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THE UNIVERSITY OF TOKYO

Abstract

Graduate School of Information Science and Technology

Master of Information Science and Technology

Collaborative Graph Composition Is More Productive than
Collaborative Text Composition

by ZHANG Ziliang

Graphs can express semantic structures of documents more straightforwardly
than texts. Preceding researches have proven that graph-document
composition is more productive than text-document composition in single-
author settings. We have developed a software application to support
multiple-author composition of graph documents and thereby verified the

superiority of graphs to texts in the productivity of collaborative composition.
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1. Introduction

According to a survey of international adult literacy by OECD (Organization for
Economic Co-operation and Development), adult’s ability of literacy is generally low.
More than 70% of the surveyed countries have adult literacy ability scores at level 1
and level 2 of the five-level scoring standard, indicating very poor and weak,
respectively (Darcovich, 2000; OECD Skills Studies, 2016; Thorn, 2009). Another
reading skill test conducted by Arai et al. (Arai, et al., 2017) implies that junior high
school students did no better than a dependency analysis machine in terms of reading
skills.

On the other hand, graphs such as mind maps and concept maps are widely used
to visualize semantic structures or relationships for education, business, and other
purposes. Compared with text documents, the explicit graphical representation of
graph documents can easily express nonlinear and complex content. Therefore, the
composition of various complex documents such as contracts, manuals, and so forth
could be improved by replacing traditional linear text documents with graph
documents containing explicit semantic structures such as labelled links among
concepts. Moreover, machines would perform better analysis given graph-structured
documents (Devlin, Chang, Lee, & Toutanova, 2018). Since the construction of a
semantic corpus is costly and time-consuming, composing graphs in daily life can
help generate a semantic corpus for further NLP research, such as machine
translation, information extraction, question answering, etc.

Yagishita et al. ’s research (Yagishita, Munemori, & Sudo, 1998) has shown that
graphs can improve the content quality in single-author document composition.
However, multiple-author collaborative document composition has been much less
systematically studied. The benefits of collaboration are apparent, and the important
role of documentation in teamwork, information sharing, and consensus-building is
irreplaceable. For instance, in business, creating a contract may involve multiple
stakeholders and professionals. Similarly, in academia, co-authors may collaborate to
compose academic papers (Beck, 1993). It is necessary to assess how well people
behave in graph-based collaborative authoring and what requirements are necessary
for this approach to be able to perform at a maximum efficiency level.

We have been developing a software application, Semantic Editor, to support the
collaborative composition of the Resource Description Framework graph (RDF-
graph) (Lassila, Swick, Wide, & Consortium, 1998) documents. Semantic Editor
supports Diagrammatic Semantic Authoring (DSA) (Hasida, Decentralized,
Collaborative, and Diagrammatic Authoring, 2017; ISO/CD 24627-3: Language
resource management — Comprehensive Annotation Framework (ComAF) — Part 3:
Diagrammatic semantic authoring (DSA), 2019) as a potential 1SO standard to specify
graphical/diagrammatic documents with explicit semantic structures addressed by
RDF.



In this thesis, by comparing text and graph as the content carrier in collaborative
authoring through experiments, we have established reliable evidence of the
superiority of graphs in collaborative authoring. Though experiments, we confirmed
that RDF-graph is more productive and more conducive to collaboration than text in
collaborative authoring.

The thesis is structured as follows. In Chapter 2, we list the related work to our
research. Chapter 3 explains the purpose and methodology of our research. Chapter 4
and Chapter 5 explains the synchronous collaborative authoring experiment and the
asynchronous collaborative authoring experiment, respectively, including hypotheses,
experiment process, and data analysis of the experiment. Chapter 6 discusses the
phenomena revealed by the data based on the experiments in Chapters 4 and 5,
summarizes the entire thesis, and presents conclusions.



2. Related Work

When we were studying RDF-graph based collaborative authoring, we also
received much inspiration from other prior researches. In this chapter, we first
introduce some other forms of graph documents, and point out their advantages and
disadvantages, and then discusses the current difficulties and challenges of
collaborative authoring. Finally, we discuss Yagishita’s research (Yagishita,
Munemori, & Sudo, 1998) on graph-based single-author composition.

2.1. Graph Documents

Graphs, due to their visual representation, have natural advantages when
expressing nonlinear and complex content, and can intuitively illustrate the
relationship between data. Graphs can present data that are too numerous or
complicated to be described adequately in the texts and in less space. (Slutsky, 2014)

Mind map, a note-taking technique promoted by Buzan (Buzan & Buzan, 2006),
uses links that can be marked with relationships to connect concepts. The mind map
uses keywords and key concepts to express the relationships of all levels of themes
with mutual affiliation and related hierarchical maps. Information is sorted and
organized by priority. Links to colors and pictures are established to enhance people’s
ability to remember information. A previous study (Holland, Holland, & Davies,
2004) conducted on students showed that mind mapping is more efficient in
understanding concepts in the art and design field. Moreover, positive subjective
effects were observed on the participating students solving essay-writing problems.
The benefits of mind maps are that they can enhance creativity and recall ability,
better solve problems, and focus on topics, and improve organization and thought
arrangements. However, the mind map cannot be used as a substitute for text because
it does not support ontology, especially semantic relations, so that the language
relationship between nodes cannot be fully expressed. Therefore, it can only be used
as a note-type graph to help memorize. Moreover, because of its dependence on
priority and hierarchy, it is usually limited to depicting the relationship of the
hierarchical tree-like structure.

Another graph technique often used in the education field is the concept map
introduced by McAleese (McAleese, 1998). Concept maps also express information in
a structured way through the connection of nodes and labels. Moreover, the concept
map introduces the ontology of the concept. The connection relationship between
nodes represents the relationship between discourse/arguments, such as “causes” and
“requires”. A study by Willerman et al. (Willerman & Mac Harg, 1991) showed that
the concept map can provide the classroom teachers with a meaningful and practical
structured approach for using advance organizers in their classes.



The Resource Description Framework (RDF) data model (Lassila, Swick, Wide,
& Consortium, 1998) is based on the idea of making statements about resources in
expressions of the form subject—predicate—object, known as triples. In this study, we
consider the RDF graph as a sort of concept graph, where each node is equivalent to a
simple sentence or phrase, and each link represents a binary relationship between two
nodes with semantic meaning. Each relationship is either directed (asymmetric) or
undirected (symmetric). Thanks to the support of this semantic ontology, it is possible
to create an RDF graph that expresses the same meaning for any text document. In
this sense, graph documents can replace text documents.

In order to further utilize the advantages of graphs, we considered collaborative
authoring of graphs. A collaborative system allows a group of users to work together
in different locations and at different times (Gao, Gao, Xiong, & Lee, 2018). In all
fields, the collaborative composition or co-authoring of documents has become
increasingly important. Traditionally, document-based work collaboration has always
been linear text documents. For example, the collaborative editing tool Google Docs!
has been championed by many researchers and has become the main application for
editing text documents. However, according to the statement of D’Angelo (d'Angelo,
Di lorio, & Zacchiroli, 2018), collaboration on common document parts happens
often, but it happens asynchronously with authors taking turns in editing. The
simultaneous editing of common document parts happens very rarely.

There are some other mind map and concept map tools, but we found that these
tools lack support for ontology, making it impossible to generate semantic maps
equivalent to text, or lack the function of providing operations for connection, or lack
the support of multiple-author collaborative editing. To this end, we developed a
software application, Semantic Editor, to support the collaborative composition of
RDF-graph documents.

2.2. Collaborative Authoring

The benefits of cooperation are self-evident. Many work environments require
collaborative authoring of documents. Academic paper is a good example. Co-authors
may need to collaboratively compose and refine a document (Beck, 1993). Similarly,
in business, creating a contract may involve multiple stakeholders and professionals.
Therefore, multiple users need to compose a document collaboratively. Nowadays,
many technologies are supporting collaborative authoring, making this kind of
collaboration simple and easy to carry out. Regardless of whether participants are in a
unified geographic location, documents can be quickly and effectively shared and co-
edited. Traditionally, document-based work collaboration has been linear text
documents. According to the research of Adler et al. (Adler, Nash, & No&, 2004), the
new technology supporting collaboration based on documents will also cause some
problems. For example, multiple copies of the same document can lead to confusion,
as group members make conflicting modifications to the document.

The research of Emigh et al. (Emigh & Herring, 2005), a genre analysis of two
web-based collaborative authoring environments, Wikipedia and Everything2, reveals

L https://www.google.com/docs/about/
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how users, acting through mechanisms provided by the system, can shape (or not)
features of content in particular ways. Its research found that the greater the degree of
post-production editorial control afforded by the system, the more formal and
standardized the language of the collaboratively authored documents becomes,
analogous to that found in traditional print encyclopedias.

Adler et al. have put forward several major challenges to collaborative authoring
software. The RDF-graph editing tool, Semantic Editor, designed and used in this
thesis, solved the management of time and space problem, allowing collaborators to
collaborate in editing at different times and locations. Based on PLR (Personal Life
Repository) (Hasida, Personal life repository as a distributed PDS and its
dissemination strategy for healthcare services, 2014), it solved many other problems
such as private and shared workspaces, simultaneity and locking, protection, and
security, etc. Thus, it helps users express their ideas smoothly.

2.3. Graph in Single-Author Composition

In an experiment about B type KJ method (an idea-generating method), Yagishita
et al. (Yagishita, Munemori, & Sudo, 1998) proposed an evaluation method for
sentences of B type KJ method, which compared the Petri nets generated by the
participants using KJ method and not using KJ method. They analyzed Petri nets with
size, height, width, expansion degree, aggregation degree, aspect ratio, and other
indicators as quality indicators, proved that graphs improve content quality in single-
author document composition. However, in their research, the documents generated
by KJ method cannot address the full content of document because they do not
support any ontology, especially semantic relations. Therefore, their documents
cannot be considered as a substitute for text documents.

Yagishita’s work is inspiring for us. In our study, we use RDF graphs to address
the full content of documents owing to ontologies. We also used similar methods to
compare graph documents and text documents. We first invite participants to compose
documents in the form of text or graph according to some given topics. Then we
convert graph documents and text documents into corresponding Petri nets. Finally,
we analyze the results according to some quality indicators to study the performance
of graph documents and text documents in collaborative authoring.



3. Research Purpose and

Methodology

Semantic Editor supports Diagrammatic Semantic Authoring (DSA) (Hasida,
Decentralized, Collaborative, and Diagrammatic Authoring, 2017; ISO/CD 24627-3:
Language resource management — Comprehensive Annotation Framework (ComAF)
— Part 3: Diagrammatic semantic authoring (DSA), 2019) as a potential 1SO standard
to specify graphical/diagrammatic documents with explicit semantic structures
addressed by RDF. Theoretical effectiveness of DSA has already been studied, but its
merits in collaboration support have not been empirically evaluated. To investigate
the merits of graphs for collaborative work, we have experimentally evaluated the
quality of RDF-graph documents collaboratively composed by Semantic Editor in
comparison with collaboratively composed text documents.

The purpose of this thesis is to verify whether RDF-graph, as a form of document
and a carrier of content, is more productive and more conducive to collaboration than
text in a collaborative authoring environment. We designed experiments to compare
the content of the document composed by several groups of participants for a given
topic when using RDF-graph and text, respectively. According to some quality
indicators, the content components are quantitatively analyzed, and then the score
differences between text and RDF-graph on these dimensions are compared to verify
our hypotheses.

The experimental results are also expected to identify users’ needs regarding
collaborative work on graph composition and to clarify properties of graph
documents, which will both be incorporated in future improvements of Semantic
Editor.

We conducted two experiments, respectively, one for synchronous collaborative
authoring and the other for asynchronous collaborative authoring. The detailed
experimental process will be mentioned later. In order to complete such an
experiment, in this chapter, we will clarify the tools we used for the collaborative
diagrammatic composition of RDF graphs, the Semantic Editor, and the method of
quantitative comparison.

3.1. Semantic Editor

Semantic Editor is an application software developed to support real-time
collaborative diagrammatic composition of RDF graphs. It is programmed in Java and
can be used on any computer running JVM (Java Virtual Machine). Semantic Editor
uses PLR (Personal Life Repository) (Hasida, Personal life repository as a distributed
PDS and its dissemination strategy for healthcare services, 2014) for protecting

6



communication security. PLR is a decentralized, secure, low-cost, and scalable
Personal Data Store (PDS) for socially sharing and utilizing personal and other data
based on the data subjects’ intention. PLR allows its users (individuals and
organizations) to securely share their data directly (i.e., without any middleman) via
end-to-end encryption. Its operation cost for both the application/service providers
and the end-users is meager because the shared online storage may be Google Drive?,
OneDrive®, and others.

The major functionalities of Semantic Editor are the following two:

e RDF-graph composition: The user can create, move, delete, and modify nodes
and links between nodes. A node can contain a text, which is typically a
simple sentence or phrase. A link represents a semantic relationship between
the two connected nodes.

e Collaborative work: Real-time collaboration among multiple users is
supported by data synchronization through public clouds.

To support large scale document, we introduced the idea of hypernode in this
application. Any node in a graph can be a hypernode, which contains another graph as
an embedded graph of the root one. Therefore, with the hierarchical organization of
graphs and embedded graphs, users can compose a large scale document by the
Semantic Editor more easily. The use of hypernode can be nested so that the Semantic
Editor can support documents of any scale in hierarchical mode.

Semantic Editor uses an ontology of discourse and other relations to address the
relationships among nodes. This ontology defines fundamental semantic and
pragmatic relations, as shown in Figure 3-1. This ontology has been used in the
experiment discussed later, but it is easy to replace the ontology employed in
Semantic Editor. The connection relationship is divided into symmetrical relationship
and asymmetrical relationship. Symmetrical relationship is undirected connection and
asymmetrical relationship is directed connection. In the ontology we currently use in
Semantic Editor, except for the symmetrical relationships listed below, all others are
asymmetrical relationships:

e And

e Similar
e Equal
e Contrast
e Or

e Unlike
e Conflict

e Sametime

2 https://www.google.com/drive/
8 https://onedrive.live.com/



https://www.google.com/drive/
https://onedrive.live.com/

and

also
proportion
similar
manner
supplement
background
=2

rasfiine elaboration

additive

. specific
relation 2

part
member
eg
extraction
atleast
step
content

additive
relation

discourse definition
relation contrast
or
negative comparison
additive let alone
relation unlike
rather
though
causes
hence
asAResult
positive causal purpose
relation enables
causal relation if then
explanation
evaluation

. conflict
negative

. uncond
causal relation

compromise
response
. yes
dialogue act
no
solution

before
temporal

. sametime
relation

situation
uncertain

Other relation B

Figure 3-1: Ontology currently used in Semantic Editor

3.2. Document Evaluation

Although much work has been done regarding the quality of collaborative work,
little work has been done on the quality of collaborative document composition,
probably because document quality is hard to evaluate. There can be many
dimensions, such as syntactic complexity, or textual cohesion, etc. In our study, to
evaluate a document, the artistry is not a focus or a quality factor of the document.
Instead, we are focusing on the richness of the explicit content. A method to evaluate
such document quality has been proposed by Yagishita et al. (Yagishita, Munemori,
& Sudo, 1998). They focus on some quality indicators (QIs) to evaluate the Petri net
derived with or without KJ method. Similarly, to compare the content quality of text
documents and graph documents, we need to first convert them into comparable



standard format, i.e., the corresponding Petri nets. We convert text documents and
graph documents into Petri nets with the following standard:

e A node in the Petri net contains a simple sentence or phrase, representing an
information unit.

e There will not be two or more nodes in the Petri net that express the same
information.

e The connection between nodes is the semantic relationship between
information units.

e The semantic information embodied by net has a one-to-one relationship with
text or graph; that is, no semantic information is lost or added during the
conversion process.

e There will always be a node representing the main topic of text or graph.

In the conversion process, we will focus on the richness of the content, that is, we
pay attention to whether there is new information to be discussed, and how the
information is connected by semantics, instead of evaluating the content based on the
artistic nature of the words and writing.

3.2.1. Graph-to-Net Conversion

The conversion of an RDF-graph document to net structure consists of three
parts, and all of them require manual work. The first part is to replace the hypernodes
with their inner content, thus, to include all content in one big graph. The second part
is to convert the nodes in the graph to the nodes in the net. A node in the graph is
usually converted to a node in the net. However, multiple nodes in the graph may be
synonymous and hence converted to one node in the net. On the other hand, if a node
contains multiple sentences that can be split into multiple information units, then it
will be converted into multiple nodes in the net and connected by the designated
semantic relationships. The third part of the graph-to-net conversion is to identify the
root node and the descendant nodes in the net. The node containing the main topic
will be regarded as the root, and the nodes on the discussion path that extended from
the root node will be regarded as children nodes until this thread of discussion stops.

Figure 3-2 and Figure 3-3 show an example RDF-graph composed by Semantic
Editor, and the corresponding converted net is shown in Figure 3-5. The red circled
numbers in the RDF graph label an information unit and correspond to the nodes with
the same number in the net. Figure 3-2 is the root graph of the document. In the root
graph, node No.7, which is in blue font, is a hypernode containing an embedded graph
shown in Figure 3-3. The first step of the conversion is to replace the hypernode with
its inner content, and then we have the merged big graph shown in Figure 3-4. Based
on the merged graph containing every information units, we have the converted Petri
net shown in Figure 3-5, representing the same content as the RDF-graph.
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Figure 3-5 Corresponding net of the composed graph document

The title of this graph is the sports I like. Note that the No.5 and No.6 information
units are written in the same node in the RDF graph, but apparently, they are two
independent information units and should be split into two nodes in the net. This
makes sense because there are five sports are mentioned in the document. Football
and baseball should take similar positions as basketball does in this document.
Moreover, the information unit No.8 expresses the duplicated meaning as unit No.9.
Thus, No.8 is discarded in the converted net.

3.2.2. Text-to-Net Conversion

The text-to-net conversion consists of two parts involving manual work. The first
part is to obtain nodes in the net. Here a sentence or a phrase in the text document is
usually converted to a node in the net. As with the graph-to-net conversion, multiple
sentences or parts of sentences may be synonymous and hence be converted to one
node in the net. Moreover, a sentence may contain multiple information units to be
converted to as many nodes in the net.

The second part of the text-to-net conversion is the same as that of the graph-to-
net conversion, which is to identify the root node and the leaf nodes in the net.

The sports | like
1

| have many favorite sports, such as football and baseball. | also like swimming
11 5 6 2

and sailing, and this is one of the important reasons why | like to live by the sea.
3 4

Of course, when it comes to my favorite sport, one sport | must mention is

basketball. Basketball has a long history. The first basketball game can even be
7 8
traced back to 1891. Usually, in a basketball game, both sides have five players.
9 10

Figure 3-6 An example text document
11



Figure 3-6 shows an example of a text document expressing the same content as
Figure 3-2. To keep consistent with graph document, we label the information unit in
the text document by the same numbers as in graph document, not in order instead. Of
course, a similar Petri net derived from the text document should have the same
structure as Figure 3-5, using a node to express an information unit in the document
and connecting them by the semantic relationships. At the same time, unrelated or
duplicated parts should be discarded. The corresponding net for this text document is
shown in Figure 3-7, and it is the same as Figure 3-5.

Figure 3-7 Corresponding net of the composed text document

3.2.3.  Quality Indicators

Since we focus on the richness of the explicit content, we do quantitative analysis
based on the converted net. The quality indicators are defined based on the richness
parameters of the net, such as the number of nodes, the number of connections, and
the number of descendant nodes of a node. In the experiment of asynchronous
collaborative authoring, we will also analyze the connection between the content
generated by the two asynchronous phases, such as the number of links between the
two parts. The detailed definition of the quality indicators used in the two experiments
will be discussed in section 4.2 and section 5.2, respectively.

12



4. Synchronous Collaborative

Authoring

This chapter will show our experimental research on synchronous collaborative
authoring. We designed experiments to allow participants to compose in text or RDF
graph according to a given topic. Through the conversion process mentioned in
section 3.2, we converted the obtained documents into the corresponding nets. We
then quantitatively analyzed the obtained net based on the quality indicators to verify
our hypotheses.

4.1. Experiment Design

18 research participants participated in our experiment, and they all met the
following conditions:

e They understand what graph documents are.

e They can determine the relationship between nodes, such as causality,
purpose, etc.

e They are willing to collaborate with others to compose documents.

The experiment consists of 18 sessions of collaborative document composition.
In each session, two research participants will be invited to the designated
experimental site, and at the same time, face to face to collaboratively compose a text
document or a graph document to carry out a particular task. During the experiment,
they can communicate in person.

We divided the 18 research participants into 9 groups, each with 2 people, and
asked each group to participate in two document-composition sessions. In one
session, they used Google Docs* to compose a text document addressing one task, and
in the other session, they used Semantic Editor to compose an RDF-graph document
addressing another task. For each task, a text document and an RDF-graph document
were composed by different groups. For each group of participants, they never
encountered the same task in two sessions.

Each session lasted a maximum of 30 minutes, within which the participants were
asked to complete a document (either text or graph). Each participant used a PC. We
provided the PCs, mouse devices, and keyboards to the participants. There was no
bottleneck concerning the physical environment of the experiment.

4 https://www.google.com/docs/about/
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To encourage the research participants to create meaningful documents with
many information units, we devised 9 tasks concerning topics familiar to the
participants so that they could think of many relevant points. These tasks belong to
three categories, each promoting a different writing style. Table 4-1 shows the details
of the tasks and the schedule of the whole experiment.

Table 4-1 experiment tasks and schedule®

Categories Tasks Texts Graphs

1. Some people say that you should
get the highest possible degree, not
to work too early. Do you agree?
Why?

Groupl | *Group 2

2. Some people say that online
Agree or Disagree | shopping is a better way to shop. *Group2 | Groupl
Do you agree? Why?

3. Some people say that everyone
must learn a bit of programming *Group 3 | Group 4
now. Do you agree? Why?

4. What are the advantages and

disadvantages of living in cities? Group 4 Group 3

Advantages and

Disadvantages .
5. If we could travel in time, what

are the advantages and *Group 5 | *Group 6
disadvantages?

6. If you could get a superpower,

what do you want to get, explain it? Group 6 Group 5

Introduce
Preferences 7. What sports do you like? Group7 | Group 8

8. Introduce Japanese food. Group 8 Group 9

® The data of sessions marked with an asterisk (*) were collected by Zifan YAO, Hasida Lab, the
University of Tokyo.

14



9. Introduce tourist attractions in

China. Group 9 Group 7

4.2. Quality Indicators

Since we are concerned about the richness of explicit content, we use the
following quality indicators (QIs) to evaluate the quality of document content
quantitatively.

e Size is the number of nodes in the net. It is the number of information units or

the number of ideas. Large documents are informative.

Height is the maximum number of nodes in one thread from the start to the
end. In-depth discussions tend to be high.

Expansion Degree is defined based on the definition of downward degree.
The downward degree of a node is the number of nodes linked downwardly to
this node. In a net structure, the downward degree is equivalent to the number
of children of a node. Expansion degree is defined as:

if Toue # @, then
Expansion Degree = Y.cr, {tou:(N) — 1}
else Expansion Degree =0
T,y 1S the set of nodes with downward degree greater than or equal to 2.
tou: (N) is the downward degree of a node.

The expansion degree indicates how many times in the entire document, the
content of discussion has expanded out of additional branches to discuss the
same issue from different perspectives. The larger the expansion degree, the
more comprehensive the document.

Aggregation Degree is defined based on the definition of upward degree. The
upward degree of a node is the number of nodes linked upwardly to this node.
In a net structure, the upward degree is the number of parents of a node.
Aggregation degree is defined as:

if Ty, # 0, then
Aggregation Degree = Y ;er, {tin(N) — 1}
else Aggregation Degree =0
T;, is the set of nodes with upward degree greater than or equal to 2.
t;n(N) is the upward degree of a node.

The aggregation degree indicates how many times in the entire document, the
content discussed has been summarized. The larger the aggregation degree, the
higher the summarizing ability of the document.
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By converting both RDF-graph documents and ordinary text documents by the
conversion process discussed in section 3.2, we get the corresponding Petri nets. Then
we calculate the above quality indicators of the Petri nets to quantitively evaluate the
quality of the graph document and the text document, respectively.

Figure 4-1 shows an example of the net structure. In this example, there are 10
nodes in the net, so that its size is 10. The height of the net is 3 because the furthest
node from the root is 3 layers down, the path 1-2-6-10 is one of the possible paths
from the root node to the furthest node.

//\\
\X/ A\

. --and E]

Figure 4-1 An example of converted net

e And

e Similar
e Equal
e Contrast
e Or

e Unlike
e Conflict

e Sametime
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Table 4-2 shows the downward degree and the upward degree of the nodes in the
example. By the definition of expansion degree, only the nodes with downward
degree greater or equal to 2 should be counted; thus, the expansion degree of this net
is(4—1)+ (2 —-1)+ (2 —-1) = 5; similarly, by the definition of aggregation
degree, only the nodes with upward degree greater or equal to 2 should be counted;
thus, the aggregation degree of thisnetis (2 —1) + (2 —-1) + (2 —1) = 3. This
makes sense because, in the net, the content of discussion has expanded out of
additional branches five times, there are in total five side-branch in this net. At the
same time, the discussion is concluded three times, and there are three branches
merged into another.

Note that the relationship between node No.8 and node No.9 is symmetric, and it
does not contribute to any downward degree or upward degree since node No.8 and
node No.9 are in an equal position, and there is no progressive relationship between
them. In the ontology we currently use in Semantic Editor, symmetric relationships
include:

e And

e Similar
e Equal
e Contrast
e Or

e Unlike
e Conflict

e Sametime

Table 4-2 Downward degree and upward degree of the nodes in the example

Node Downward degree Upward degree
1 4 0
2 2 1
3 1 1
4 1 1
5 2 1
6 1 2
7 1 2
8 0 1
9 0 1

10 0 2
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4.3. Hypotheses

The purpose of the synchronous collaborative authoring experiment is to verify
whether RDF-graph, as a form of document and a carrier of content, is more
productive than text in a synchronous collaborative authoring environment. The
general hypothesis of this experiment is:

RDF-graph is more productive than text in synchronous collaborative
authoring.

According to the QIs we defined and discussed in section 4.2, we decompose this
general hypothesis into the following four hypotheses, corresponding to the four
structural Qls.

e Hypothesis 1: RDF-graphs are larger than texts in synchronous collaborative
authoring.

e Hypothesis 2: RDF-graphs are taller than texts in synchronous collaborative
authoring.

e Hypothesis 3: RDF-graphs are more expansive than texts in synchronous
collaborative authoring.

e Hypothesis 4: RDF-graphs are more aggregative than texts in synchronous
collaborative authoring.

4.4. Statistical Analysis

According to the conversion process we discussed in section 3.2 and the QIs we
discussed in section 4.2, we calculate the scores of the Qls for text documents and
graph documents and show the result in Table 4-3 and Table 4-4, respectively.

Table 4-3 QI scores of text documents

Qls Size Height Expansion Aggregation
Task 1 11 6 2 0
Task 2 15 3 10 1
Task 3 13 3 6 0
Task 4 17 5 7 0
Task 5 13 5 2 1
Task 6 9 3 5 1
Task 7 20 3 9 1
Task 8 20 4 10 0
Task 9 23 3 13 0

—
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Average 15.67 3.89 7.11 0.44
Table 4-4 QI scores of graph documents
Qls Size Height Expansion Aggregation

Task 1 17 9 2 0
Task 2 18 5 6 0
Task 3 25 6 15 1
Task 4 24 3 16 2
Task 5 20 4 8 0
Task 6 31 4 16 0
Task 7 24 6 10 0
Task 8 20 6 13 4
Task 9 27 7 14 0

Average 22.89 5.56 11.11 0.78

Before we compare the QI scores, to eliminate the differences in the difficulty
among the nine tasks, we need to normalize the data so that the average value of the

graph and the text be 1.0 for each the structural quality indicator (size, height,
expansion degree, and aggregation degree) for each task. In a task, if the text size and
the graph size are t and g, respectively, then the normalized size of text and graph are
defined as follows.
ift+g=0,then
normalized size of text =1
normalized size of graph =1
else
normalized size of text = 2t/ (t + )

normalized size of graph =29/ (t + Q)

The normalized sizes, heights, widths, expansion degrees, and aggregation
degrees of texts and graphs for the 9 tasks are shown in Figure 4-2 to Figure 4-5,
respectively. The average values of normalized QIls are shown in Figure 4-6.
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Figure 4-4 Normalized expansion degrees
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Figure 4-6 Average of normalized Qls

From the data, we can see that the aggregation degree data is very extreme,
whether it is text or graph, the normalized aggregation degree is usually 0 or 2.
Comparing Table 4-3 and Table 4-4, we can see that the aggregation degree value
tends to zero, which makes the aggregation degree not statistically significant, we will
see the detailed results from the hypothesis tests.

4.5. Hypothesis Tests

Based on the data discussed above, we test the four hypotheses we mentioned in
section 4.3. We apply one-tailed paired t-test to these hypotheses. Table 4-5
summarizes the text-graph comparisons with respect to the four structural QIs. The
average aggregation degree of texts is higher than that of RDF-graphs, but the p-value
is apparently too large, so that we cannot conclude that text has an advantage in
aggregation degree than RDF-graph. Thus hypotheses 1, 2, and 3 survive under
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significance level 0=5%, strongly supporting the original hypothesis, which is to the
effect that RDF-graph is more productive than text in synchronous collaborative
authoring. In the meanwhile, hypotheses 4 is not established from our data. In this
case, there is not enough evidence to show that RDF-graphs are more aggregative
than texts in synchronous collaborative authoring. However, texts do not show any

advantage over graphs in aggregation degree, either.

Table 4-5 Comparison of text and graph

Size Height Expansion Aggregation
Text Mean 0.81 0.83 0.79 1.11
Graph Mean 1.19 1.17 1.21 0.89
P-Value 0.0040 0.0244 0.0276 0.3644

4.6. Summary

In the experiment of synchronous collaborative authoring, we confirmed that
RDF-graph is more productive than text in synchronous collaborative authoring.
Among them, we use size, height, expansion degree, and aggregation degree as QIs to
quantitatively evaluate the quality of the document and find that the size, height, and
expansion degree all strongly support the original hypothesis, that is, RDF-graphs are
larger, taller, and more expansive than texts in synchronous collaborative authoring.
The data of aggregation degree seems to be extreme, and there are many zero cases.
The normalized average aggregation degree of texts is higher than that of RDF-
graphs, but the p-value is too large, so that we cannot conclude that text has an
advantage in aggregation degree than RDF-graph. As a result, we do not have enough
evidence to prove that RDF-graphs are more aggregative than texts in synchronous
collaborative authoring. Nevertheless, at the same time, texts do not show any
advantage over graphs in aggregation degree, either.

4.6.1. In-Depth Document Analysis

The documents composed in our experiment show different structural
characteristics for different tasks. In some cases, the participants conducted an in-
depth discussion on just one aspect of the task. As their thought focused on this
specific aspect, the document they composed present a tall and narrow net structure.
For example, in tasks 1 and 2, the graphs are not more expansive but taller or larger
than the texts. On the other hand, participants sometimes seemed to think about all
aspects of the task, so that the discussion on each aspect was shallow due to the time
constraint. Hence the resulting document has a wide and short net structure. For
example, in tasks 4 and 5, the graph documents are not taller but more expansive and
larger than the text documents. This suggests that graph documents are probably
larger than the text documents for the same task even if the graphs are high-narrow or
wide-short.
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The documents in our experiment are obviously different from the ones in
Yagishita’s experiment (Yagishita, Munemori, & Sudo, 1998). The documents from
their experiment mainly focused on finding solutions for given problems, so the
process of discussion was very aggregated, and participants would discuss from
multiple divergent aspects for some specific points. The discussion of our text is open
and does not require participants to analyze specific issues in-depth or draw clear
conclusions; thus, it does not show a significant difference in the aggregation degree
between texts and graphs. Specifically, in our experiment, the aggregation degrees of
texts or graphs are very low. In many sessions, the aggregation degree is just zero.

The document qualities might be biased due to the composition abilities of
groups of participants and the complexities of tasks. However, the effect of variances
has been calculated during the hypothesis test, and the results strongly support our
hypotheses. Since each group composed both a text document and a graph document,
working on different tasks in different sessions, this is an unbiased sample. This sort
of experimental design favors neither text documents nor graph documents and can
weaken or eliminate the impact of differences in the capabilities of different groups.
This backs up the statistical significance of the superiority of graphs to texts in our
experiment.

4.6.2.  Analysis of Other Indicators

In Yagishita’s experiment, the net always had a simple hierarchical structure, and
no complex cycle was involved in the net. Thus, they used width as a QI, which is
defined as the maximum number of nodes at the same level in the hierarchical graph.
However, in our experiment, there are cycles in the net; hence the idea of width is not
suitable here. However, we calculated expansion degree and aggregation degree to
show the comprehensiveness of the document. These two indicators can be a
substitute for the width in such a cyclic structure. Expansion degree and aggregation
degree are also defined in Yagishita’s experiment; however, unlike our definition,
they calculated the average downward degree or upward degree of nodes. We name
these two indicators as average expansion degree and average aggregation degree,
defined as follows.

e Average Expansion Degree is defined based on the definition of downward
degree. The downward degree of a node is the number of nodes linked
downwardly to this node. In a net structure, the downward degree is equivalent
to the number of children of a node. Average expansion degree is defined as:

if Tpye # O, then
ZteTout{tout(N)_l}

| Toutl

Average Expansion Degree =

else Average expansion Degree =0
T, 1S the set of nodes with downward degree greater than or equal to 2.
tou: (N) is the downward degree of a node.

e Average Aggregation Degree is defined based on the definition of upward
degree. The upward degree of a node is the number of nodes linked upwardly
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to this node. In a net structure, the upward degree is the number of parents of a
node. Average Aggregation degree is defined as:

if T, # @, then
Ster,, {tin(N)—13
|Tin|

Average Aggregation Degree =

else Average Aggregation Degree =0
T;,, is the set of nodes with upward degree greater than or equal to 2.
tin(N) is the upward degree of a node.

We do not think the average expansion degree and average aggregation degree
can explain the comprehensiveness of the document or be Qls for the experiment, but
we still calculate the value and show the result in Table 4-6. Moreover, if we
normalize these two scores and apply one-tailed paired t-test to these data, we found
out that in our experiment, there is not enough evidence to show a difference in
average expansion degree or average aggregation degree between texts and graphs.
The result in shown in Table 4-7.

Table 4-6 Average expansion degree and average aggregation degree

Text Graph
Qls Ave rage Ave rage Ave rage Ave rage
expansion aggregation expansion aggregation
taskl 1.00 0.00 1.00 0.00
task2 1.67 1.00 2.00 0.00
task3 1.50 0.00 1.88 1.00
task4 1.75 0.00 2.67 1.00
taskb 1.00 1.00 1.33 0.00
task6 2.50 1.00 2.00 0.00
task? 1.80 1.00 1.43 0.00
task8 1.67 0.00 2.17 1.00
task9 4.33 0.00 2.33 0.00
Average 1.91 0.44 1.87 0.33
Table 4-7 Comparison of average expansion and average aggregation
Average expansion Average aggregation
Text Mean 0.98 1.11
Graph Mean 1.02 0.89
P-Value 0.3788 0.3644
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4.6.3. Improvement Plan

In this experiment, we have been able to prove that graphs have advantages in
real-time face-to-face simultaneous collaborative authoring. However, through
observation, we still found some new problems.

First of all, in the experiment, whether it is text or graph, a typical collaboration
process is that two participants spend a period of time for oral discussion, then divide
the whole task into two, and then complete their corresponding part of the task,
respectively. We found that neither text nor graph contributed much to the
collaboration and communication per se. The process of collaboration and
communication was completed by both participants through oral discussion. Besides,
the so-called collaboration in such a way of dividing task makes the content of the
document split. In the actual composition process, the interaction between the two
participants on their content is low. However, this process is not quantitively
evaluated. This is one of the driving factors of the second experiment, the experiment
of asynchronous collaborative authoring.

Second, 30-minute experiments are often slightly shorter for co-authoring. In this
experiment, sometimes participants will spend more time discussing, but only a small
part of the time for writing. We should increase the experiment time in the following
experiment.

Third, the participants in this experiment are all school students, which may
introduce some kind of bias. In the following experiment, we need to invite more
participants with different identities to conduct the experiment to balance the
participants’ background difference, eliminate bias.

Summarizing the experience of this experiment, we completed the experiment of
asynchronous collaborative authoring, and report the details of it in Chapter 5.

25



5. Asynchronous Collaborative

Authoring

In Chapter 4, we conducted the experiment of synchronous collaborative
authoring and proved that RDF-graph is more productive than text in synchronous
collaborative authoring. However, people involved in co-authoring do not always
have the opportunity to co-edit in the same place face to face at the same time. At the
time of writing this thesis, the current COVID-19 pandemic on a global scale is
enough to make people deeply realize that non-simultaneous asynchronous
collaborative authoring should be paid more attention.

In section 4.6, we summarized the problems observed in the experiment of
synchronous collaborative authoring. In order to solve these problems and study the
help of RDF-graph and text for people’s cooperation, we designed an experiment of
asynchronous collaborative authoring and proposed some new Qls suitable for
asynchronous collaborative authoring to test our hypotheses quantitatively.

5.1. Experiment Design

In this experiment, a total of 10 participants participated in our experiment, and
they all met the following conditions:

e They understand what graph documents are.

e They can determine the relationship between nodes, such as causality,
purpose, etc.

e They are willing to collaborate with others to compose documents.

In this experiment, we prepared 10 tasks, and each task will be composed by
different participants in the form of text or graph. For each form of the document, it
was composed by two participants in two phases. Among them, the first participant
will write a draft based on the task topic, and the second participant will complete the
entire document based on the task topic and combined with the draft left by the first
participant. For any task, 4 sessions are corresponding to it, namely text phase 1, text
phase 2, graph phase 1, and graph phase 2. For each experimental participant, they
will participate in these four sessions on different four days, and the task he/she faces
is different every time. Moreover, for each task, its corresponding 4 sessions are
completed by four different participants. In total, there are 40 sessions in this
experiment, and each session lasted a maximum of 30 minutes.

For any participant, before participating in the experiment, he/she will be told that
this is a two-stage experiment, and he/she will need to collaborate with an anonymous
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participant to complete a document. For the first author of each form, i.e., the one who
conducts text phase 1 or graph phase 1, he/she needs to leave a draft for the second
participant based on the task topic. There are no requirements for the genre and format
of the draft. For the second participant, he/she will complete the entire document
according to the task topic and the draft left by the first participant. The second
participant will be informed that he/she has the right to make any additions, deletions,
modifications, and other operations to the draft, but the final document must be a
complete and unobstructed text document or graph document.

Obviously, this experiment is not synchronized, there is no need for face-to-face
collaboration at the same time, and there is no additional communication between the
two collaborators. The primary device of this experiment is an Amazon EC28 virtual
machine (VM) located in Tokyo. Table 5-1 shows the detailed configurations of the
virtual machine instance.

Table 5-1 Configuration of experiment machine

Configuration Details

VM service Amazon EC2

Availability Zone ap-northeast-1a

Physical location Tokyo

Instance type t2.large

Number of vCPUs 2

Processor Intel® Xeon® CPU E5-2676 v3 @ 2.40G Hz
Architecture x86_64

Memory Size 8192 MiB

Storage Size 30 GiB

Storage Type gp2

IOPS 100

Platform Windows Server 2019 64-bit Operating System

Each participant in the experiment uses their own PC to connect to the VM
instance for operation. Participants will prepare their own PC, mouse, keyboard, and
other necessary facilities and have good network access to the VM instance. In order
to unify the device environment of experiment participants to the greatest extent.
Whether it is a text document or a graph document, participants will connect to the
VM instance to perform operations. For the text document, the participants will
compose by Google Docs through the VM. For the graph document, we will prepare
the operating environment of the Semantic Editor in the VM instance in advance, and
the participants will compose by the Semantic Editor through the VM.

6 https://aws.amazon.com/ec2/
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Before the experiment, we explained the experiment process and conducted
simple operation training to the participants through the remote desktop software
TeamViewer’. We conducted a simple training on the basic operations of Google
Docs and Semantic Editor, including operations such as addition, deletion,
modification, etc. Moreover, during the experiment, we observed the operation of
participants through the TeamViewer. If the participant used a Windows system, the
experiment participant would use Remote Desktop Services® to connect to the VM
instance, and the observation would be done through the TeamViewer. For macOS
users, the observer logged in to the VM instance through Remote Desktop Services to
observe, and the participant performed remote desktop operations through the
TeamViewer. Throughout the experiment, the participants' network conditions and
operation fluency were good.

In order to encourage participants to compose rich documents as much as
possible and avoid bias caused by different professional backgrounds of participants,
we selected 10 fictional task topics, each of which is not based on any specific
professional knowledge or only based on some well-known common sense. The 10
tasks are described as follows, and Table 5-2 shows the schedule of the whole
experiment.

1. After the quarantine of the COVID-19, you and your friends plan to have a
party. Please describe what you will do at the party.

2. The entrance examination of the University of Tokyo is affected by the
COVID-19, so the school decided to hold an online examination. But to
prevent cheating, we need more measures to help. The school is super rich
and can use any existing technology or device for this exam. Please
describe how this examination could be held.

3. You and your friend plan to develop a VR game, the player will play an
alien on another planet, describe what a player can experience in the game.

4. In the year of 3030, humans still live on earth, and the techniques are much
well developed. Describe a daily life for someone living in 3030.

5. You and your friend plan to climb the mount Himalayas, please describe
what you need to prepare for this.

6. You and your friend found a new island in the Pacific Ocean, and it is big
enough to establish a new country. You and your friend decide to establish
a new country and will rule this island, describe what you will do.

7. You and your friend found a way to redesign the human physiological
structure. Describe what you will design for the next generation of human
beings.

8. You and your friend devised a machine that can make anything invisible
for a day. Describe how you will use this machine.

9. You and your friend won a billion dollars in the lottery, describe how you
will spend this money.

7 https://www.teamviewer.com/en/
8 https://docs.microsoft.com/en-us/windows-server/remote/remote-desktop-services/welcome-to-rds
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10. You and your friend got a superpower, describe what it is and how you

will make use of it.

Table 5-2 Experiment schedule

Tasks | Textphasel Text phase 2 Graph phase 1 | Graph phase 2
1 Participant 1 Participant 2 Participant 4 Participant 3
2 Participant 4 Participant 3 Participant 1 Participant 2
3 Participant 3 Participant 4 Participant 2 Participant 1
4 Participant 2 Participant 1 Participant 3 Participant 4
5 Participant 5 Participant 6 Participant 8 Participant 7
6 Participant 8 Participant 7 Participant 5 Participant 6
7 Participant 7 Participant 8 Participant 10 Participant 9
8 Participant 10 Participant 9 Participant 7 Participant 8
9 Participant 9 Participant 10 Participant 6 Participant 5
10 Participant 6 Participant 5 Participant 9 Participant 10

5.2. Quality Indicators

Since we are concerned about the richness of explicit content and the
collaboration level between phase 1 and phase 2 of a task, we use the following
quality indicators (QIls) to quantitatively evaluate the quality of document content and
the collaboration level. The definitions of size, height, expansion degree, and
aggregation degree are the same as section 4.2, but for convenience, we also list them
along with new Qls defined here.

e Size is the number of nodes in the net. It is the number of information units or
the number of ideas. Large documents are informative.

e Height is the maximum number of nodes in one thread from the start to the
end. In-depth discussions tend to be high.

e Expansion Degree is defined based on the definition of downward degree.
The downward degree of a node is the number of nodes linked downwardly to
this node. In a net structure, the downward degree is equivalent to the number
of children of a node. Expansion degree is defined as:

if Tpye # O, then
Expansion Degree = Y.t {tou:(N) — 1}
else Expansion Degree =0
T,¢ 1S the set of nodes with downward degree greater than or equal to 2.

tou: (N) is the downward degree of a node.
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The expansion degree indicates how many times in the entire document, the
content of discussion has expanded out of additional branches to discuss the
same issue from different perspectives. The larger the expansion degree, the
more comprehensive the document.

e Aggregation Degree is defined based on the definition of upward degree. The
upward degree of a node is the number of nodes linked upwardly to this node.
In a net structure, the upward degree is the number of parents of a node.
Aggregation degree is defined as:

if Ty, # 0, then
Aggregation Degree = Y. cr, {tin(N) — 1}
else Aggregation Degree =0
T;,, is the set of nodes with upward degree greater than or equal to 2.
t;n(N) is the upward degree of a node.

The aggregation degree indicates how many times in the entire document, the
content discussed has been summarized. The larger the aggregation degree, the
higher the summarizing ability of the document.

e Connectivity is the number of links composed in phase 2 that directly connect
any nodes composed in phase 2 with any nodes composed in phase 1. The
connectivity shows the interaction level of the content composed in two
phases. The tighter collaborated composition will result in higher connectivity.

By converting both RDF-graph documents and ordinary text documents by the
conversion process discussed in section 3.2, we get the corresponding Petri nets. Then
we calculate the above quality indicators of the Petri nets to quantitively evaluate the
quality of the graph document and the text document, respectively.

Figure 5-1 shows an example of the net structure. In this example, the blue nodes
and links are composed in phase 1, and the red nodes and links are composed in phase
2. There are 10 nodes in the net so that its size is 10. The height of the net is 3 because
the furthest node from the root is 3 layers down, the path 1-2-6-10 is one of the
possible paths from the root node to the furthest node. The connectivity of the net is 4,
because there are 4 links directly connect nodes composed in phase 1 with nodes
composed in phase 2, and these four links are 1-4, 1-5, 2-7, and 7-10.

Note that if we only consider the content composed in phase 1, the size and
height are 5 and 3, respectively. However, after the composition of phase 2, the
content is enriched, and the QIs are enlarged.
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Figure 5-1 An example of converted net

And
Similar
Equal
Contrast
Or

Unlike
Conflict
Sametime

Table 5-3 shows the downward degree and the upward degree of the nodes in the
example. By the definition of expansion degree, only the nodes with downward
degree greater or equal to 2 should be counted; thus, the expansion degree of this net
is(4—1)+ (2—-1)+ (2 —1) = 5; similarly, by the definition of aggregation
degree, only the nodes with upward degree greater or equal to 2 should be counted;
thus, the aggregation degree of thisnetis (2 —1) + (2 —1) + (2 —1) = 3. This
makes sense because, in the net, the content of discussion has expanded out of
additional branches five times, there are in total five side-branch in this net. At the
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same time, the discussion is concluded three times, and there are three branches
merged into another.

Note that the relationship between node No.8 and node No.9 is symmetric, and it
does not contribute to any downward degree or upward degree since node No.8 and
node No.9 are in an equal position, and there is no progressive relationship between
them. In the ontology we currently use in Semantic Editor, symmetric relationships
include:

e And

e Similar
e Equal
e Contrast
e Or

e Unlike
e Conflict

e Sametime

Table 5-3 Downward degree and upward degree of the nodes in the example

Node Downward degree Upward degree

1 4 0

2
3
4
5
6
7
8
9

o|lo|o|lR,r | RL|IN|RLRIRL|N
N R R[NP RP|R]|F

10

Note that if we only consider the content composed in phase 1, both the
expansion degree and the aggregation are 1. However, after the composition of phase
2, the content is enriched, and the Qls are enlarged.

5.3. Hypotheses

The purpose of the asynchronous collaborative authoring experiment is to verify
whether RDF-graph, as a form of document and a carrier of content, is more
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productive and more conducive to collaboration than text in an asynchronous
collaborative authoring environment. The general hypothesis of this experiment is:

RDF-graph is more productive and more conducive to collaboration than
text in asynchronous collaborative authoring.

According to the QIs we defined and discussed in section 5.2, we decompose this
general hypothesis into the following five hypotheses, corresponding to the five
structural Qls.

e Hypothesis 1: RDF-graphs are larger than texts in asynchronous collaborative
authoring.

e Hypothesis 2: RDF-graphs are taller than texts in asynchronous collaborative
authoring.

e Hypothesis 3: RDF-graphs are more expansive than texts in asynchronous
collaborative authoring.

e Hypothesis 4: RDF-graphs are more aggregative than texts in asynchronous
collaborative authoring.

e Hypothesis 5: RDF-graphs are more conducive to collaboration than texts in
asynchronous collaborative authoring.

5.4. Statistical Analysis

According to the conversion process we discussed in section 3.2 and the QIs we
discussed in section 5.2, we calculate the scores of the Qls for text documents and
graph documents and show the result in Table 5-4 and Table 5-5, respectively.

Table 5-4 QI scores of text documents

Qls Size Height Expansion | Aggregation | Connectivity
Task 1 18 5 11 1 4
Task 2 17 4 9 4
Task 3 23 4 12 3 8
Task 4 15 7 4 0 1
Task 5 21 7 10 5 5)
Task 6 21 3 10 0 4
Task 7 18 4 10 2 4
Task 8 24 9 9 1 1
Task 9 19 4 10 0 4

Task 10 29 13 8 1 4
Average 20.50 6.00 9.30 1.70 4.40
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Table 5-5 QI scores of graph documents

Qls Size Height Expansion | Aggregation | Connectivity
Task 1 32 6 17 7 6
Task 2 59 6 37 3 15
Task 3 62 9 23 6 9
Task 4 35 7 22 11 8
Task 5 44 4 29 7 17
Task 6 26 18 13 13 14
Task 7 53 6 25 9 6
Task 8 37 10 11 3 1
Task 9 57 9 27 5 7
Task 10 33 7 17 8 9
Average 43.80 8.20 22.10 7.20 9.20

Before we compare the QI scores, to eliminate the differences in the difficulty
among the nine tasks, we need to normalize the data so that the average value of the
graph and the text be 1.0 for each the structural quality indicator (size, height,
expansion degree, aggregation degree, and connectivity) for each task. In a task, if the
text size and the graph size are t and g, respectively, then the normalized size of text
and graph are defined as follows.

ift+g=0,then

else

normalized size of text = 1

normalized size of graph =1

normalized size of text = 2t/ (t + )

normalized size of graph =2g/ (t + Q)

The normalized sizes, heights, widths, expansion degrees, aggregation degrees,
and connectivity of texts and graphs for the 10 tasks are shown in Figure 5-2 to Figure
5-6, respectively. The average values of normalized Qls are shown in Figure 5-7.
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5.5. Hypothesis Tests

Based on the data discussed above, we test the five hypotheses we mentioned in
section 5.3. We apply one-tailed paired t-test to these hypotheses. Table 5-6
summarizes the text-graph comparisons with respect to the five structural QIs. Thus
hypotheses 1, 3, 4, and 5 survive under significance level a=5%, strongly supporting
the original hypothesis, which is to the effect that RDF-graph is more productive and
more conducive to collaboration than text in asynchronous collaborative authoring.
However, in the meanwhile, hypotheses 2 is not established from our data under
significance level a=5%. In this case, there is not enough evidence to show that RDF-
graphs are taller than texts in asynchronous collaborative authoring.

Table 5-6 Comparison of text and graph

Size Height Expansion | Aggregation | Connectivity
Text 0.66 0.85 0.62 0.40 0.68
Mean
Graph 1.34 1.15 1.38 1.60 1.32
Mean
P-Value 0.0001 0.0844 0.0001 0.0004 0.0011

5.6. Summary

In the experiment of asynchronous collaborative authoring, we confirmed that
RDF-graph is more productive and more conducive to collaboration than text in
asynchronous collaborative authoring. Among them, we use size, height, expansion
degree, aggregation degree, and connectivity as Qls to quantitatively evaluate
document quality, found that size, expansion degree, aggregation degree, and
connectivity strongly support the original hypothesis, that is, RDF-graphs are larger,
more expansive, more aggregative, and more conducive to collaboration than texts in
asynchronous collaborative authoring. For height, the final normalized average score
of graphs is still higher than texts, but the p-value in the hypothesis test is not small
enough, which makes us unable to accept the hypothesis. Nevertheless, at the same
time, text did not show any advantages over graph in height.

5.6.1. In-Depth Document Analysis

Compared with the synchronous collaborative authoring mentioned in Chapter 4,
asynchronous collaborative authoring has increased the experiment time. For each
document, the composition time has been increased from the original 30 minutes to
one hour. This allows participants to have sufficient time to express their ideas. In this
experiment, there is not enough evidence to show that RDF-graphs are taller than
texts in asynchronous collaborative authoring. This is mainly due to the time-based
storytelling in the composition of text. In task 5, the topic is to ask participants to
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pretend to climb the Himalayas and describe the preparations that need to be made for
it. In the composition of text document, participants told a chronological story of pre-
preparation and interaction, intensively described the historical development of the
fictional story. This makes the height of the document increase significantly. In task
10, the task asked the participant to assume a superpower and describe how to use the
power. In the composition of text document, participants described in detail the
background story on how to obtain this ability and created a fictional chronological
short story about superheroes. In this way, the fictional chronological story makes the
text score on the height indicator higher. However, even so, for normalized height, the
average score of graph is still higher than that of text, but the p-value is not small
enough in the t-test hypothesis test to accept the original hypothesis. Combining size
and expansion degree, we can see that under a specific topic, text has advantages for
fictional chronological storytelling, but even so, the richness and expansion of the
entire document produced are not as good as graph. Unlike Yagishita's experiment
(‘Yagishita, Munemori, & Sudo, 1998), our experiment is still open and does not
require participants to analyze specific issues in depth or draw clear conclusions.
However, the aggregation shown by the graph document is still higher than that of the
text document. The aggregation degree of some tasks in the text document is zero,
such as task 4, task 6, and task 9, but in the graph document, the aggregation degree
never is zero. Generally speaking, in terms of the richness of document and the
breadth of discussion content, graph has a clear advantage over text. Moreover, on the
height indicator, graph has no disadvantage to text.

In this experiment, five participants were school students, and the other five
participants were staff members from various industries. The average sample
composition of experimenters and the rotating experiment schedule minimized the
deviation caused by the participants' writing ability and task complexity. For each
experiment participant, they will participate in these four sessions on different four
days, and the task he/she faces is different every time. For each task, its corresponding
4 sessions are completed by four different participants. Therefore, this is a fair
experiment. This sort of experimental design favors neither text documents nor graph
documents and can weaken or eliminate the impact of differences in the capabilities of
different groups. This backs up the statistical significance of the superiority of graphs
to texts in our experiment.

5.6.2.  Analysis of Other Indicators

In addition to the five QIs related to the hypotheses, we also studied some other
QIs. These Qls cannot be said to have any apparent connection with the quality of the
document, but some of the phenomena they reflect are also worthy of our attention.
Here, we show the definition and statistical results of these Qls as follows.

e Average Expansion Degree is defined based on the definition of downward
degree. The downward degree of a node is the number of nodes linked
downwardly to this node. In a net structure, the downward degree is equivalent
to the number of children of a node. Average expansion degree is defined as:

if Tyye # O, then
ZteTout{tout(N)_l}

| Toutl

Average Expansion Degree =
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else Average expansion Degree =0
T, 1S the set of nodes with downward degree greater than or equal to 2.
tou: (N) is the downward degree of a node.

e Average Aggregation Degree is defined based on the definition of upward
degree. The upward degree of a node is the number of nodes linked upwardly
to this node. In a net structure, the upward degree is the number of parents of a
node. Average Aggregation degree is defined as:

if T, # 0, then
ZtETin{tiTl (N)_l}
|Tin|

Average Aggregation Degree =

else Average Aggregation Degree =0
T;,, is the set of nodes with upward degree greater than or equal to 2.
t;n(N) is the upward degree of a node.

¢ Node Deletion Rate is the percentage of nodes that were generated in phase 1
but were deleted in phase 2.

|{n | nENpLTlENfinalH
|Npa |
N, is the set of nodes generated in phase 1.

Node Deletion Rate =

Nfina is the set of nodes in the final composed document.

e Link Deletion Rate is the percentage of links that were generated in phase 1
but were deleted in phase 2.

|{l | lELp1;l$Lfinal}|
|Lpa|
L, is the set of links generated in phase 1.

Link Deletion Rate =

L¢ing is the set of links in the final composed document.

¢ Node Modification Rate is the percentage of nodes that were generated in
phase 1 but were modified in phase 2.

INmodl
Node Modification Rate = —mod]
p1
[Npa
N, is the set of nodes generated in phase 1.

N,0q4 1S the set of nodes that were generated in phase 1 but were modified in
phase 2. The content of a modified node should be roughly the same as the original
node, with only minor modifications. Otherwise, it shall be deemed that a new node
is created after the original node is deleted.

e Link Modification Rate is the percentage of links that were generated in
phase 1 but were modified in phase 2.
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|Lmod|
|Lpa]
L, is the set of links generated in phase 1.

Link Modification Rate =

Lmoa 1S the set of links that were generated in phase 1 but were modified in
phase 2. The node connected by the modified link should be the same as the node
connected by the original link, only the link label or link direction was modified.
Otherwise, it should be regarded as a new link created after the original link is
deleted.

Table 5-7 and Table 5-8 show the statistical result of the QIs defined above of
text document and graph document, respectively.

Table 5-7 QI scores of text documents

Qls | Average | Aversge | oucicn | Defenon | Modiiation | Modifiaton

Rate Rate Rate Rate

Task 1 1.83 1.00 40.0% | 75.0% 35.0% 0.0%
Task 2 3.00 2.00 8.3% 8.3% 58.3% 25.0%
Task 3 2.00 3.00 38.5% | 38.5% 15.4% 0.0%
Task 4 1.00 0.00 96.0% | 100.0% 0.0% 0.0%
Task 5 2.50 2.50 0.0% 0.0% 6.7% 6.7%
Task 6 2.00 0.00 0.0% 0.0% 0.0% 0.0%
Task 7 3.33 2.00 0.0% 0.0% 0.0% 0.0%
Task 8 2.25 1.00 0.0% 0.0% 0.0% 0.0%
Task 9 2.00 0.00 0.0% 0.0% 54.5% 9.1%
Task 10 1.33 1.00 0.0% 0.0% 0.0% 0.0%
Average 2.13 1.25 18.3% | 22.2% 17.0% 4.1%

Table 5-8 QI scores of graph documents
Average Average Nod_e Lin!< I\_Io_de . ITi.nk .
Qls Expansion | Aggregation Deletion | Deletion | Modification | Modification

Rate Rate Rate Rate

Task 1 2.43 2.33 0.0% 0.0% 0.0% 0.0%
Task 2 2.18 1.00 0.0% 12.9% 12.9% 0.0%
Task 3 1.44 1.50 6.8% 9.1% 0.0% 0.0%
Task 4 2.20 1.57 0.0% 5.3% 10.5% 0.0%
Task 5 242 1.40 0.0% 15.4% 7.7% 0.0%
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Task 6 1.63 1.63 0.0% 10.5% 0.0% 0.0%
Task 7 1.92 1.29 0.0% 0.0% 0.0% 0.0%
Task 8 1.38 1.00 0.0% 0.0% 0.0% 0.0%
Task 9 1.59 1.25 0.0% 0.0% 0.0% 0.0%
Task 10 1.89 1.14 0.0% 0.0% 0.0% 7.1%
Average 1.91 141 0.7% 5.3% 3.1% 0.7%

Since there are often zero cases in these data, we are not here to do the statistical
test of the average value. However, the deletion rate and modification rate of the text
document can explain some problems. The text document showed an extremely high
deletion rate and modification rate in some tasks. Taking task 4 as an example, its
deletion rate is very high. The node deletion rate and link deletion rate reached 96%
and 100%, respectively. The second participant almost completely deleted the draft
left by the first participant and wrote a new document. This is indeed the case. The
topic of this task requires participants to imagine the life of human beings on some
day in 3030. The first participant planned a grand story background in the draft and
planned to start with the development of human society to estimate the state of society
in 3030. In the draft, the first participant gave a detailed introduction to the
development of human society as the background of the entire topic. However, this
excessive attention to the background of the story led to a certain degree of
disconnection from the topic, so that the second participant could not complete such a
grand content of the historical background in a short time, so the draft was almost
completely deleted in the final document. We call this phenomenon of paying too
much attention to the background of the story as a background trap. Due to the
existence of background traps, participants cannot produce richer and broader
thinking content when composing text documents.

Since we did not make genre and format restrictions on the draft composed in
phase 1, some participants only listed some ideas in the text draft in phase 1 but did
not form smooth sentences or paragraphs. This makes the second participant have to
reorganize these contents into smooth language and then express them as a whole. We
can see this more clearly by referring to the node modification rate and link
modification rate in Table 5-7. Take task 2 as an example. The higher modification
rate indicates that the second participant has made extensive changes to the draft. This
is actually the process of reorganizing the listed ideas into a smooth language. This
organizational process not only cannot make the content richer, but on the contrary,
due to the requirements of language fluency and the limitation of the author's writing
ability, some content initially in the draft will be discarded or lost. A typical example
is the text part of task 1, as shown in Table 5-9. This task requires participants to
organize a party after the quarantine of the COVID-19 and describe the specific
process of the activity. In the original draft, the first participant suggested organizing
everyone to play board games, mentioning the work of preparing board game cards,
drinks, and snacks. However, the preparation of drinks and snacks was ignored
entirely in the final document. On the contrary, in terms of word count, the second
participant has greatly expanded the content, and also mentioned the reasons for the
party location. However, obviously, this paragraph also includes many sentences that
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are not highly relevant to the party process. The existence of these sentences only
makes the article more fluent but does not help the article's information richness.

Table 5-9 Part of the text document of task 1°

Phase 1 Final work
Process on the day of the event: Activity process:
1. Play board games at 2 pm-5 pm 1. 2 pm-5 pm board games
Items needed: board game cards; Item needed: board game cards

drinks; snacks

Today’s 10-player board game
will have a wealth of characters and
game modes. Everyone has been playing
through the cloud using APPs for a long
time. Such a real face-to-face game can
be described as a war after three months.
Everyone will be very emotional by
then. In particular, my voice might be
overshadowed by the communication of
peop