 

which multiples matrix T
kU  by matrix P. The product takes 2 phrases and 14 terms as 

column vectors and 2 reduced U vectors as row vectors, and shows the similarity between 

label candidates and topics. Figure 5.6 indicates that P2 “more technology” and P1 

“viewpoint neural” have the highest score respectively for U1 and U2 topic vectors and 

are thus used to represent the 2 topics in the reduced brainstorming data of  9 comments.  

 

 
Figure 5.5 An Example of Matrix P Calculated on 2 Phrases and 14 Terms Extracted 

from a Reduced Data Set of 9 Comments 

            P1      P2      T1       T2     T3      T4       T5     T6      T7      T8      T9    T10     T11   T12    T13    T14
 T1     0.00    0.59   1.00    0.00   0.00   0.00    0.00   0.00   0.

P=

00    0.00   0.00   0.00    0.00   0.00   0.00    0.00
 T2     0.00    0.00   0.00    1.00   0.00   0.00    0.00   0.00   0.00    0.00   0.00   0.00    0.00   0.00   0.00    0.00
 T3     0.71    0.00   0.00    0.00   1.00   0.00    0.00   0.00   0.00    0.00   0.00   0.00    0.00   0.00   0.00    0.00
 T4     0.00    0.81   0.00    0.00   0.00   1.00    0.00   0.00   0.00    0.00   0.00   0.00    0.00   0.00   0.00    0.00
 T5     0.71    0.00   0.00    0.00   0.00   0.00    1.00   0.00   0.00    0.00   0.00   0.00    0.00   0.00   0.00    0.00
 T6     0.00    0.00   0.00    0.00   0.00   0.00    0.00   1.00   0.00    0.00   0.00   0.00   0.00   0.00   0.00    0.00
 T7     0.00    0.00   0.00    0.00   0.00   0.00    0.00   0.00   1.00    0.00   0.00   0.00    0.00   0.00   0.00    0.00
 T8     0.00    0.00   0.00    0.00   0.00   0.00    0.00   0.00   0.00    1.00   0.00  0.00    0.00   0.00   0.00    0.00
 T9     0.00    0.00   0.00    0.00   0.00   0.00    0.00   0.00   0.00    0.00   1.00   0.00    0.00   0.00   0.00    0.00
 T10   0.00    0.00   0.00    0.00   0.00   0.00    0.00   0.00   0.00    0.00  0.00   1.00    0.00   0.00   0.00    0.00
 T11   0.00    0.00   0.00    0.00   0.00   0.00    0.00   0.00   0.00    0.00  0.00   0.00    1.00   0.00   0.00    0.00
 T12   0.00    0.00   0.00    0.00   0.00   0.00    0.00   0.00   0.00    0.00   0.00   0.00    0.00   1.00   0.00    0.00
 T13   0.00    0.00   0.00    0.00   0.00   0.00    0.00   0.00   0.00    0.00  0.00   0.00    0.00   0.00   1.00    0.00
 T14   0.00    0.00   0.00    0.00   0.00   0.00    0.00   0.00   0.00    0.00   0.00   0.00    0.00   0.00   0.00    1.00
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Figure 5.6 An Example of Matrix C for a Reduced Data Set of 9 Comments 

In figure 5.6, two phrases have the highest score respectively for two topic vectors 

and are thus selected as labels for these two topic vectors. In fact, what figure 5.6 shows 

is a simplified version which does not distinguish between single words and phrases. 

Given that phrases are better choices for describing topic categories, our system is 

designed to give more weights to phrases in determining choices to describe each topic 

vector. Specifically, for each topic, our system first selects two potential labels using both 

a single word and a phrase that have the highest score in all single words and all phrases 

respectively, and then finalize the choice by comparing the weight for the selected single 

term and phrase. During comparison, our system multiples a weight factor “w” to the 

phrase’s score to increase its weight. Repeated experiments showed that it is appropriate 

to set the weight factor “w” at 1.7 if the phrase contains the single word and at 1.2 

otherwise. The difference in the value of weight factors is due to the fact that it is much 

more appropriate to choose the phrase instead of the single word if the phrase contains 

the single word itself. Figure 5.7 shows that from the combined 138 brainstorming 

comments data, our system generated 8 topic categories, of which there are seven phrases 

and one single word. 

 
1. Central Location 
2. Community Center 
3. Programs and Services 

           P1      P2      T1       T2     T3      T4       T5     T6      T7      T8      T9      T10    T11    T12    T13    T14
 U1     0.06    0.97   0.59    0.17   0.05   0.77    0.04   0.0T

KM U P= = 7   0.05    0.04   0.10   0.02    0.04   0.04   0.04    0.01
 U2     0.47   -0.20 -0.09    0.26   0.36  -0.19    0.30   0.32   0.28    0.37   0.41   0.17    0.22   0.22   0.22    0.09
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4. Technology 
5. Space for Students 
6. Academic Affairs 
7. Viewpoint Neutral 
8. Commercial Vendor 

Figure 5.7 System-Generated Topic Categories for 138 Comments 

5.3.2 Automatic Comment Placement 

After topic categories are generated, the next step is to place relevant comments into 

their respective topic categories. The comment placement process follows a standard 

information retrieval task by using the generated topic labels as queries against the term-

document matrix generated earlier. If the similarity between the topic label and a 

comment exceeds a certain placement threshold, the comment is considered relevant to 

the topic and then placed directly under the topic category. The comment placement 

threshold ranges from 0.0 to 1.0. Ideally, the placement threshold value should not be too 

low so that it may lead to more comments placed but with lower degree of accuracy. 

Similarly, the value should not be too high either because it may lead to very few 

comments considered “relevant”. Experiments showed that comments are most 

appropriately placed under respective categories when the threshold value is set to 0.125. 

While it is possible to allow overlapping of clusters by placing a comment into multiple 

topics when it reaches or exceeds the threshold value, we ran the algorithm with and 

without overlapping and compared the results. We decided against overlapping because 

the system places a comment into the topic that has the highest score of all topics that 

exceed the threshold value, and thus allows for the most appropriate placement. 
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For illustration, we again used the sample of 9 comments as an example. Figure 5.8 

shows matrix Q, which is composed of topic vectors for P1 and P2 extracted from the 

first two columns of matrix P.  

 
Figure 5.8 Topic Vectors P1 and P2 

For illustration, figure 5.9 shows an example of matrix C, which multiples matrix QT 

by matrix A. The product takes 9 comments as column vectors and 2 topics as row 

vectors and shows the similarity between comments and topics. Each topic label is treated 

as a query to search for the best comment that contains the topic label. Specifically in this 

example, for each comment, two scores are generated which represent the similarity 

between the comment and both topics. The highest of the two scores is then compared 

with the threshold value of 0.125. If the highest score equals to or exceeds the threshold 

value of 0.125, the comment is then placed under the corresponding topic. Otherwise the 

comment is placed into the category called “Other Topics”.  

           P1      P2      
T1     0.00    0.59   
T2     0.00    0.00   
T3     0.71    0.00   
T4     0.00    0.81   
T5     0.71    0.00   
T6     0.00    0.00   
T7     0.00    0.00   
 T8     0

Q =
.00    0.00   

T9     0.00    0.00   
T10   0.00    0.00   
T11   0.00    0.00  
T12   0.00    0.00   
T13   0.00    0.00   
T14   0.00    0.00   
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Figure 5.9 Similarity Matrix C with Topics as Rows  and Comments as Columns 

 

 
Figure 5.10 An Example of Results from Comment Placement 

For illustration, figure 5.10 shows the final result of automatic idea organization. For 

topic category generation, there are two topics generated and displayed; namely, “More 

Technology” and “Viewpoint Neutral”. For comment placement, there are four comments 

       D1    D2     D3    D4    D5    D6    D7    D8    D9
P1  0.00  0.52  0.45  0.00  0.22  0.00  0.00  0.31  0.00
P2  1.00  0.00  0.00  1.00  0.00  0.93  0.13  0.00  0.00

TC Q A
⎧ ⎫
⎪ ⎪= = ⎨ ⎬
⎪ ⎪
⎩ ⎭

Topic 1: More Technology (P2) 
 
D1: Clearly more technology related [1.00] 
D4: Much more technology based, greater demand for wireless [1.00] 
D6: With less money we will be forced to find more efficiencies –  

with technology growth it's likely that more core function  
operate out of the unions i.e., financial aid, career    
development, academic advising - space won't be a concern due to  
technology [0.93] 

D7: Technology will mandate that the way we reach out to students and 
keep them engaged in new ways. Many reasons why students come to  
our facilities are no longer applicable  [0.13] 

 
Topic 2: Viewpoint Neutral (P1) 
 
D2: But how do we foster viewpoint neutrality when student affairs  

overall is incredibly left-leaning in a usually unabashed way?  
[0.52] 

D3: viewpoint neutrality - safe for all opinions, all sides, all  
    viewpoints can be safely discussed [0.45] 
D5: I hope that viewpoint neutral does not mean that strong opinions  

are not expressed in the union, but rather that the union is a  
place where these opinions are shared in a civil manner, and that 
the union itself does not take a politically partisan position on 
issues [0.22] 

D8: Hopefully union will continue to be safe place/viewpoint neutral  
    as our political climate changes [0.31] 
 
Other Topics: 
 
D9: Very flexible in order to stay with the many changing attitudes  

and needs of the student population-and will stay central to  
University community 
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displayed under “Topic 1: More Technology” including D1, D4, D6 and D7 with 

similarity scores of 1.00, 1.00, 0.93 and 0.13, respectively. Similarly, there are also four 

comments displayed under “Topic 2: Viewpoint Neutral” including D2, D3, D5 and D8 

with similarity scores of 0.52, 0.45, 0.22, 0.31, respectively. All comments listed under 

either topic 1 or topic 2 have similarity scores that exceed the threshold value of 0.125. 

D9 is listed under “Other Topics” because its similarity scores for both topics are both 

0.00, well below the threshold value 0f 0.125.  

Figure 5.11 is the final output of our system, which shows all 8 topics and a sample 

of comment placement results produced by our system. The system list has each topic 

name followed by a series of comments indicating that the comments listed under the 

category are ones closely relevant to the respective category.  

 
Programs and Services 
76 Programming base for the campus.  Programming will ocur everywhere on campus and    
     not restricted to the union.  
88 The philosphy of student programming should be examined.  What do students really 
      want?  Do they want to be programmed to at all? 
……………….. 
Technology 
105 In many ways they will be where technology leads us  
132 As technology becomes more mainstream and a greater part of our lives, will students    
      accept not having access to this technology? 
 ……………….. 
Space for Students 
112 More space for student organizations and student government 
57   space is being created in several academic buildings and lounge space is being built into 
      athletic and academic buildings-difficult to compete for the students' time 
……………….. 
Community Center 
34 It will still be the community center of campus. However, it might be both brick and morter 
     and virtual 
3   As mini communties (and community centers) spring up on campus, 
……………….. 
Academic Affairs 
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91  we will be more aligned with academic affairs 
92  It will need to be a place where tangible partnerships between student affairs and  
      academic affairs occurs on a regular basis. 
……………….. 
Central Location 
70   The central location to help with diversity because it should be the home  for all students. 
111 The large central located unions may not be able to serve the campus effective where  
       smaller but several at locations around the campus may be more effective 
……………….. 
Commercial Vendor 
66  Commercial vendor interface with self operated board plans is essential for future growth.
119 More commercial enterprises outsourced  
……………….. 
Viewpoint Neutral 
14  But how do we foster viewpoint neutrality when student affairs overall is incredibly left- 
      leaning in a usually unabashed way? 
79  viewpoint neutrality - safe for all opinions, all sides, all viewpoints can be safely discussed
……………….. 
(OTHER) 
103 The union will continue to be in competition for student disposable income, as well as  
       student fee dollars.  
73   the types of services the students want to see will change as a result of trends that we  
       need to stay in tune with  
……………….. 

Figure 5.11 System’s List of Comment Placement 
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CHAPTER 6: SYSTEM EVALUATION  

This chapter describes the process of using two experiments to evaluate our system 

tool in terms of topic generation and comment placement, followed by analysis of the 

experimental results. With the system now in place for automatic idea organization from 

brainstorming comments, there are two primary evaluation questions that need to be 

answered using experiments:  

1. How does the list of topic categories generated by the system compare with 

the quality of human lists?  

2. How does the automatic comments placement produced by the system 

compare with the comment placement done by humans?  

To address these important evaluation questions concerning the performance of the 

automatic idea organization approach, we designed and conducted two experiments 

which compared the system’s output on topic generation and comments placement with 

that generated by human subjects. 

 

6.1 Brainstorming Comments List 

The brainstorming comments list used in the experiment are the same data set used 

as input data fed into our system. The list contains brainstorming output from two 

electronic brainstorming sessions in real electronic meetings using GroupSystems. The 

two sessions consist of 72 and 66 textual comments, respectively. The topic of discussion 

used in both sessions is: “What can we do to make our student union center a better place 

in the university?” Given that both sessions address the same brainstorming question, we 
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combined the data from two sessions into a single data set consisting of 138 comments in 

total. In addition, we randomized the order of the 138 comments and used the randomized 

list as our final list of 138 comments. In the final list, each comment is preceded with a 

number which ranges from 1 to 138. The list of 138 comments was presented to each 

human subject during all stages for experiment 1 and 2. 

 

6.2 Human Subjects Pool 

The majority of human subjects were recruited from an introductory management 

information systems class in the Eller College of Management at the University of 

Arizona. We randomly selected and invited 65 senior undergraduate students out of 356 

students across two sections of the class. Of the 65 email invitations, 40 students accepted 

the invitation. The participating students were given course credits for their participation 

in the laboratory experiment. 

In addition to these senior undergraduate students, we also invited 6 expert 

facilitators who have at least three years of experience in facilitating GSS session. Four 

out of the 6 experts accepted our invitation and participated in our study.  

In total, there are 44 human subjects involved in different stages of the two 

experiments. Of the 44 human subjects, 40 are senior undergraduates with the rest being 

expert facilitators. The participating human subjects completed their tasks in different 

stages of experiment 1 and 2. 

 

6.3 Experiment 1: Evaluating System’s Topic List 
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Typically after the electronic brainstorming during a GSS session, the topic 

categories with key words as labels are generated by group participants with help from 

facilitators to categorize the comments into topics addressing the brainstorming question. 

The first experiment examines the performance of automatic topic generation as 

compared with undergraduate subjects, who are treated as domain experts. Evaluation is 

conducted by human subjects including both undergraduate domain experts and expert 

facilitators. There are three separate stages involved in experiment 1; namely, manual 

generation of topic categories, evaluation of topic generation by undergraduate subjects 

and evaluation of topic generation by expert facilitators. The three stages vary in terms of 

tasks, subjects and procedures. 

 

6.3.1 Stage 1: Manual Generation of Topic Categories 

The first stage of experiment 1 is designed to allow domain experts to manually 

generate topic categories from brainstorming comments in an idea organization task. This 

stage produced 9 lists of manually generated topic categories, with which automatically 

generated topic categories were later compared in stage 2 and stage 3. 

 

6.3.1.1 Subjects 

The brainstorming question is: what can we do to make our student union center a 

better place in the university? Clearly, the subject matter under discussion involves a 

student union center at a university. Even though college undergraduates may not be 

experienced in guiding groups through the convergent process during an electronic 
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meeting, they are ideal domain experts who are familiar with the topic under discussion. 

Out of the pool of 40 undergraduate subjects, we randomly selected 9 students to 

participate in this stage. 

 

6.3.1.2 Procedure 

When all 9 student subjects arrived at the experimental laboratory, the laboratory 

facilitator handed out an instruction sheet to each participant to ensure consistent delivery 

of instructions, see Appendix A. The instruction sheet described the background and the 

objective of the experiment, step-by-step direction and a detailed example of how to 

complete the task. After reading the instruction, each subject was then provided with the 

list of 138 comments along with a form for them to write down a list of topic categories, 

see Appendix B. Human subjects were asked to read through the list of 138 comments 

and identify their own topic category list with a maximum of 8 topic categories using 

either phrase or single key words as labels. A maximum of 8 topic categories were 

allowed in order to reduce cognitive workload of human subjects and to make it 

consistent with the list of 8 topic categories automatically generated. All human subjects 

were told to take as long time as they wish and were required to record the time they 

spent for completing the manual generation of topic categories. After completion of topic 

generation, the subjects were thanked and dismissed from the room. 

 

6.3.1.3 Data Collection 
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The elapsed time and the generated topics were collected. With 9 human subjects, 

this stage of manual topic generation produced 9 lists with each human subject producing 

one list. The 9 lists were used in the second and third stage to be compared with the list of 

automatically generated topic categories. 

 

6.3.2 Stage 2: Evaluation of Topic Generation by Undergraduate Subjects 

The second stage of experiment 1 allows undergraduate subjects to evaluate the 10 

lists one by one in order to measure the performance of the automatically generated topic 

list as compared with the 9 manually generated topic lists. This stage produced 10 revised 

topic lists along with 10 lists of ranked orders in terms of topic quality. 

 

6.3.2.1 Subjects 

Similar to the first stage, stage 2 also uses undergraduates as human subjects because 

these undergraduate subjects are familiar with the topic under discussion. However, in 

this stage, we exclude those undergraduates who have already participated in the first 

stage of experiment 1. That is, our study chose a group of human subjects for the 

evaluation task different from those who participated in stage 1. Out of the pool of the 

remaining 31 undergraduate subjects, we randomly selected 10 students to participate in 

this stage. 

 

6.3.2.2 Procedure 
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When all 10 student subjects arrived at the experimental laboratory, the laboratory 

facilitator handed out an instruction sheet to each participant to ensure consistent delivery 

of instructions, see Appendix C. The instruction sheet described the background and the 

objective of the experiment, step-by-step direction and a detailed example of how to 

complete the task. After reading the instruction, each subject was then provided with the 

list of 138 comments. All human subjects were also given a form with 10 lists of topic 

categories, see Appendix D. They were told about the process how the 10 existing 

categories were derived from the 138 comments and that the all lists were generated by 

human subjects who had gone through the entire process. They were not told that the list 

10 was a list generated automatically by the system. Then all the subjects were asked to 

browse the list of 138 comments. Based on their understanding of all the comments, they 

were asked to delete categories that do not represent important topics for the 138 

comments and add missing categories. If rewording or editing of a topic category is 

needed, it was treated as a deletion followed by an addition. Human subjects were told to 

keep the number of final topics for each list at a maximum of 8 topics. Finally, after all 

the 10 topic category lists were corrected, they were asked to rank the 10 lists from the 

most appropriate to the least appropriate with respect to identifying solutions that could 

address the brainstorming question. All human subjects were told to take as long time as 

they wish. After completion of topic generation, the subjects were thanked and dismissed 

from the room. 

 

6.3.2.3 Data Collection 
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For each list, we recorded deleted topics and added topics. These added new topics 

and deleted topics for each list were then used later in the analysis stage to generate 

quality measures in terms of topic recall and topic precision. In addition, information on 

ranked order for 10 lists was collected. 

 

6.3.3 Stage 3: Evaluation of Topic Generation by Expert Facilitators 

The third stage of experiment 1 allows expert facilitators to evaluate the 10 lists one 

by one. Two objectives can be accomplished in this stage: on one hand, similar to stage 2, 

the performance of the automatically generated topic list can be compared with the 9 

manually generated topic lists; on the other hand, another comparison can be made to 

find out if there is any difference between domain experts and expert facilitators in terms 

of evaluation results. This stage produced 4 revised topic lists along with 4 lists of ranked 

orders in terms of topic quality. 

 

6.3.3.1 Subjects 

Different from the second stage, stage 3 used expert facilitators who have at least 

three years of GSS facilitation experience as human subjects. The experience with 

facilitating electronic meeting could help these facilitators develop criteria on which to 

develop a good list of topic categories. There are a total of 4 expert facilitators who 

agreed to participate in the study. 

 

6.3.3.2 Procedure 
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The entire procedure is the same as the stage 2 in this experiment.  

 

6.3.3.3 Data Collection 

Data collection is the same as the stage 2 in this experiment. 

 

6.4 Experiment 2: Evaluating System’s Comment Placement List 

Typically after the topic categories are generated during a GSS session, group 

participants browse a list of comments and place comments to their respective topic 

categories by dragging and dropping comments into their respective categories in GSS. 

The objective of this experiment is to address the quality of comment placement list by 

comparing the output of the human subjects and that of the automatic system. Evaluation 

is conducted by human subjects who are undergraduate domain experts. There are two 

separate stages involved in experiment 2; namely, manual comment placement and 

evaluation of automatic comment placement. The two stages vary in terms of tasks, 

subjects and procedures. 

 

6.4.1 Stage 1: Manual Comment Placement 

The first stage of experiment 2 is designed to allow domain experts to manually 

generate topic categories in an idea organization task. This stage produced 5 lists of 

manually generated comment placement, with which the automatically generated 

comment placement list was later compared in stage 2. 
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6.4.1.1 Subjects 

Placing relevant comments into their respective topic categories requires human 

subjects to be familiar with the subject matter under discussion, which involves a student 

union center at a university. Similar to the first stage of experiment 1, we decided to use 

undergraduates because they are ideal domain experts who are familiar with the topic 

under discussion. Out of the remaining 21 undergraduate subjects, we randomly selected 

5 students to participate in this stage. 

 

6.4.1.2 Procedure 

When all the 5 student subjects arrived at the experimental laboratory, the laboratory 

facilitator handed out an instruction sheet to each participant to ensure consistent delivery 

of instructions, see Appendix E. The instruction sheet described the background and the 

objective of the experiment, step-by-step direction and a detailed example of how to 

complete the task. After reading the instruction, each subject was then provided with the 

list of 138 comments. A form with 8 system-generated topic categories was also 

presented to each subject. Under each category, a large space was available for subjects 

to write down comment number which they think should belong to that category, see 

Appendix F. Human subjects were asked to read through the list of 138 comments and 

identify all relevant comments for each of the 8 topic categories. To make it consistent 

with the automatically generated comment placement and also reduce cognitive load for 

subjects, we asked human subjects to limit one comment to only one topic category. That 

is, no overlapping of topics was allowed. For comments that subjects did not believe 
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should be placed into any of the 8 topic categories, they were left untouched without 

being placed into any topic categories. All human subjects were told to take as long time 

as they wish and were required to record the time they spent for completing the manual 

generation of comment placement. After completion of comment placement, the subjects 

were thanked and dismissed from the room. 

 

6.4.1.3 Data Collection 

Finally, the elapsed time and the generated comment placement lists were collected. 

With 5 human subjects, this stage of manual generation of comment placement produced 

5 lists with each human subject producing one list. The 5 lists were then used in the 

second stage to be compared with the automatically generated comment placement list. 

 

6.4.2 Stage 2: Evaluation of Automatic Comment Placement 

The second stage of experiment 2 allowed undergraduate subjects to evaluate the 6 

lists one by one in order to measure the performance of the automatically generated 

comment placement list as compared with the 5 manually generated comment placement 

lists. This stage produced 6 revised comment placement lists together with 6 lists of 

ranked orders in terms of the comment placement quality. 

 

6.4.2.1 Subjects 

Similar to the first stage, stage 2 also used undergraduates as human subjects because 

these undergraduate subjects were familiar with the topic under discussion. However, in 
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this stage, we excluded the 5 undergraduates who have previously participated in stage 1 

of experiment 2. That is, our study chose a different group of human subjects for the 

evaluation task. We asked the remaining 16 students to participate in this stage. 

 

6.4.2.2 Procedure 

When all the 16 student subjects arrived at the experimental laboratory, the 

laboratory facilitator handed out an instruction sheet to each participant to ensure 

consistent delivery of instructions, see Appendix G. The instruction sheet described the 

background and the objective of the experiment, step-by-step direction and a detailed 

example of how to complete the task. After reading the task, each subject was then 

provided with the list of 138 comments. All human subjects were also given 6 different 

lists of comment placement. They were told about the process how relevant comments 

were placed under their respective topics and that all lists were generated by human 

subjects who had gone through the entire process. They were not told that there was a list 

generated automatically by the system. All subjects were asked to delete irrelevant 

comments from topics and add missing comments to topics. For comments that do not 

belong to any of the 8 system-generated topic categories, subjects were told to move 

them to “Other Topics”. Finally, after all the 6 comment placement lists were corrected, 

human subjects were asked to rank the 6 lists from the most appropriate to the least 

appropriate with respect to associating relevant comments to their respective categories, 

see Appendix H. All human subjects were told to take as long time as they wish. After 

completion of topic generation, the subjects were thanked and dismissed from the room. 
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6.4.2.3 Data Collection 

For each topic within each list, we recorded the deleted and added comments. These 

added and deleted comments for each topic of 6 lists were then used later in the analysis 

stage to generate quality measures in terms of placement recall and placement precision. 

In addition, information on ranked orders for 6 comment placement lists was collected for 

all 16 human subjects. 

 

6.5 Experimental Results 

In the following, we report the statistical analysis and results from the two 

experiments, including results related to topic category generation and related to 

comment placement. 

 

6.5.1 Experiment 1 – Results 

Table 6.1 contains 10 lists of topic categories generated from the 138 comments data. 

9 lists of topics ranging from list 1 to list 9 were created by human subjects in stage 1 of 

the first experiment. The system list, i.e., list 10, contains the topic categories generated 

automatically by the system using the SVD techniques. From these lists, we could see 

that list 7 contains 5 topics, the smallest number of topic categories of the 10 lists. List 1, 

2 and 3 all have 6 topic categories while list 8 has 7 topic categories. The remaining lists, 

i.e., list 4, 6, 9 and the system list, all have 8 topic categories generated. Table 6.1 also 

shows the time spent for each of the lists. System list finishes the entire idea organization 
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task for 0.67 second whereas the time spent by humans for topic generation task alone 

ranges from 20 minutes to 41 minutes. 

 
List 1: 28 minutes List 2: 20 minutes 

1. one-stop place 1. one stop food and services 
2. increase technology 2. high quality but personal 

3. leadership/mentor laboratories 
3. efficient and effective at meeting 

students needs 
4. commercialization 4. accessible 

5. social events 
5. cater for student meeting, 

activities, growth 
6. adaptable 6. technologically advanced 

List 3: 25 minutes List 4: 24 minutes 
1. one-stop shop/centralization 1. investment 
2. up-to-date/new technology 2. entrepreneurship 
3. commercialization 3. accessibility 
4. more programming/services 4. diversity 
5. maintain values (learning and 

development) 5. communication 
6. re-evaluate staffing 6. technology 

  7. security 
  8. openness 

List 5: 33 minutes List 6: 35 minutes 
1. one-stop shop 1. community  
2. commercialization 2. technology 
3. technology 3. Commercial 
4. viewpoint neutrality 4. Adaptable 
5. adaptable 5. one-stop shop 
6. decentralization 6. Efficient 

  7. extra-curricular 
  8. Irrelevant 

List 7: 31 minutes List 8: 37 minutes 
1. one stop shop 1. technologically advance 
2. a campus living room 2. adaptable 
3. union funding 3. commercialization 
4. service variety 4. diverse community/cultural center 
5. change with the times 5. Unify student services 

  6. student development center 
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  7. "face of the university" 

List 9: 41 minutes 
List 10 – System: 0.67 second (including 

comment placement) 
1. greater demand for wireless 1. central location 
2. transportation of goods to students 2. community center 
3. facility for citizenship       3. programs and services 
4. 24 hour service with assistance 4. technology 
5. more rooms to study 5. space for students 
6. more active  with students teachers 6. academic affairs 
7. construction for more space       7. viewpoint neutral 
8. more career showcase at various 

hours       8. commercial vendor 

Table 6.1 Manually Generated Topic Lists and System-generated Topic List 

6.5.1.1 Results from Topic Quality Evaluation by Undergraduate Subjects 

Table 6.2 shows the results of the list evaluation by 10 undergraduate subjects in 

stage 2 of the first experiment. The names of the 10 lists are listed on the top. The 10 

subjects that give evaluations are listed on the left. For each subject, there are 6 rows 

associated. The first row indicates the rank assigned to each of the 10. The second, third 

and fourth row refer to the “target”, “identified” and “relevant”, respectively. The 

“target” is the total number of items that remain in each list after the subject completes 

adding missing topics and deleting inappropriate topics. The “identified” is the number of 

items that the system or the human subject identifies (i.e., the number of listed topic 

items). The “relevant” shows the intersection of the “target” and “identified” rows, which 

are the number of topics in the original list that still remain in the corrected list.  

The use of “target”, “identified” and “relevant” allows the analysis of topic quality 

by the standard recall and precision techniques from information retrieval literature. In 

this experiment, we defined topic recall and topic precision, as shown on the fifth and 
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sixth row for each individual human subject. Topic recall is generated by dividing the 

number of relevant items by the number of target items for each list, representing the 

percentage of relevant categories captured in the revised list. Topic precision is computed 

by dividing the number of relevant items by the number of identified, representing the 

percentage of relevant topics in the original list. Values of these two measures are 

between 0 and 1. Higher values of topic recall and topic precision are desirable.  

Table 6.2 indicates that the list that was ranked the best most frequently is the system 

list, which was ranked the best by 4 out of 10 subjects whereas the list that received the 

second highest number of the best rank is list 3, which was ranked the best by 2 out of 10 

subjects.  List 2, 4, 6 and 7 were all ranked the best by only 1 out of 10 subjects. List 1, 5, 

8 and 9 are the only lists that were not ranked the best by any of the 10 subjects. In 

addition, system list was ranked the second best by 2 out of 10 subjects, which was on 

par with list 3 and list 6, both of which were also ranked the second best by 2 out of 10 

subjects. List 2, list 4, list 5 and list 7 were all ranked the second best by only one out of 

10 subjects. On average, our system list was ranked the best out of the 10 lists. 

As further corroboration of the quality of our system list, subjects again rated system 

list as the best in terms of both average topic recall and average topic precision, which are 

0.95 and 0.9 respectively. The second best list is list 3, which has the second best topic 

recall at 0.91 and the second best topic precision at 0.88. The worst list for topic recall is 

list 5 at 0.77 whereas the worst list for topic precision is list 6 at 0.76.   

 
  LISTS 

SUBJECTS  
List 
1 

List 
2 

List 
3 

List 
4 

List 
5 

List 
6 

List 
7 

List 
8 

List 
9 

List 10 
system
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Subject 1 Rank 7 4 3 1 9 6 10 5 8 2 
  Target 6 6 6 8 7 8 6 7 8 8 
  Identified 6 6 6 8 6 8 5 7 8 8 
  Relevant 5 5 6 7 5 7 4 7 6 8 
  Recall 0.83 0.83 1.00 0.88 0.71 0.88 0.67 1.00 0.75 1.00 
  Precision 0.83 0.83 1.00 0.88 0.83 0.88 0.80 1.00 0.75 1.00 

Subject 2 Rank 10 9 8 2 6 4 5 3 7 1 
  Target 6 4 5 6 6 7 5 8 7 6 
  Identified 6 6 6 8 6 8 5 7 8 8 
  Relevant 5 4 5 6 6 6 4 7 6 6 
  Recall 0.83 1.00 1.00 1.00 1.00 0.86 0.80 0.88 0.86 1.00 
  Precision 0.83 0.67 0.83 0.75 1.00 0.75 0.80 1.00 0.75 0.75 

Subject 3 Rank 5 3 8 9 2 4 10 6 7 1 
  Target 8 5 7 7 6 7 6 6 7 8 
  Identified 6 6 6 8 6 8 5 7 8 8 
  Relevant 6 5 5 5 4 7 4 5 5 8 
  Recall 0.75 1.00 0.71 0.71 0.67 1.00 0.67 0.83 0.71 1.00 
  Precision 1.00 0.83 0.83 0.63 0.67 0.88 0.80 0.71 0.63 1.00 

Subject 4 Rank 10 2 4 6 3 9 8 5 7 1 
  Target 5 6 7 8 6 7 6 7 8 8 
  Identified 6 6 6 8 6 8 5 7 8 8 
  Relevant 5 5 6 7 6 5 5 6 8 8 
  Recall 1.00 0.83 0.86 0.88 1.00 0.71 0.83 0.86 1.00 1.00 
  Precision 0.83 0.83 1.00 0.88 1.00 0.63 1.00 0.86 1.00 1.00 
Subject 5 Rank 6 9 7 10 8 1 4 5 3 2 
  Target 7 6 5 8 6 8 6 5 4 7 
  Identified 6 6 6 8 6 8 5 7 8 8 
  Relevant 5 5 5 7 4 7 4 3 2 7 
  Recall 0.71 0.83 1.00 0.88 0.67 0.88 0.67 0.60 0.50 1.00 
  Precision 0.83 0.83 0.83 0.88 0.67 0.88 0.80 0.43 0.25 0.88 
Subject 6 Rank 4 3 7 6 8 10 2 5 9 1 
  Target 6 6 6 7 6 8 4 6 8 8 
  Identified 6 6 6 8 6 8 5 7 8 8 
  Relevant 5 4 5 7 4 7 4 5 6 8 
  Recall 0.83 0.67 0.83 1.00 0.67 0.88 1.00 0.83 0.75 1.00 
  Precision 0.83 0.67 0.83 0.88 0.67 0.88 0.80 0.71 0.75 1.00 
Subject 7 Rank 6 7 2 10 5 8 1 3 9 4 
  Target 7 5 6 8 7 8 4 6 7 8 
  Identified 6 6 6 8 6 8 5 7 8 8 
  Relevant 6 4 5 5 5 6 4 6 7 7 
  Recall 0.86 0.80 0.83 0.63 0.71 0.75 1.00 1.00 1.00 0.88 
  Precision 1.00 0.67 0.83 0.63 0.83 0.75 0.80 0.86 0.88 0.88 
Subject 8 Rank 8 1 2 4 9 7 10 3 6 5 
  Target 7 6 6 7 7 7 5 7 7 8 
  Identified 6 6 6 8 6 8 5 7 8 8 
  Relevant 6 6 6 6 5 7 5 7 7 7 
  Recall 0.86 1.00 1.00 0.86 0.71 1.00 1.00 1.00 1.00 0.88 
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  Precision 1.00 1.00 1.00 0.75 0.83 0.88 1.00 1.00 0.88 0.88 
Subject 9 Rank 9 5 1 4 3 2 8 7 6 10 
  Target 6 6 6 8 7 8 5 7 8 7 
  Identified 6 6 6 8 6 8 5 7 8 8 
  Relevant 4 4 5 7 5 7 4 6 6 5 
  Recall 0.67 0.67 0.83 0.88 0.71 0.88 0.80 0.86 0.75 0.71 
  Precision 0.67 0.67 0.83 0.88 0.83 0.88 0.80 0.86 0.75 0.63 
Subject 10 Rank 8 9 1 3 10 2 4 5 6 7 
  Target 8 5 5 8 6 7 4 7 8 8 
  Identified 6 6 6 8 6 8 5 7 8 8 
  Relevant 5 4 5 6 5 7 3 7 8 8 
  Recall 0.63 0.80 1.00 0.75 0.83 1.00 0.75 1.00 1.00 1.00 
  Precision 0.83 0.67 0.83 0.75 0.83 0.88 0.60 1.00 1.00 1.00 
           
Average Recall 0.80 0.84 0.91 0.84 0.77 0.88 0.82 0.89 0.83 0.95 
Average Precision 0.87 0.77 0.88 0.79 0.82 0.83 0.82 0.84 0.76 0.90 

Table 6.2 Topic Recall and Topic Precision for 10 Lists 

For topic recall, statistical analysis of the results showed that based on 5% 

significance level with P at 0.05, the F-test (analysis of variance, ANOVA) found that 

there was no significant difference among the 10 lists with respect to topic recall (P: 0.07) 

even though the P value of 0.07 is very close to the significance level of 0.05. Table 6.3 

contains a summary of the ANOVA analysis data for topic recall. In addition to the 

ANOVA results, table 6.3 also includes descriptive statistics for all 10 lists including 

mean, standard deviation, standard error, 95% confidence interval, minimum and 

maximum values.  

 

 N Mean 

Std. 

Deviation Std. Error

95% Confidence Interval for 

Mean Minimum Maximum 

          Lower Bound Upper Bound     

1 10 .7970 .10863 .03435 .7193 .8747 .63 1.00 

2 10 .8430 .12383 .03916 .7544 .9316 .67 1.00 

3 10 .9060 .10648 .03367 .8298 .9822 .71 1.00 

4 10 .8470 .11861 .03751 .7622 .9318 .63 1.00 

5 10 .7680 .13071 .04133 .6745 .8615 .67 1.00 

6 10 .8840 .09958 .03149 .8128 .9552 .71 1.00 

7 10 .8190 .13763 .04352 .7205 .9175 .67 1.00 
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8 10 .8860 .12536 .03964 .7963 .9757 .60 1.00 

9 10 .8320 .16963 .05364 .7107 .9533 .50 1.00 

10 10 .9470 .09707 .03070 .8776 1.0164 .71 1.00 

Total 100 .8529 .12829 .01283 .8274 .8784 .50 1.00 

ANOVA Sum of Squares df Mean Square F Sig. 

Between Groups .258 9 .029 1.880 .065 

Within Groups 1.372 90 .015   

Total 1.629 99    

Table 6.3 ANOVA and Descriptive Statistics for Topic Recall 

Pairwise two-sample t-tests were performed with results showing that our system list 

significantly outperformed list 1, 2, 4, 5, and 7 in topic recall with P levels at 0.00, 0.05, 

0.05, 0.00, 0.03, respectively. However, our system’s recall level was not statistically 

different from the topic recall levels of list 3, 6, 8 and 9 with P levels at 0.38, 0.17, 0.24 

and 0.08, respectively. Table 6.4 contains a summary of the two-sample t-tests between 

our system list and all the 9 lists generated by human subjects. 

 

  t-test for Equality of Means 
Sig.  

  T df (2-tailed)
Mean 

Difference
Std. Error 
Difference 

95% Confidence 
Interval of the 

Difference 
            Lower Upper
List 1 Vs. System -3.256 17.777 0.004 -0.15 0.046 -0.247 -0.053
List 2 Vs. System -2.09 17.029 0.052 -0.104 0.05 -0.209 0.001 
List 3 Vs. System -0.9 17.848 0.38 -0.041 0.046 -0.137 0.055 
List 4 Vs. System -2.063 17.323 0.054 -0.1 0.048 -0.202 0.002 
List 5 Vs. System -3.477 16.612 0.003 -0.179 0.051 -0.288 -0.07 
List 6 Vs. System -1.433 17.988 0.169 -0.063 0.044 -0.155 0.029 
List 7 Vs. System -2.403 16.178 0.029 -0.128 0.053 -0.241 -0.015
List 8 Vs. System -1.217 16.939 0.24 -0.061 0.05 -0.167 0.045 
List 9 Vs. System -1.861 14.324 0.083 -0.115 0.062 -0.247 0.017 

Table 6.4 Two Sample T-test (Topic Recall) 

For topic precision comparison, statistical analysis of the F-test (analysis of variance 

ANOVA) also revealed that based on the 5% significance level with P at 0.05, there was 
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no significant difference among the 10 lists with respect to topic precision (P: 0.29). 

Table 6.5 contains a summary of the ANOVA analysis data for topic precision. In 

addition to the ANOVA results, table 6.5 also includes descriptive statistics for all 10 lists 

including mean, standard deviation, standard error, 95% confidence interval, minimum 

and maximum values for each of the 10 lists.  

 

 N Mean 

Std. 

Deviation Std. Error 95% Confidence Interval for Mean Minimum Maximum

          Lower Bound Upper Bound     

1 10 .8650 .10544 .03334 .7896 .9404 .67 1.00 

2 10 .7670 .11412 .03609 .6854 .8486 .67 1.00 

3 10 .8810 .08212 .02597 .8223 .9397 .83 1.00 

4 10 .7910 .10354 .03274 .7169 .8651 .63 .88 

5 10 .8160 .12140 .03839 .7292 .9028 .67 1.00 

6 10 .8290 .08837 .02795 .7658 .8922 .63 .88 

7 10 .8200 .11353 .03590 .7388 .9012 .60 1.00 

8 10 .8430 .18421 .05825 .7112 .9748 .43 1.00 

9 10 .7640 .21634 .06841 .6092 .9188 .25 1.00 

10 10 .9020 .12761 .04035 .8107 .9933 .63 1.00 

Total 100 .8278 .13331 .01333 .8013 .8543 .25 1.00 

ANOVA Sum of Squares df Mean Square F Sig. 

Between Groups .193 9 .021 1.230 .287 

Within Groups 1.567 90 .017   

Total 1.759 99    

Table 6.5 ANOVA and Descriptive Statistics for Topic Precision 

Pairwise two-sample t-tests were performed with results showing that our system list 

significantly outperformed list 2 and 4 in topic precision with P levels at 0.02 and 0.05, 

respectively. However, our system’s recall level was not statistically different from the 

topic precision levels of list 1, 3, 5, 6, 7, 8 and 9 with P levels at 0.49, 0.67, 0.14, 0.16, 

0.15, 0.42 and 0.1, respectively. Table 6.6 contains a summary of the two-sample t-tests 

between our system list and all the 9 lists generated by human subjects.  

 

  t-test for Equality of Means 



 

 

122

Sig.  

  T df (2-tailed)
Mean 

Difference
Std. Error 
Difference 

95% Confidence 
Interval of the 

Difference 
            Lower Upper
List 1 Vs. System -0.707 17.382 0.489 -0.037 0.05235 -0.14726 0.07326
List 2 Vs. System -2.494 17.78 0.023 -0.135 0.054 -0.249 -0.021
List 3 Vs. System -0.438 15.363 0.668 -0.021 0.048 -0.123 0.081 
List 4 Vs. System -2.136 17.267 0.047 -0.111 0.052 -0.221 -0.001
List 5 Vs. System -1.544 17.955 0.14 -0.086 0.056 -0.203 0.031 
List 6 Vs. System -1.487 16.018 0.156 -0.073 0.049 -0.177 0.031 
List 7 Vs. System -1.518 17.759 0.147 -0.082 0.054 -0.196 0.032 
List 8 Vs. System -0.833 16.021 0.417 -0.059 0.071 -0.209 0.091 
List 9 Vs. System -1.737 14.586 0.103 -0.138 0.079 -0.308 0.032 

Table 6.6 Two Sample T-test (Topic Precision) 

We can see from the results that when evaluated by undergraduate subjects, the 

system’s topic list may be at least comparable to, if not better than, the human-generated 

topic lists.  

 

6.5.1.2 Results from Topic Quality Evaluation by Expert Facilitator Subjects 

Table 6.7 shows the results of the list evaluation in stage 3 of the first experiment by 

4 expert facilitator subjects. The names of the 10 lists are listed on the top. The 4 subjects 

that give evaluations are listed on the left. For each subject, there are 6 rows associated. 

The first row indicates the rank assigned to each of the 10 lists. The second, third, fourth, 

fifth and sixth row refer to the “target”, “identified”, “relevant”, “recall” and “precision”, 

respectively. The definitions for each of these five terms are the same as in stage 2 of the 

first experiment. The only difference here is that the evaluation was given by 4 expert 

facilitators instead of 10 undergraduate subjects. 
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Table 6.7 indicates that as far as the rank is concerned, list 9 is the most controversial 

list because it was ranked as the best by 2 expert facilitators and the worst by the other 

two expert facilitators. Our system list was ranked the second worst twice but at the same 

time was ranked the second and third place by the other two expert facilitators. On 

average, our system list was ranked in the middle of the 10 lists. 

Further analysis revealed that expert facilitators rated system list as the third best in 

terms of both average topic recall and average topic precision, which are 0.81 and 0.81, 

respectively. The best list is list 6, which has both the best topic recall at 0.94 and the best 

topic precision at 0.84. The worst list is list 9, which received both the lowest topic recall 

at 0.28 and the lowest topic precision at 0.28.  

 
    LISTS 

SUBJECTS   List 1 List 2 List 3 List 4 List 5 List 6 List 7 List 8 List 9 
List 10 
system 

Subject 1 Rank 6 8 9 10 4 5 7 3 1 2 
  Target 7 6 7 8 8 8 8 8 8 8 
  Identified 6 6 6 8 6 8 5 7 8 8 
  Relevant 5 4 4 4 6 6 5 6 1 6 
  Recall 0.71 0.67 0.57 0.50 0.75 0.75 0.63 0.75 0.13 0.75 
  Precision 0.83 0.67 0.67 0.50 1.00 0.75 1.00 0.86 0.13 0.75 
Subject 2 Rank 2 1 3 5 4 8 6 7 10 9 

  Target 8 7 6 8 6 5 7 6 8 8 
  Identified 6 6 6 8 6 8 5 7 8 8 
  Relevant 5 6 6 6 5 5 5 6 0 7 
  Recall 0.63 0.86 1.00 0.75 0.83 1.00 0.71 1.00 0.00 0.88 
  Precision 0.83 1.00 1.00 0.75 0.83 0.63 1.00 0.86 0.00 0.88 
Subject 3 Rank 10 6 4 5 3 2 7 8 1 9 

  Target 6 6 6 8 6 8 5 7 8 8 
  Identified 6 6 6 8 6 8 5 7 8 8 
  Relevant 6 5 6 8 6 8 5 7 8 8 
  Recall 1.00 0.83 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 
  Precision 1.00 0.83 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 
Subject 4 Rank 7 9 1 8 6 2 5 4 10 3 

  Target 6 5 4 5 5 8 4 7 6 8 
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  Identified 6 6 6 8 6 8 5 7 8 8 
  Relevant 2 1 4 4 2 8 0 1 0 5 
  Recall 0.33 0.20 1.00 0.80 0.40 1.00 0.00 0.14 0.00 0.63 
  Precision 0.33 0.17 0.67 0.50 0.33 1.00 0.00 0.14 0.00 0.63 
            
Average Recall 0.67 0.64 0.89 0.76 0.75 0.94 0.58 0.72 0.28 0.81 
Average Precision 0.75 0.67 0.83 0.69 0.79 0.84 0.75 0.71 0.28 0.81 

Table 6.7 Topic Recall and Topic Precision for 10 Lists by Expert Facilitators 

For topic recall, statistical analysis of the results showed that based on 5% 

significance level with P at 0.05, the F-test (analysis of variance, ANOVA) found that 

consistent with the evaluation given by undergraduate subjects, there was no significant 

difference among the 10 lists with respect to topic recall (P: 0.21). Table 6.8 contains a 

summary of the ANOVA analysis data for topic recall. In addition to the ANOVA results, 

table 6.8 also includes descriptive statistics for all 10 lists including mean, standard 

deviation, standard error, 95% confidence interval, minimum and maximum values. 

 

 N Mean 

Std. 

Deviation Std. Error 

95% Confidence Interval for 

Mean Minimum Maximum

          Lower Bound Upper Bound     

1.00 4 .6675 .27548 .13774 .2291 1.1059 .33 1.00 

2.00 4 .6400 .30496 .15248 .1547 1.1253 .20 .86 

3.00 4 .8925 .21500 .10750 .5504 1.2346 .57 1.00 

4.00 4 .7625 .20565 .10282 .4353 1.0897 .50 1.00 

5.00 4 .7450 .25252 .12626 .3432 1.1468 .40 1.00 

6.00 4 .9375 .12500 .06250 .7386 1.1364 .75 1.00 

7.00 4 .5850 .42115 .21057 -.0851 1.2551 .00 1.00 

8.00 4 .7225 .40582 .20291 .0767 1.3683 .14 1.00 

9.00 4 .2825 .48224 .24112 -.4849 1.0499 .00 1.00 

10.00 4 .8150 .16010 .08005 .5602 1.0698 .63 1.00 

Total 40 .7050 .32151 .05084 .6022 .8078 .00 1.00 

ANOVA Sum of Squares df Mean Square F Sig. 

Between Groups 1.220 9 .136 1.447 .213 

Within Groups 2.811 30 .094   

Total 4.031 39    

Table 6.8 ANOVA and Descriptive Statistics for Topic Recall by Expert Facilitators 
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Pairwise two-sample t-tests were performed with results showing that our system’s 

topic recall level was not statistically different from all other lists generated by human 

subjects with all values of P much greater than 0.05. Table 6.9 contains a summary of the 

two-sample t-tests between our system list and the 9 lists generated by human subjects. 

 

  t-test for Equality of Means 
Sig.  

  T df (2-tailed)
Mean 

Difference
Std. Error 
Difference 

95% Confidence 
Interval of the 

Difference 
            Lower Upper
List 1 Vs. System -0.926 4.819 0.399 -0.148 0.159 -0.562 0.267 
List 2 Vs. System -1.016 4.537 0.361 -0.175 0.172 -0.632 0.282 
List 3 Vs. System 0.578 5.545 0.586 0.078 0.134 -0.257 0.412 
List 4 Vs. System -0.403 5.660 0.702 -0.053 0.130 -0.376 0.271 
List 5 Vs. System -0.468 5.076 0.659 -0.070 0.149 -0.453 0.313 
List 6 Vs. System 1.206 5.667 0.276 0.123 0.102 -0.130 0.375 
List 7 Vs. System -1.021 3.849 0.367 -0.230 0.225 -0.865 0.405 
List 8 Vs. System -0.424 3.912 0.694 -0.092 0.218 -0.704 0.519 
List 9 Vs. System -2.096 3.653 0.111 -0.533 0.254 -1.265 0.200 

Table 6.9 Two Sample T-test (Topic Recall) by Expert Facilitators 

For topic precision comparison, statistical analysis of the F-test (analysis of variance 

ANOVA) based on the 5% significance level with P at 0.05 also revealed that, consistent 

with the evaluation given by undergraduate subjects, there was no significant difference 

among the 10 lists with respect to topic precision (P: 0.49). Table 6.10 contains a 

summary of the ANOVA analysis data for topic precision. In addition to the ANOVA 

results, table 6.10 also includes descriptive statistics for all 10 lists including mean, 

standard deviation, standard error, 95% confidence interval, minimum and maximum 

values for each of the 10 lists.  
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 N Mean Std. Deviation Std. Error 95% Confidence Interval for Mean Minimum Maximum

          Lower Bound Upper Bound     

1.00 4 .7475 .28964 .14482 .2866 1.2084 .33 1.00 

2.00 4 .6675 .35799 .17900 .0979 1.2371 .17 1.00 

3.00 4 .8350 .19053 .09526 .5318 1.1382 .67 1.00 

4.00 4 .6875 .23936 .11968 .3066 1.0684 .50 1.00 

5.00 4 .7900 .31696 .15848 .2856 1.2944 .33 1.00 

6.00 4 .8450 .18556 .09278 .5497 1.1403 .63 1.00 

7.00 4 .7500 .50000 .25000 -.0456 1.5456 .00 1.00 

8.00 4 .7150 .38897 .19449 .0961 1.3339 .14 1.00 

9.00 4 .2825 .48224 .24112 -.4849 1.0499 .00 1.00 

10.00 4 .8150 .16010 .08005 .5602 1.0698 .63 1.00 

Total 4

0 
.7135 .33039 .05224 .6078 .8192 .00 1.00 

ANOVA Sum of Squares df Mean Square F Sig. 

Between Groups .957 9 .106 .967 .486 

Within Groups 3.300 30 .110   

Total 4.257 39    

Table 6.10 ANOVA and Descriptive Statistics for Topic Precision by Expert    
Facilitators 

 
Pairwise two-sample t-tests were performed with results showing that our system’s 

topic precision level was not statistically different from all other lists generated by human 

subjects with all values of P much greater than 0.05. Table 6.11 contains a summary of 

the two-sample t-tests between our system list and all the 9 lists generated by human 

subjects. 

 

  t-test for Equality of Means 
Sig.  

  T Df (2-tailed)
Mean 

Difference
Std. Error 
Difference 

95% Confidence 
Interval of the 

Difference 
            Lower Upper
List 1 Vs. System -0.408 4.677 0.701 -0.067 0.165 -0.502 0.367 
List 2 Vs. System -0.752 4.154 0.492 -0.148 0.196 -0.684 0.389 
List 3 Vs. System 0.161 5.827 0.878 0.020 0.124 -0.287 0.327 
List 4 Vs. System -0.886 5.237 0.415 -0.128 0.144 -0.493 0.238 
List 5 Vs. System -0.141 4.437 0.894 -0.025 0.178 -0.499 0.449 
List 6 Vs. System 0.245 5.874 0.815 0.030 0.123 -0.271 0.331 
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List 7 Vs. System -0.248 3.609 0.818 -0.065 0.263 -0.826 0.696 
List 8 Vs. System -0.475 3.988 0.659 -0.100 0.210 -0.685 0.485 
List 9 Vs. System -2.096 3.653 0.111 -0.533 0.254 -1.265 0.200 

Table 6.11 Two Sample T-test (Topic Precision) by Expert Facilitators 

6.5.2 Experiment 2 – Results 

 The second experiment consists of two stages. Stage 1 asked 5 undergraduate 

subjects to place relevant comments into their respective categories. As a result, a total of 

5 comment placement lists was generated by human subjects. Our idea organization 

system produced a comment placement list automatically. These six lists altogether were 

given to 16 undergraduates for evaluation in stage 2 of the second experiment.  

Table 6.12 shows the time spent for each of the lists. System list finishes the entire 

idea organization task for 0.67 second whereas the time spent by humans for comment 

placement task alone ranges from 21 minutes to 32 minutes. 

 
List 1 2 3 4 (system) 5 6 

Time 27 minutes 21 minutes 27 minutes 0.67 second including 
topic generation 25 minutes 32 minutes

Table 6.12 Time Spent for Each Comment Placement List 

Table 6.13 shows the results of the comment placement list evaluation by 16 human 

subjects in stage 2 of the second experiment. The names of the 6 lists including the 

system list (i.e., list 4) and the manual list (i.e., list 1, 2, 3, 5, 6) are listed on the top. The 

16 human subjects that give evaluations to the 6 lists are listed on the left. Similar to the 

evaluation of topic categories, there are 6 rows associated for each human subject. The 

first row indicates the rank assigned to each of the 6 lists. The second, third and fourth 

row refer to the “target”, “identified” and “relevant”, respectively.  
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  LISTS 

SUBJECTS  
List  
1 

List  
2 

List  
3 

List 4 
System 

List  
5 

List  
6 

Subject 1 Rank 5 1 4 3 6 2 
  Target 123 123 125 126 126 125 
  Identified 138 99 101 82 106 106 
  Relevant 38 40 58 51 51 62 
  Recall 0.31 0.33 0.46 0.40 0.40 0.50 
  Precision 0.28 0.40 0.57 0.62 0.48 0.58 
Subject 2 Rank 3 6 2 1 4 5 
  target 132 125 122 124 131 128 
  identified 138 99 101 82 106 106 
  relevant 66 33 58 53 55 68 
  recall 0.50 0.26 0.48 0.43 0.42 0.53 
  precision 0.48 0.33 0.57 0.65 0.52 0.64 
Subject 3 Rank 6 3 4 5 2 1 
  target 128 108 102 109 111 113 
  identified 138 99 101 82 106 106 
  relevant 76 61 90 77 70 88 
  recall 0.59 0.56 0.88 0.71 0.63 0.78 
  precision 0.55 0.62 0.89 0.94 0.66 0.83 
Subject 4 Rank 3 2 4 6 1 5 
  target 125 122 122 122 125 120 
  identified 138 99 101 82 106 106 
  relevant 80 38 56 48 52 57 
  recall 0.64 0.31 0.46 0.39 0.42 0.48 
  precision 0.58 0.38 0.55 0.59 0.49 0.54 
Subject 5 Rank 6 4 1 3 2 5 
  target 122 100 95 87 97 95 
  identified 138 99 101 82 106 106 
  relevant 100 71 80 67 76 75 
  recall 0.82 0.71 0.84 0.77 0.78 0.79 
  precision 0.72 0.72 0.79 0.82 0.72 0.71 
Subject 6 Rank 6 3 5 2 4 1 
  target 133 109 108 97 113 123 
  identified 138 99 101 82 106 106 
  relevant 121 93 95 78 101 104 
  recall 0.91 0.85 0.88 0.80 0.89 0.85 
  precision 0.88 0.94 0.94 0.95 0.95 0.98 
Subject 7 Rank 5 6 2 3 4 1 
  target 125 125 125 125 124 126 
  identified 138 99 101 82 106 106 
  relevant 52 48 68 57 56 70 
  recall 0.42 0.38 0.54 0.46 0.45 0.56 
  precision 0.38 0.48 0.67 0.70 0.53 0.66 
Subject 8 Rank 6 5 1 2 4 3 
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  target 145 128 119 111 123 123 
  identified 138 99 101 82 106 106 
  relevant 96 89 99 80 87 99 
  recall 0.66 0.70 0.83 0.72 0.71 0.80 
  precision 0.70 0.90 0.98 0.98 0.82 0.93 
Subject 9 Rank 1 5 2 6 4 3 
  target 143 117 116 102 117 120 
  identified 138 99 101 82 106 106 
  relevant 122 92 96 75 97 102 
  recall 0.85 0.79 0.83 0.74 0.83 0.85 
  precision 0.88 0.93 0.95 0.91 0.92 0.96 
Subject 10 Rank 3 5 6 4 2 1 
  target 135 103 101 86 103 102 
  identified 138 99 101 82 106 106 
  relevant 125 88 90 74 99 100 
  recall 0.93 0.85 0.89 0.86 0.96 0.98 
  precision 0.91 0.89 0.89 0.90 0.93 0.94 
Subject 11 Rank 6 3 4 5 2 1 
  target 138 119 109 94 114 114 
  identified 138 99 101 82 106 106 
  relevant 117 92 101 79 106 106 
  recall 0.85 0.77 0.93 0.84 0.93 0.93 
  precision 0.85 0.93 1.00 0.96 1.00 1.00 
Subject 12 Rank 5 2 6 1 3 4 
  target 134 106 103 89 111 112 
  identified 138 99 101 82 106 106 
  relevant 107 79 83 65 86 85 
  recall 0.80 0.75 0.81 0.73 0.77 0.76 
  precision 0.78 0.80 0.82 0.79 0.81 0.80 
Subject 13 Rank 5 2 6 1 3 4 
  target 138 108 111 91 106 105 
  identified 138 99 101 82 106 106 
  relevant 87 70 84 70 90 94 
  recall 0.63 0.65 0.76 0.77 0.85 0.90 
  precision 0.63 0.71 0.83 0.85 0.85 0.89 
Subject 14 Rank 5 6 3 4 2 1 
  target 147 118 106 93 114 113 
  identified 138 99 101 82 106 106 
  relevant 127 89 95 81 106 104 
  recall 0.86 0.75 0.90 0.87 0.93 0.92 
  precision 0.92 0.90 0.94 0.99 1.00 0.98 
Subject 15 Rank 5 6 2 4 3 1 
  target 135 106 109 95 108 111 
  identified 138 99 101 82 106 106 
  relevant 114 84 98 79 96 100 
  recall 0.84 0.79 0.90 0.83 0.89 0.90 
  precision 0.83 0.85 0.97 0.96 0.91 0.94 
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Subject 16 Rank 1 6 2 3 5 4 
  target 136 103 99 81 107 104 
  identified 138 99 101 82 106 106 
  relevant 128 97 97 77 99 99 
  recall 0.94 0.94 0.98 0.95 0.93 0.95 
  precision 0.93 0.98 0.96 0.94 0.93 0.93 
       
Average Recall 0.72 0.65 0.77 0.70 0.74 0.78 
Average Precision 0.70 0.73 0.83 0.85 0.78 0.83 

Table 6.13 Placement Recall and Placement Precision for 6 Lists 

The definitions of “target”, “identified” and “relevant” in comment placement list 

evaluation are a little different from those in topic evaluation. For each list, the “target” 

shown in table 6.13 is the sum of individual “target” value for each of the 8 topic 

categories within the list. Each topic has its own “target”, which refers to the number of 

comments that remain under that category after the human subject completes adding 

missing comments and deleting irrelevant comments. Similarly, “identified” shown in 

table 6.13 is the sum of individual “identified” value for each of the 8 topics within the 

list. Each topic category also has its own “identified”, which is the total number of 

comments that are listed under the associated category before the human subject starts 

deleting and adding comments to that category. “Relevant” shown in table 6.13 is 

obtained by adding up individual “relevant” values for each of the 8 topics. Each topic 

category has its own “relevant” value, which is the intersection of its own “target” and 

“identified”; that is, “relevant” for each topic refers to the number of comments in the 

topic of the original list that remain in the topic of the corrected list.  

The use of “target”, “identified” and “relevant” allows the analysis of quality of 

comment placement by standard recall and precision techniques from information 
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retrieval literature. In this experiment, we defined placement recall and placement 

precision, which are shown on the fifth and sixth row for each individual human subject 

in table 6.13. Placement recall is generated by dividing the number of relevant items by 

the number of target items for each subject, representing the percentage of relevant 

comments placed in the corrected list. Placement precision is computed by dividing the 

number of relevant items by the number of identified, representing the percentage of 

relevant comments in the original list. Values of these two measures are between 0 and 1. 

Higher values of placement recall and placement precision are desirable.  

In terms of the ranks given to the 6 lists, table 6.13 indicates that list 6 was rated the 

best by 7 human subjects. Our system list was ranked the best by 3 human subjects. List 1 

and 2 were rated the best twice whereas list 3 and 5 were rated the best only once.  

In terms of average placement recall, our system’s list is the second worst (recall = 

0.70). The list that has the highest level of average comment placement recall is list 6 

(recall = 0.78). However, in terms of average placement precision, our system list has the 

highest value of 0.85, which is followed by list 6 (precision = 0.83), list 3 (precision = 

0.83), list 5 (precision = 0.78), list 2 (precision = 0.73), and list 1 (precision = 0.70). 

With respect to placement recall, statistical analysis of the results showed that the F-

test (analysis of variance, ANOVA) found that there was no significant difference among 

the 6 lists based on the 5% significance level with P at 0.05 (P=0.42). Table 6.14 contains 

a summary of the ANOVA analysis data for comment placement recall. In addition to the 

ANOVA results, table 6.14 also includes descriptive statistics for all 6 lists including 
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mean, standard deviation, standard error, 95% confidence interval, minimum and 

maximum values.  

 

 N Mean 

Std. 

Deviation Std. Error 95% Confidence Interval for Mean Minimum Maximum

          Lower Bound Upper Bound     

1 16 .7219 .19222 .04806 .6194 .8243 .31 .94 

2 16 .6494 .21524 .05381 .5347 .7641 .26 .94 

3 16 .7731 .17980 .04495 .6773 .8689 .46 .98 

4 16 .7044 .18122 .04530 .6078 .8009 .39 .95 

5 16 .7369 .20684 .05171 .6267 .8471 .40 .96 

6 16 .7800 .16927 .04232 .6898 .8702 .48 .98 

Total 96 .7276 .19150 .01954 .6888 .7664 .26 .98 

ANOVA Sum of Squares df Mean Square F Sig. 

Between Groups .186 5 .037 1.013 .415 

Within Groups 3.298 90 .037   

Total 3.484 95    

Table 6.14 ANOVA and Descriptive Statistics for Placement Recall 

Pairwise two-sample t-tests were performed with results showing that our system’s 

placement recall level was not statistically different from the placement recall levels of 

all other lists including list 1, 2, 3 5 and 6 with P levels at 0.80, 0.44, 0.29, 0.64, 0.23, 

respectively. Table 6.15 contains a summary of the two-sample t-tests for placement 

recall between our system list and other 5 lists generated by undergraduate subjects. 

 

 t-test for Equality of Means 
Sig. 

  T Df (2-tailed)
Mean 

Difference
Std. Error 
Difference

95% Confidence 
Interval of the 

Difference 
            Lower Upper 
List 1 Vs. System 0.265 29.896 0.793 0.018 0.066 -0.117 0.152 
List 2 Vs. System -0.782 29.154 0.441 -0.055 0.07 -0.199 0.089 
List 3 Vs. System 1.077 29.998 0.29 0.069 0.064 -0.062 0.199 
List 5 Vs. System 0.473 29.49 0.64 0.033 0.069 -0.108 0.173 
List 6 Vs. System 1.22 29.862 0.232 0.076 0.062 -0.051 0.202 
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Table 6.15 Two Sample T-test (Placement Recall) 

For placement precision comparison, statistical analysis of the F-test (analysis of 

variance ANOVA) revealed that based on the 5% significance level with P at 0.05, there 

was no significant difference among the 6 lists with respect to placement precision (P: 

0.15). Table 6.16 contains a summary of the ANOVA analysis data for placement 

precision. In addition to the ANOVA results, table 6.16 also includes descriptive statistics 

for all 6 lists including mean, standard deviation, standard error, 95% confidence interval, 

minimum and maximum values.  

 

 N Mean 

Std. 

Deviation Std. Error 

95% Confidence Interval for 

Mean Minimum Maximum

          

Lower 

Bound Upper Bound     

1 16 .7063 .20409 .05102 .5975 .8150 .28 .93 

2 16 .7350 .22441 .05610 .6154 .8546 .33 .98 

3 16 .8325 .15801 .03950 .7483 .9167 .55 1.00 

4 16 .8469 .13671 .03418 .7740 .9197 .59 .99 

5 16 .7825 .18916 .04729 .6817 .8833 .48 1.00 

6 16 .8319 .15609 .03902 .7487 .9150 .54 1.00 

Total 96 .7892 .18374 .01875 .7519 .8264 .28 1.00 

ANOVA Sum of Squares df Mean Square F Sig. 

Between Groups .270 5 .054 1.656 .154 

Within Groups 2.937 90 .033   

Total 3.207 95    

Table 6.16 ANOVA and Descriptive Statistics for Placement Precision 

Pairwise two-sample t-tests were performed with results showing that our system list 

significantly outperformed list 1 on placement precision with P levels at 0.03. However, 

our system’s placement precision level was not statistically different from placement 

precision levels of list 2, 3, 5, and 6 with P levels at 0.10, 0.79, 0.28, and 0.77, 
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respectively. Table 6.17 contains a summary of the two-sample t-tests for placement 

precision between our system list and other 5 lists generated by human subjects.  

 

  t-test for Equality of Means 
Sig.  

  t Df 
(2-

tailed)
Mean 

Difference
Std. Error 
Difference

95% Confidence 
Interval of the 

Difference 
       Lower Upper 
List 1 Vs. System -2.29 26.205 0.03 -0.141 0.061 -0.267 -0.014 
List 2 Vs. System -1.703 24.786 0.101 -0.112 0.066 -0.247 0.023 
List 3 Vs. System -0.275 29.392 0.785 -0.014 0.052 -0.121 0.092 
List 5 Vs. System -1.103 27.311 0.28 -0.064 0.058 -0.184 0.055 
List 6 Vs. System -0.289 29.488 0.774 -0.015 0.052 -0.121 0.091 

Table 6.17 Two Sample T-test (Placement Precision) 

We can see from the results that in terms of placement precision, the system’s 

comment placement list is at least comparable, if not better than the manually generated 

placement lists by human subjects. For placement recall comparison, system’s list was 

also proven to be at least comparable to all the human-generated comment placement lists. 
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CHAPTER 7: DISCUSSION 

The chapter contains a discussion of the experimental results that were presented in 

Chapter 6. The discussion follows the structure of the two experiments, with each 

experiment discussed separately. Interpretations and insights are given based upon the 

evidence obtained from experiments.  

 

7.1 Experiment 1 

This section discusses the major findings from the study about quality of the topics 

generated by the system. The goal of experiment 1 is to examine whether the system-

generated topic list is comparable to human-generated topic lists. Three stages of the first 

experiment were conducted separately consisting of manual generation of at most 8 topic 

categories by 9 undergraduate subjects, evaluation of topic lists by 10 different 

undergraduate subjects, and evaluation of topic lists by 4 expert facilitator subjects.  

The manual generation of topics took between 20 and 41 minutes, considerably 

longer than 0.67 second (including topic placement) clocked by the system. This 

indicates that the system has tremendous edge over manual processing in terms of time 

efficiency.  In addition, our system compares favorably to previous studies. For example, 

one of the previous studies using Hopfield algorithm produced a topic list in 7 minutes 

for around 300 comments (Chen, Hsu et al. 1994).  

The results given by undergraduate subjects also suggest that topic recall of system-

generated topic list was rated the highest of all the lists on average and also significantly 

higher than that of five human lists. Ideally, the set of topics generated would cover all 
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topics present in the input collection of brainstorming comments. The higher the topic 

recall, the higher the capability to generate diverse topics that correspond to the ideal 

topics. The topic recall results show that the topic list generated by the system is 

significantly closer to the list of ideal topics than the five of the nine human-generated 

lists of topics, demonstrating that the system has the capability to generate a diverse set of 

important topics as compared with human subjects. The results are not surprising and are 

in line with the fact that the decomposed orthogonal vectors are uncorrelated and thus can 

be treated as distinct topic vectors in our SVD-enabled system. These topic vectors are 

the basic building blocks upon which our eight topic labels are generated. 

The results given by undergraduate subjects also reveal that topic precision of 

system-generation topic list was rated the highest of all the lists on average and 

significantly higher than that of two human lists. Ideally, the set of topics generated 

would all be right topics without any irrelevant ones. The higher of topic precision, the 

higher the capability to generate accurate topics. The topic precision results show that the 

list of 8 topics generated by the system are significantly more accurate than two human 

lists of topics, demonstrating that the system has the capability to generate a more 

accurate list of important topics than human subjects. The results are also in support of 

the underlying technical properties of our SVD-enabled system in that the system tries to 

use the smallest number of topic vectors to reconstruct the largest percentage of the 

original term-document matrix. The result is that the system chooses the top eight 

orthogonal vectors that maximize the percentage of the original matrix that can be 

captured to 52%. Therefore, these eight topics are the most representative of all the 
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brainstorming comments. In addition, the high precision of the system may also be 

attributed to how the topic labels are generated. The system gave more weights to phrases 

than single terms that result in 7 topics represented by phrases. These phrases are much 

easier to understand and more precise in meaning than single terms when used to 

represent the content of topics. 

One of the major reasons for using two groups of human subjects to evaluate topic 

quality is to find out whether the same lists are evaluated differently by expert facilitators 

as compared with undergraduate subjects. While undergraduates may be domain experts 

familiar with the subject matter under discussion, expert facilitators have more 

experience in facilitating groups to generate topics. Expert facilitator subjects further 

corroborate the results given by undergraduate subject to a certain degree by rating both 

topic recall and topic precision as the third highest on average. The ANOVA results show 

that regardless of who the human subjects are, there is no significant difference among all 

the lists including human-generated lists and system-generated list. Given the limited 

number of human subjects, no substantial claims could be made about this statistical 

result. Undergraduate subjects rated the system-generated topic list more favorably than 

expert facilitators in topic recall and topic precision.  That is, for undergraduate subjects, 

topic recall and topic precision of system-generated topic list were both rated higher than 

those of several human-generated topic lists.  However, for expert facilitator subjects, no 

significant difference was detected on topic recall and topic precision between system-

generated topic list and any one of the human-generated lists. The relatively low ratings 

given to system-generated list by expert facilitators may be partially attributed to the 
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limited number of expert facilitators in the experiment. There are only 4 expert 

facilitators participating in the experiment as compared with 10 undergraduate subjects. 

Given the limited number of expert facilitators, it is relatively hard to detect a pattern on 

the quality of a topic list. For example, out of the 4 expert facilitator subjects, two 

subjects rated system’s list as the second worst whereas the other two subjects rated as 

the second and third best. In addition, list 9 was ranked as the best by 2 expert facilitators 

but as the worst by the other two expert facilitators. In comparison, out of the 10 

undergraduate subjects, six rated system’s topic list as the best and the second best 

whereas two subjects rates system’s topic list as worst and fourth worst.  

 

7.2 Experiment 2 

This section discusses the major findings from the study about quality of the 

comment placement list generated by the system. The goal of experiment 2 is to examine 

how the system-generated comment placement list is compared with human-generated 

comment placement lists. Two stages of the second experiment were conducted 

separately consisting of manual generation of comment placement lists by 5 

undergraduate subjects, evaluation of comment placement lists by 16 different 

undergraduate subjects. 

The manual generation of topics took between 21 and 32 minutes, considerably 

longer than 0.67 second (including topic generation) clocked by the system. This 

indicates that the system has tremendous edge over manual processing in terms of time 

efficiency.  Previous studies did not reveal time spent for comment placement per se.   
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The results given by undergraduate subjects suggest that system’s comment 

placement list was rated the second best in terms of overall ranks given. However, there 

was quite a difference in terms of placement recall and placement precision as explored 

in the following. 

The results given by undergraduate subjects also suggest that placement recall of 

system-generated topic list was rated the second worst of all the 6 lists on average 

although there is not significant difference in placement recall between the system-

generated list and the human-generated comment placement lists. Ideally, the set of all 

relevant comments would be listed under their respective topics. The higher the 

placement recall, the higher the percentage of relevant comments to be placed under their 

respective topics. The placement recall results show that the comment placement list 

generated by the system allows relatively fewer relevant comments to be placed into their 

respective topics though that difference is not significant between the system’s comment 

placement list and any of the five human-generated lists of topics. 

In contrast to placement recall, the results given by undergraduate subjects suggest 

that placement precision of system-generated comment placement list was rated the best 

of all the 6 lists on average and significantly higher than that of one human-generated 

comment placement list. However, there is no significant difference in placement recall 

between the system-generated comment placement list and the human-generated 

comment placement lists. Ideally, the set of comments listed under topics would all be 

relevant to their respective topics. The higher the placement precision, the higher the 

percentage of comments that is relevant to their respective topics. The placement 
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precision results show that the comment placement list generated by the system allows 

topics to have significantly more relevant comments than one of the comment placement 

lists generated by human subjects.  

The results of low placement recall and high placement precision may be explained 

by the relatively high placement threshold value we set in the system. Since the comment 

placement is based on the traditional information retrieval techniques, there is always a 

tradeoff between recall and precision. The purpose of comment placement in idea 

organization is to provide a context to and validate the content of the topics generated. 

Therefore, one of the design decisions is to increase the precision value. The results 

correspond well to the design decisions we made in the system. Given the limitation of 

the key word search, there are several cases where comments sharing the same topic are 

not assigned due to the difference in key words. For example, “technology” is generated 

as a topic label. By using “technology” as a key word, relevant comments that contain 

abbreviations such as “high tech” but not “technology” are assigned a smaller weight, and 

thus may end up not being placed to the “technology” topic.  

 

 

 

 

 

 

 



 

 

141

CHAPTER 8: CONCLUSIONS, CONTRIBUTIONS, LIMITATIONS AND 
FUTURE DIRECTION 

This chapter concludes the research by presenting a summary of our automatic 

approach to idea organization in GSS as well as a summary of the experimental results. 

We further explore implications and limitations of this research and discuss possible 

future direction of this line of research. 

This research is aimed at complementing GSS with automatic idea organization 

support. Group support systems are often equipped with various important software tools 

that can be employed to support individual steps in a collaboration process. While 

divergent tools prove very useful in divergent activities, GSS do not have effective tools 

available to help group participants reduce information overload and cognitive demand 

associated with idea organization in GSS. Current tools associated with idea organization 

rely exclusively on participants to manually classify all comments into topic categories 

with little or no support to help participants reduce the high cognitive demand.  

This research continues the line of research on providing cognitive support by 

automating idea organization task in GSS. To help achieve the goal of automating idea 

organization task in GSS, this research designs and tests a SVD-enabled system to 

automate the often problematic idea organization task in GSS. Specifically, this research 

is conducted to examine how the idea organization task, typically regarded as the most 

labor-intensive, time-consuming and cognitively demanding in group problems solving, 

can be automated using a system enabled by singular value decomposition algorithm, and 

how the automatic idea organization approach is compared with a manual approach done 

by humans in terms of performance. For the purpose of evaluation, we compare the 
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performance of our automated approach using SVD algorithm against that of human 

subjects. Two separate experiments are conducted which deal with evaluating the 

performance of the automatic approach on two essential components of an idea 

organization; namely, generation of topic categories and placement of relevant comments 

into their respective categories.  

We can conclude from this research that important progress can be made in 

providing cognitive support to idea organization task in GSS with an automatic approach. 

In particular, the output of our research, an SVD-enabled idea organization system tool, is 

proven to be able to automatically accomplish idea organization task in terms of creating 

topic categories and placing relevant comments into their respective topics with 

performance comparable to human performance levels. Further conclusions are discussed 

below. This research contributes to the solution of managing the complexities involved 

with cognitively processing large volume of noisy textual brainstorming data in idea 

organization by automatically suggesting a list of topic categories with each category 

followed by a list of relevant comments. 

 

8.1 Conclusions 

This research demonstrates how an automatic approach with SVD algorithms can be 

used to perform an intelligent idea organization task including generation of topic 

categories and placement of relevant comments into their respective topics from 

brainstorming comments data produced in GSS sessions. Two separate experiments are 

conducted to evaluate the performance of our automatic idea organization system. The 
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brainstorming comments data used in both experiments are collected from two group 

sessions in GSS organized to tackle the same brainstorming question of finding ways to 

improve a student union center. 

The results of this research demonstrate that our automatic idea organization 

approach can be achieved both efficiently and effectively.  

In terms of efficiency, the system completes the generation of topic categories and 

the placement of relevant comments into their respective categories in no less than 1 

second. Comparatively, the time spent by individual for finishing both the task of topic 

category generation and comments placement ranges from 40 minutes to more than one 

hour.  

However, efficiency alone cannot make automatic idea organization feasible unless a 

satisfactory level of performance is reached. With respect to effectiveness, we measure 

the system’s performance in terms of recall and precision in two separate experiments 

covering both topic category generation and comment placement. 

To evaluate the system’s performance in terms of topics generated, we first have the 

system automatically generate 8 topics. Then 9 undergraduates subjects work as domain 

experts to manually produce their own lists of topics. With the output from the system 

and the 9 undergraduate subjects, the measure of performance that we use is to compare 

the system’s list of topics with the 9 lists of topics generated separately by 9 

undergraduate subjects. The comparison is conducted by two groups of human subjects.  

The first group consists of 10 undergraduate subjects different from those who 

generate the topic lists earlier. Specific conclusions from this experiment include: In term 
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of general perception of performance, system’s topic list is ranked the best by 4 out of 10 

human subjects, more frequently than any other lists. System’s topic list has the highest 

average topic recall although statistically topic recall of the system is not different from 

that of other 9 lists. More promisingly, topic recall of the system significantly 

outperforms that of other 5 lists out of a total of 9 human lists. Similarly, system’s topic 

list has the highest average topic precision although statistically topic precision of the 

system is not different from that of the other 9 lists. Topic precision by the system also 

significantly outperforms that of other 2 lists.  

The second group consists of 4 expert facilitators. Specific conclusions drawn from 

this experiment include: In terms of general perception of performance, system’s topic 

list is ranked in the second and the third best out of 10 lists by 2 of expert facilitators 

respectively, but ranked the second worst by the other two expert facilitators. System’s 

topic list has the third highest average topic recall although statistically topic recall of the 

system is not different from that of other 9 lists. A pairwise comparison of topic recall of 

the system with that of other 9 lists does not reveal any significant difference. Similarly, 

system’s topic precision has the third highest average topic precision although 

statistically topic precision of the system is not different from that of other 9 lists. A 

pairwise comparison of topic precision of the system with that of other 9 lists also does 

not indicate any significant difference.  

To evaluate the system’s performance in terms of comment placement, we first have 

the system automatically place relevant comments into the 8 topics earlier generated by 

the system. Then 5 undergraduates subjects work as domain experts to manually place 
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what they believe relevant comments into their respective topics out of the 8 system-

generated topics. With the output from the system and the 5 undergraduate subjects, the 

measure of performance that we use is comparing the system’s list of comment 

placement with the 5 lists of comment placement generated separately by 5 

undergraduate subjects. The comparison is conducted by a group of 16 undergraduate 

subjects, who are different from the 5 subjects who earlier generate the comment 

placement. Specific conclusions from this experiment include: in terms of general 

perception of performance, system’s comment placement list is ranked the best out of 6 

lists by 3 human subjects, which is a fairly good evaluation though not as good as that of 

list 6, which is ranked the best by 7 human subjects. System’s comment placement list 

has the second worst average placement recall although statistically placement recall of 

the system is not different from that of other 5 lists. A pairwise comparison of placement 

recall of the system with that of other 5 lists does not reveal any significant difference. 

Interestingly, system’s placement precision has the highest average placement precision 

although statistically placement precision of the system is not significantly different from 

that of other 5 lists. A pairwise comparison of placement precision of the system with that 

of other 5 lists shows that the system’s comment placement list outperforms one human 

list out of a total of 5 human lists.  

 To sum up, the research demonstrates that regardless of who the human subjects are, 

there is no significant difference among all the lists including human-generated lists and 

system-generated list in terms of topic recall and topic precision. Given the limited 

number of human subjects, no substantial claims could be made about this statistical 
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result. Particularly, when evaluated by undergraduate subjects, the topic recall and topic 

precision of the system even significantly outperforms several human lists. When 

evaluated by expert facilitators, the relatively moderate performance of system in terms 

of topic recall and topic precision may be because there are only 4 expert facilitators 

available as compared with 10 undergraduate subjects. Again, regardless of what groups 

of human subjects are, there is no significant difference among all the lists including 

human-generated lists and system-generated list in terms of placement recall and 

placement precision. Given the limited number of human subjects, no substantial claims 

could be made about this statistical result. 

 

8.2 Contributions 

The principal contribution of this research is the creation of an IT artifact: an SVD-

enabled automatic idea organization tool that can facilitate idea organization in group 

problem solving by automatically generating topic categories and placing comments into 

their respective topic categories. This is in line with the objective of design science in that 

our research extends the boundaries of human and organizational capabilities by creating 

new and innovative artifacts (Hevner, March et al. 2004). 

 The success of future GSS may well depend on partially or completely automating 

individual tasks to free group participants from various complex tasks such as idea 

organization in GSS environment. The proposed system greatly reduces the complexity 

of consolidating large volume of brainstorming output into manageable and meaningful 
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topics attached with relevant comments. Therefore, our automatic approach may provide 

a useful and promising direction for future GSS research. 

As demonstrated by a series of experiments, the system accomplishes idea 

organization both efficiently and effectively. As a result, it is seen that the efficiency and 

effectiveness of the system could provide a useful contribution to the group collaboration 

literature in terms of applying automatic approaches to specific tasks within a group 

collaboration process.  

This system can act as an auxiliary intelligent tool to automate idea organization in 

the process of group problem solving, a useful addition to the repertoire of tools in GSS. 

With the assistance provided by our system, group participants will find it much easier to 

understand, internalize and adapt a system-suggested topic list validated with relevant 

comments attached than to start from scratch in organizing the raw brainstorming 

comments. This new dimension to traditional GSS meetings provides a useful 

contribution to the group problem solving process that can be applied automatically in a 

consistent way.   

 

8.3 Limitations and Future Direction 

This research study is subject to several limitations and future study needs to be 

conducted to overcome these limitations.  

The experiments used in this study reveal several limitations. The participants in the 

experiments were sampled from both student and expert facilitator populations. The 

results from these participants may not generalize well to other populations for several 
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reasons. The students possess limited experience and knowledge regarding collaborative 

work in a professional setting. Given the complexity of the tasks involved in the 

experiments, expert facilitators and undergraduate subjects may not be motivated enough 

to induce high levels of cognitive effort in the experimental tasks. In addition, the study 

used a small sample size, limiting the power of the findings. The number of subjects used 

ranges from 4 expert facilitators used in stage 3 of experiment 1 to 16 undergraduate 

subjects used in stage 2 of experiment 2. The small sample size may lead to the limited 

statistical power in the results of the experiments. Therefore, future studies need to have a 

more representative sample from subjects and recruit more subjects to increase the 

statistical power. 

The configurations set in the system also have some limitations. For example, the 

results from the second experiment demonstrate that the system at current configurations 

is much better at placement precision than placement recall. Since the very purpose of 

comment placement is to validate the content of the topic, it is preferable to have better 

placement precision than placement recall. However, it remains to be seen whether more 

placement recall can be achieved without sacrificing placement precision. In the future, it 

may be worthwhile to tweak the system’s configuration in terms of the threshold value 

for comment placement in order to achieve the best possible trade off between placement 

recall and placement precision. In addition, the experiment is designed not to allow 

overlapping of topics for any comments; that is, one comment can only be placed into 

one topic instead of multiple topics. While reducing the cognitive load of human subjects, 

not allowing overlapping topics may not reflect the reality of idea organization where one 
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comment may be placed into multiple topics. Therefore, it may be worthwhile to simulate 

the real world situation in future experiments to allow for overlapping of topics. 

System-generated output has its limitations in terms of helping group participants 

better understand the relationships among the concepts. On one hand, the output from the 

system can potentially serve as a starting point to help group participants get a better 

understanding of relationships among the concepts than to organize ideas from scratch. 

For example, the system-produced output provides a consolidated set of key topics so that 

group participants could get a general understanding of the relationships among them and  

how the brainstorming question are related to these key topics. With relevant comments 

placed topics, group participants could immediately see the linkage between the topics 

and underlying comments. In addition, browsing and understanding the relationships 

among the concepts from brainstorming comments exerts considerable cognitive demand 

from users. Therefore, the efforts and cognitive power saved from the initial round of 

manual idea organization could be better spent on refining the system-produced output 

and thus achieve a better understanding of the relationships among the concepts.  On the 

other hand, while system-generated results have the potential to help group participants 

better understand the relationships among concepts, it is also the case that the act of 

starting from scratch to organize and discuss around group organizing could invoke 

deeper learning about relationships among concepts. Therefore, future studies may help 

untangle the impact of system-generated results as compared with manual processing on 

the understanding of relationships among concepts. 
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The system does not have a user-friendly user interface. We are planning in the 

future to develop an interface to our automatic idea organization tool and have results 

displayed visually in front of all group participants. In that way, participants can visually 

see the result and make further refinements by revising topic labels and adjusting the 

placement of comments into topic categories. In addition, rather than use our system as a 

separate tool, we are also planning to embed our system into the commercial product of 

GroupSystems or ThinkTank2.0. It is expected that the graphical display and integration 

of our system to GroupSystems for user interactions will further enhance the usefulness 

and performance of GSS, thus continuing its wide-spread adoption among collaborative 

participants. 
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APPENDIX A EXPERIMENT 1 – STAGE 1: INSTRUCTION – MANUAL TOPIC 
GENERATION 

 
Idea Organization Experiment 

Background 
Brainstorming session in group support systems (GSS) is used to generate as many ideas 
as possible to tackle a specific problem. Idea comments generated from a brainstorming 
task in GSS need to be organized into general topic categories before users can rank order 
them and decide on final options to solve the problem. This involves two steps 

• Generate categories which summarize important ideas out of all comments; 
• Assign relevant comments to their respective categories.  

 
These two steps of organizing idea comments into general topic categories is called idea 
organization in GSS.   
 
Objective of the Experiment 
Given a set of brainstorming output, please generate a maximum of 8 topic categories 
that can capture important ideas from the brainstorming output. 
 
Instruction: 
 
What you will see is a list of 138 comments generated from a brainstorming session 
where participants were college students who collaborated in an electronic meeting 
environment using GroupSystems.  The question posed to them is – What can we do to 
make our student union center a better place in the university? All participants 
brainstormed and generated a list of 138 comments which stated how they would make 
the student union center a better place in the university.  
 
The goal of the categorization process was to derive the lists of topic categories for use in 
rank order vote. The voting issues will be “In what order should we adopt these ways to 
make thee student union center a better place?” Assume that you are a facilitator and will 
lead a group through the voting. Think about the criteria that you will use to evaluate the 
lists. As a facilitator, what makes a good list? 
 
Read through the list of comments generated from the brainstorming session. Then 
complete the following two tasks 
 

1. Please read the comments carefully and come up with a maximum of 8 categories 
(Please do NOT exceed 8 categories) to summarize important ideas out of all the 
138 comments.  Please use single words or phrases in the comments for topic 
category names 

2. After you are finished with generating topic categories, please record the time you 
spend for this task 
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Here is an example of what you should do. 
 
Example Question: What are some of the ways that you can think of to solve the parking 
problems in the university? 
 
Brainstorming Comments Data: 

1. I guess we need to build more garages, as simple as that 
2. use existing space more efficiently 
3. get more garages 
4. we should make efficient use of existing space 
5. I don’t know. There are no solutions 

 
Your Response: 

• Topic categories generated:  
o Topic  1: garages;  
o Topic 2: efficient use of 

existing space 
• Time spent: 1 hour 
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APPENDIX B EXPERIMENT 1 – STAGE 1: FORM – MANUAL TOPIC 
GENERATION 

 
Idea Organization Experiment 

 
Before you begin, please first record your start time. 
Start Time: ______________________________________________ 
 
 
Topic Categories Generated (A Maximum of 8 Categories allowed, You do not have to 
generate all 8 categories ) 
 
Topic Category 1:  ______________________________________ 
 
Topic Category 2:  ______________________________________ 
 
Topic Category 3:  ______________________________________ 
 
Topic Category 4:  ______________________________________ 
 
Topic Category 5:  ______________________________________ 
 
Topic Category 6:  ______________________________________ 
 
Topic Category 7:  ______________________________________ 
 
Topic Category 8:  ______________________________________ 
 
 
Please record your finish time. 
Finish Time: ______________________________________________ 
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APPENDIX C EXPERIMENT 1 – STAGE 2 & 3: INSTRUCTION – EVALUATION 
OF TOPIC CATEGORIES 

 
Idea Organization Experiment 

 
Background 
Brainstorming session in group support systems (GSS) is used to generate as many ideas 
as possible to tackle a specific problem. Idea comments generated from a brainstorming 
task in GSS need to be organized into general topic categories before users can rank order 
them and decide on final options to solve the problem. This involves two steps 

• Generate categories which summarize the majority of comments; 
• Assign relevant comments to their respective categories.  

 
These two steps of organizing idea comments into general topic categories is called idea 
organization in GSS.   
 
Objective of the Experiment 
Given a set of brainstorming output and 10 lists of topic categories generated from the 
138 comments, objectively evaluate the quality of these lists of topic categories. 
 
Instruction: 
What you will see is a list of 138 comments generated from a brainstorming session 
where participants were college students who collaborated in an electronic meeting 
environment using GroupSystems.  The question posed to them is – What can we do to 
make our student union center a better place in the university? All participants 
brainstormed and generated a list of 138 comments which stated how they would make 
the student union center a better place in the university.  
 
What you will also see is 10 lists of topic categories generated to summarize the 
important ideas from the 138 comments. Any individual topic category list consists of up 
to 8 topic categories. These topic categories will be used subsequently in the original 
meeting for rank order vote. The voting issues will be “In what order should we adopt 
these ways to make thee student union center a better place in the university?” When 
deriving topic categories, participants think about the criteria that they will use to 
evaluate the lists.  
  
Here is an example of how a list of topic categories is generated 
 
Example Question: What are some of the ways that you can think of to solve the parking 
problems in the university? 
 
Brainstorming Comments Data: 

1. I guess we need to build more garages, as simple as that 
2. use existing space more efficiently 
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3. get more garages 
4. we should make efficient use of existing space 
5. I don’t know. There are no solutions 

 
Result  
 

• Topic categories generated:  
o Topic  1: garages;  
o Topic 2: efficient use of 

existing space 
 

 
Here is what you should do in this particular experiment. In this experiment, you are 
asked to evaluate each of the 10 lists of topic categories already generated to summarize 
the important ideas from the 138 comments.  
 
You will read through the 138 brainstorming comments, and alter these lists by adding, 
deleting or editing specific topic categories in the list to make them better. Think about 
the criteria that you will use to evaluate the lists. Browse through the printout of the 
brainstorming session. Feel free to take notes if you wish. After you are finished of 
correcting all 10 lists, please rank order these 10 lists to in terms of their quality. 
 
You are asked to alter each list (adding/deleting topic categories) to make them better. 
Please treat each line item on each list as a topic category. The following are three 
activities that you should perform for each of following 10 topic category lists. Please 
make sure that after altering each list, the resulting list should have a maximum of 8 topic 
categories. 

1. Delete inappropriate topic categories, add missing topic categories 
• Delete: Please cross out categories that you believe that are inappropriate and 

not representing important topic categories for the 138 comments.  
• Add: Please add new category to the original list if you think there are 

important topic categories not shown in the topic category list. 
• Edit: An edit action (cross out one topic category and change it to another 

topic category) is treated as a deletion followed by addition. 
2. Put the following lists in a rank order with 1 being the best list of topic categories. 

 
Here is an example of what you should do in this experiment 
Example Question: What are some of the ways that you can think of to solve the parking 
problems in the university? 
 
Brainstorming Comments Data: 

6. I guess we need to build more garages, as simple as that 
7. use existing space more efficiently 
8. get more garages 
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9. we should make efficient use of existing space 
10. change the class times to spread out the traffic 
11. we can arrange for the classes in different buildings and in different times 

so that parking space is not that crowded. 
12. I don’t know. There are no solutions 

 
Topic Category List 1: 

• More garages 
• Parking space 

 
Topic Category list 2: 

• Garages 
• arrangement 

 
Your Response: 
 
Topic Category List 1: 

• More garages 
• Parking space 
•  

New Topic Categories (if any):  
Change class times 
________________ 
________________ 
________________ 
________________ 
 

 
Topic Category List 2: 

• garages 
• arrangement 
 

New Topic Categories (if any):  
Parking space 
Change class times 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
 

 
Please rank the above list in terms of its topic category quality with 1 being best and 10 
being the worst 
 

• 1: List No.____2_____ 
• 2: List No.____1_____ 
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APPENDIX D EXPERIMENT 1 – STAGE 2 & 3: FORM – EVALUATION OF TOPIC 
CATEGORIES 

 
Idea Organization Experiment 

The following are three activities that you should perform for each of following 10 topic 
category lists. 

• Delete: Please cross out categories that you believe that are not representing 
important topic categories for the 138 comments.  

• Add: Please add new category to the original list if you think there are important 
topic categories not shown in the topic category list. 

• Edit: An edit action is treated as a deletion followed by addition. 
After altering each of the 10 topic category lists, please remember to rank the all 10 lists 
in terms of its topic category quality with 1 being best and 10 being the worst.  
 
IMPORTANT: Please note that the final list should contain a Maximum of 8 categories. 
 
Topic Category List 1: 

• one-stop place 
• increase technology 
• leadership/mentor laboratories 
• commercialization 
• social events 
• adaptable 

New Topic Categories (if any):  
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 

 
Topic Category List 2: 

• one stop food and services 
• high quality but personal 
• efficient and effective at meeting 

students needs 
• accessible 
• cater for student meeting, 

activities, growth 
• technologically advanced 

New Topic Categories (if any): 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 

 
Topic Category List 3: 

• one-stop shop/centralization 
• up-to-date/new technology 
• commercialization 
• more programming/services 
• maintain values (learning and 

development) 

New Topic Categories (if any): 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
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• re-evaluate staffing 
 

________________ 
________________ 

 
Topic Category List 4: 

• investment 
• entrepreneurship 
• accessibility 
• diversity 
• communication 
• technology 
• security 
• openness 

New Topic Categories (if any): 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 

 
Topic Category List 5: 

• one-stop shop 
• commercialization 
• technology 
• viewpoint neutrality 
• adaptable 
• decentralization 

New Topic Categories (if any): 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 

 
Topic Category List 6: 

• community 
• technology 
• commercial 
• adaptable 
• one-stop shop 
• efficient 
• extra-curricular 
• irrelevant 

New Topic Categories (if any): 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 

 
Topic Category List 7: 

• one stop shop 
• a campus living room 
• union funding 
• service variety 
• change with the times 

 

New Topic Categories (if any): 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
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Topic Category List 8: 

• technologically advance 
• adaptable 
• commercialization 
• diverse community/cultural center 
• unify student services 
• student development center 
• "face of the university" 

 

New Topic Categories (if any): 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 

 
Topic Category List 9: 

• greater demand for wireless 
• transportation of goods to students
• facility for citizenship 
• 24 hour service with assistance 
• more rooms to study 
• more active  with students teachers
• construction for more space 
• more career showcase at various 

hours 

New Topic Categories (if any): 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
 

 
Topic Category List 10: 

• Central Location 
• Community Center 
• Programs and Services 
• Technology 
• Space for Students 
• Academic Affairs 
• Viewpoint Neutral 
• Commercial Vendor 

New Topic Categories (if any): 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 
________________ 

 
Please rank the above list in terms of its topic category quality with 1 being best and 10 
being the worst 
 

• 1: List No._________ 
• 2: List No._________ 
• 3: List No._________ 
• 4: List No._________ 
• 5: List No._________ 

 

• 6:  List No.__________ 
• 7:  List No.__________ 
• 8:  List No.__________ 
• 9:  List No.__________ 
• 10:List No.__________ 
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APPENDIX E EXPERIMENT 2 – STAGE 1: INSTRUCTION – MANUAL 
COMMENT PLACEMENT 

 
Idea Organization Experiment 

Background 
Brainstorming session in group support systems (GSS) is used to generate as many ideas 
as possible to tackle a specific problem. Idea comments generated from a brainstorming 
task in GSS need to be organized into general topic categories before users can rank order 
them and decide on final options to solve the problem. This involves two steps 

• Generate categories which summarize the majority of comments; 
• Assign relevant comments to their respective categories.  

 
These two steps of organizing idea comments into general topic categories is called idea 
organization in GSS.   
 
Objective of the Experiment 
Given a set of brainstorming output and 8 existing categories, please assign relevant 
comments to their respective categories. 
 
Instruction: 
 
What you will see is a list of 138 comments generated from a brainstorming session 
where participants were college students who collaborated in an electronic meeting 
environment using GroupSystems.  The question posed to them is – What can we do to 
make our student union center a better place in the university? All participants 
brainstormed and generated a list of 138 comments which stated how they would make 
the student union center a better place in the university.  
 
What you will also see is a separate list of 8 existing categories. These 8 categories are 
generated to summarize the important ideas out of 138 comments.  
 
Read through the list of comments generated from the brainstorming session. Please 
complete the following: 

• For each category, identify relevant comments and assign these relevant 
comments (comment number) to their respective categories. One comment can 
only be placed under one topic. Please note that for comments that do not belong 
to any of the existing 8 categories, do NOT put them in any categories. 

• After you are finished with assigning comments to their respective categories, 
please record the time you spend for this task 

 
 
Here is an example of what you should do. 
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Example Question: What are some of the ways that you can think of to solve the parking 
problems in the university? 
 
Brainstorming Comments Data: 

1. I guess we need to build more garages, as simple as that 
2. use existing space more efficiently 
3. get more garages 
4. we should make efficient use of existing space 
5. I don’t know. There are no solutions 

 
Topic Categories 

o Topic 1: more garages;  
o Topic 2: efficient use of existing space 

 
Your Response: 

• Assignments Made: 
o Topic 1: more garages  

 comment 1,  
 comment 3 

o Topic 2: efficient use of existing 
space  

 comment 2,  
 comment 4 

• Time spent: 1 hour 
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APPENDIX F EXPERIMENT 2 – STAGE 1: FORM – MANUAL COMMENT 
PLACEMENT 

 
Idea Organization Experiment 

The following are the 8 existing topic categories: 
Topic 1: Community Center 
Topic 2: Programs and Services 
Topic 3: Technology 
Topic 4: Space for Students 

Topic 5: Academic Affairs 
Topic 6: Viewpoint Neutral 
Topic 7: Commercial Vendor 
Topic 8: Central Location 

 
Instruction: Please put the comment number of each relevant comment under its 
respective topic category. For comments that do not belong to any of the existing 8 
categories, do NOT put them in any categories. 
 
Before you begin, please first record your start time 
Start Time: __________________________________ 
Topic Category 1: Community Center 
 
 
 
 
 
 
 
 
Topic Category 2: Programs and Services 
 
 
 
 
 
 
 
 
Topic Category 3: Technology 
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Topic Category 4: Space for Students 
 
 
 
 
 
  
Topic Category 5: Academic Affairs 
 
 
 
 
 
 
Topic Category 6: Viewpoint Neutral 
 
 
 
 
 
 
 
Topic Category 7: Commercial Vendor 
 
 
 
 
 
 
 
Topic Category 8: Central Location 
 
 
 
 
 
 
 
 
 
Please record your finish time. 
Finish Time: ______________________________________________ 
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APPENDIX G EXPERIMENT 2 – STAGE 2: INSTRUCTION – EVALUATION OF 
COMMENT PLACEMENT 

 
Idea Organization Experiment 

Background 
Brainstorming session in group support systems (GSS) is used to generate as many ideas 
as possible to tackle a specific problem. Idea comments generated from a brainstorming 
task in GSS need to be organized into general topic categories before users can rank order 
them and decide on final options to solve the problem. This involves two steps 

• Generate categories which summarize the majority of comments; 
• Assign relevant comments to their respective categories.  

 
These two steps of organizing idea comments into general topic categories is called idea 
organization in GSS.   
 
Objective of the Experiment 
Given a set of 138 brainstorming comments output, 8 existing topic categories generated 
from the 138 comments to summarize important ideas, and 6 comments assignment lists 
that are obtained by assigning relevant comments to their respective topic, please 
objectively evaluate the quality of the 6 comments assignment lists. 
 
Instruction: 
What you will see is a list of 138 comments generated from a brainstorming session 
where participants were college students who collaborated in an electronic meeting 
environment using GroupSystems.  The question posed to them is – What can we do to 
make our student union center a better place in the university? All participants 
brainstormed and generated a list of 138 comments which stated how they would make 
the student union center a better place in the university.  
 
What you will also see on a separate page are 8 existing categories generated to 
summarize the important ideas out of 138 comments.  
 
What you will also see are 6 different comments assignment lists where comments are 
placed under their supposedly appropriate categories out of the 8 existing categories by 
different individuals. Within each list, in addition to the 8 existing categories, there is 
another special category “other categories”, which is located at the end of each comment 
assignment list. “other categories” is used to place comments that do not belong to any of 
the 8 existing categories.  
 
For each of the 6 comments assignment lists, please make revisions to make sure that 
each comment is placed into its correct categories. Specifically, you are asked to perform 
the following activities.  
 
First, evaluate comments under each of the 8 categories and do the following 
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• If you feel that a comment is irrelevant to the category under which it is placed, 
please cross it out and put its comment number under the category which you 
think are relevant category. In addition, if you think that comment does not 
belong to any of the 8 categories, place its comment number under "other 
categories”, which is located at the end of each comment assignment list. During 
editing, comments can be added to or delete from a particular category. One 
comment can only be placed under one topic. 

 
Second, evaluate comments under the “Other categories”, which is located at the end of 
each comment assignment.  

• If you think that any of the comments under “other categories” should belong to 
one of the 8 existing categories, please cross it out under “other categories” and 
place its comment number under the category which you think is relevant. 

 
 
Here is an example of what you should do in this experiment 
Example Question: What are some of the ways that you can think of to solve the parking 
problems in the university? 
 
Brainstorming Comments Data: 

13. I guess we need to build more garages, as simple as that 
14. use existing space more efficiently 
15. get more garages 
16. we should make efficient use of existing space 
17. change the class times to spread out the traffic 
18. we can arrange for the classes in different buildings and in different times 

so that parking space is not that crowded. 
19. I don’t know. There are no solutions 

 
Existing 3 categories: 

• Topic 1: More garages 
• Topic 2:Efficient use of existing space 
• Topic 3: Make arrangement for classes 

 
Placement List 1: 

o Topic 1: more garages  
 comment 1,  
 comment 4 

o Topic 2: efficient use of 
existing space  

 comment 2,  
 comment 3 

o Topic 3: Make arranges for 

Placement List 2: 
o Topic 1: more garages  

 comment 1,  
 comment 3 

o Topic 2: efficient use of existing 
space  

 comment 2,  
 comment 4 

o Topic 3: Make arranges for 
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classes 
 Comment 5 

o Other Categories 
 Comment 6 
 Comment 7 

 

classes 
 Comment 5 

o Other Categories 
 Comment 6 
 Comment 7 

 
 
 
 
Your response 
 
Placement List 1 

o Topic 1: more garages  
 comment 1,  
 comment 4 

new comments: 
• comment 3 
 

o Topic 2: efficient use of 
existing space  

 comment 2,  
 comment 3 

new comments: 
• comment 4 

o Topic 3: Make arranges for 
classes 

 Comment 5 
new comments: 

• Comment 6 
o Other Categories 

 Comment 6 
 Comment 7 

 

Placement List 2: 
o Topic 1: more garages  

 comment 1,  
 comment 3 

o Topic 2: efficient use of existing 
space  

 comment 2,  
 comment 4 

o Topic 3: Make arranges for 
classes 

 Comment 5 
new comments: 

• Comment 6 
o Other Categories 

 Comment 6 
 Comment 7 

 

 
Please rank the all 2 comments assignment lists in terms of its comment assignment 
quality with 1 being best and 2 being the worst 
 

• 1: Placement List No.____2____ 
• 2: Placement List No.____1____ 
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APPENDIX H EXPERIMENT 2 – STAGE 2: FORM – EVALUATION OF COMMENT 
PLACEMENT 

 
Idea Organization Experiment 

 
First, please evaluate comments under each of the 8 categories and do the following 

• If you feel that a comment is irrelevant to the category under which it is placed, 
please cross it out and put its comment number under the category which you 
think are relevant category. In addition, if you think that comment does not 
belong to any of the 8 categories, place its comment number under "other 
categories”, which is located at the end of each comment assignment list. During 
editing, comments can be added to or delete from a particular category.  

 
Second, please evaluate comments under the “Other categories”, which is located at the 
end of each comment assignment.  

• If you think that any of the comments under “other categories” should belong to 
one of the 8 existing categories, please cross it out under “other categories” and 
place its comment number under the category which you think is relevant. 

 
Third, Please rank the all 6 comments assignment lists in terms of its comment 
assignment quality with 1 being best and 6 being the worst 
 

• 1: Placement List No._________ 
• 2: Placement List No._________ 
• 3: Placement List No._________ 
• 4: Placement List No._________ 
• 5: Placement List No._________ 
• 6: Placement List No._________ 
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