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Abstract

The proliferation of social media has resulted in the exponential growth of on-
line conversations. Due to the volume and complexity of conversations, it is often
extremely difficult to gain insights from such conversations. This dissertation hy-
pothesizes that synergetic integration of natural language processing with informa-
tion visualization techniques can help users to better fulfill their information needs.
More specifically, we developed a question-answering method that allows the user to
ask questions about a conversation and then automatically answers the question by
highlighting results in a visual interface. The visual interface, named ConVisQA,
was developed by extending ConVis which visually summarizes a conversation by
providing an overview of topics and sentiment information. We demonstrate the
effectiveness of our approach through a user study with blog readers. The dis-
sertation concludes with a user study comparing our interface with a traditional

interface for blog reading as well as considerations for future work.
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1 Introduction

1.1 Motivation

The surge of social media sites is generating conversational data at an accelerating
pace that continues to grow every day. Often many people from around the globe
contribute to a discussion on various online platforms such as Twitter, Facebook,
Reddit, etc., which generates a very long communication thread with hundreds
or thousands of comments from different people. Recent statistics report from
[60] Alexa’s Internet traffic rating service discloses that Twitter and Facebook are
among the top 50 most visited sites in the world in blogging and micro blogging
websites. A recent study from Pew Research Center shows that 22 % of American
adult internet users [47], use Twitter at least every day that is generating over 500
million of tweets, daily in year 2019 [45]

This profusion of conversational data reveals a great opportunity for important
various findings in exploring and analyzing such a huge volume of data. Unfortu-

nately, given such large conversations, it becomes extremely difficult for users to
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fulfill their information needs [19]. This problem is commonly known as information
overload, where users may feel overwhelmed by the massive amount of potentially
relevant information, and as a result, they fail to complete their information seeking
tasks [2].

To address this problem, this dissertation takes a visual text analytic approach,
combining natural language processing methods for understating and summarizing
discussions and information visualization techniques to present an overview of the
conversational data to users. We consider that if the user can ask questions about a
long conversation and get answers quickly in a visual form that may help the user to
fulfill her information needs without needing to scroll through the huge discussion.

Question answering (QA) is a research area in the intersections of informa-
tion retrieval (IR) and natural language processing (NLP), which is widely used
in building such systems that are capable to automatically answer questions asked
by users in natural language. Question answering is a difficult task categorized by
information requirements articulated as natural language statements or questions
[31]. In contrast, traditional information retrieval approaches use the whole doc-
uments such as web pages as a response to the information request, in question
answering, a specific portion of the information is returned as an answer to the
user request. The stakeholders of a natural language question-answering system

are looking for a succinct, coherent, and accurate answer which could be a word,



sentence, paragraph, image, or a whole text [40].

This dissertation posits that by integrating natural language processing (NLP),
information retrieval, and information visualization (InfoVis) techniques in a syner-
gistic way, we can better support users to fulfill their information needs in respond-
ing to their queries expressed in natural language. Language processing techniques
are capable to extract required information e.g. topics, people’s opinions in a dis-
cussion on a topic, or participant’s stance about a topic. Hence these techniques
can extract a piece of information that answers user’s queries and combined with
visualization techniques, the response of the user’s query can be visualized in a user
interface. In this thesis, we propose a system to support answering questions in
natural language for precise information seeking by combining InfoVis with NLP

techniques



1.2 The Problem

Internet users tend to participate and post comments in social media websites about
online contents such as news, videos, reviews, blogs, and debates. The very common
format to exhibit comments in an online discussion is a paginated list, organized by
timestamp or by user’s evaluations and ratings. It is generally known that such lists
are not capable to scale and can lead to cyberpolarization which aids to support
extreme or controversial opinions [11]. When a reader wants to explore such a large
conversation, traditional social media sites provide very limited support. These
discussions only display the original posts and subsequent replies in hierarchical
order and paginated content, usually in descending order. Thus, the reader needs
to go through a long conversation with hierarchically organized comments until
their information requirements are satisfied [23]. It is very difficult for users to
explore and go through all the previous comments in an online discussion to locate
the information they need making it almost impossible to gain important insights
form the discussion [22]. Glancing through a blog collection is presently not well
supported. Users cannot gain an overview of a blog easily, nor do they receive
satisfactory support for finding potentially motivating or controversial posts and
comments in the blog [50].

To illustrate the problem, let us consider the issue of the current pandemic



situation coronavirus Figure 1.1 is a sample of one-word search query “Coronavirus”
on a blog website “Reddit ” and the result contained more than 50 responses as main
blog posts. This blog post had 3.8 thousand comments and there is an indentation
at different levels. If a user wants to read this blog conversation, there are chances
that the user will not be able to explore this whole conversation and will stop
reading through without having his/her information needs being fulfilled. There is
very limited support to explore these conversations in terms of question-answering
in form of natural language.

The Question Answer (QA) systems are established to retrieve accurate and
concise answers to human queries posted in natural language. The stakeholders of a
natural language QA system look for a brief and accurate answer to their questions.
The response to their question may denote a term, sentence, a subsection, a picture,
audio recording, a book, or a complete text document. “The main purpose of
a QA system is to find out “WHO did WHAT to WHOM, WHERE, WHEN,
HOW and WHY?” [35]. The increased popularity and usage of social media has
generated a demand for various services to assist the internet in locating desired
information quickly. Question answering (QA) systems are one of these services
that have gained the researcher’s attention. Various techniques to provide efficient
and accurate retrieval of answers to questions have been introduced and evaluated

for different scenarios. For example, a user may ask a question such as “Which
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Figure 1.1: A list of conversations returned a discussion with 2.3k comments by

Reddit to user’s one-word query ”Coronavirus” (Accessed June 2020)



country had the highest coronavirus cases?” a search engine developed on keyword-
based search such as Google may display a massive list of documents and web pages
from the various sources whereas a question answering system will try to answer the
question with the name of a country and number of cases [49]. To the best of our
knowledge, there is no such system that answers user’s questions, or meta-questions
about blog conversations, posed in natural language by visualizing the answer in
a user interface. Our research aims to address this gap by using topic modeling,
sentiment analysis, and information retrieval methods to answer user’s questions

and then visualizes the answer within a user interface using InfoVis techniques.

1.3 Approach

The primary goal of this thesis is to develop Question answering (QA) with the
capability to automatically answer questions about blog conversations asked by
human beings in natural language and then visualizing the answer. Our hypoth-
esis is that by combining Natural Language Processing (NLP) and Information
Visualization (InfoVis) techniques we can support answering user’s questions using
various facets such as sentiment, topics, and opinions or authors in different kinds
of multi-party conversations (e.g. debate, blog conversations).

But how can we integrate NLP and InfoVis techniques effectively to enable

efficient information retrieval for a question answering system? More specifically, we
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pose the following research questions to evaluate Usability and efficacy of interface:

1. What kind of questions people may ask while they explore a conversation?

2. What metadata and text analysis approaches are useful to answer these ques-

tions?

3. How a question answering interface for exploring multiparty conversations

may improve user performance and subjective ratings?

4. Can such question answering interface scale up for a large conversational

dataset with thousands of comments?

Keeping the above questions in mind, we introduce a natural language interface
that supports users to quickly locate and browse through the comments that are
relevant to their information needs. Our system takes a question about the conver-
sation from the user as input and then automatically finds the answers using natural
language processing techniques. It then presents the results by highlighting in a
visual interface, enabling the user to quickly navigate through the comments that
match her information needs. Our interactive question answering system named
ConVisQA allows the user to express their specific information needs from an on-
line conversation through natural language. In response, the system uses natural
language processing (NLP) techniques to automatically parse the questions, locate

the answer throughout the conversation and displays highlighted information to
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Figure 1.2: ConVisQA user interface allows users to explore a blog conversation for

Question Answering



the user. Then the system allows users to further explore a conversation based on
certain facets (e.g. sentiment, topics of discussions, etc.) and highlights them to
the user. Also, the system can filter based on different facets (e.g. filter comments
based on topics, sentiment scores, comment length). This system integrates ad-
vanced natural language processing and visual analytical techniques for retrieving
specific information from large conversations, enabling a user to quickly locate the

relevant information to a given question so that they can fulfill their specific needs.

1.4 Thesis Organization

We will start Chapter 2 with a literature review on existing visualization tech-
niques for online conversations. We will also review recent techniques for natural
language interaction techniques for visualizations. Then in Chapter 3, we will de-
scribe our proposed approaches including offline processing and online processing
for the question-answering task. Next, in Chapter 4 we will explain the design of
the ConVisQA interface. In Chapter 5, we will present the user evaluation of our

approach. Finally, we will conclude our thesis with an overview of future work in

Chapter 6.
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2 Literature Review

Our work is in the intersection of question answering, visual analytics and NLP
techniques for multi-threaded conversational data. In this Chapter, we will first
discuss different types of visualizations for supporting exploration of a collection of
conversations. These visual interfaces can be categorized based on the information
they extract and visualize: (a) metadata of the conversations, such as timestamps,
tags, and authors, (b) text analysis, e.g. topic modeling and opinion extraction.

We will also review the literature on natural language interactions with data.

2.1 Visualizations for Exploring Conversations

Early efforts on visualizing online conversations has mostly focused on visualizing
the thread construction of a conversation using tree visualization techniques, such
as using a mixed model visualization to show both linear sequence and reply as-
sociations [51], thumbnail metaphor using a sequence of rectangles [7] [55], and

radial tree layout [38]. Opinion Space represents interactive map of a conversation.
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Each point represents a user and comment and is based on a metric relationship
between users based on approximately similar opinions[11]. A few systems rely on
clustering techniques to visualize the conversations as clusters of words grouped by
topics [3]. However, these visualizations do not study and visualize the actual text
or comments of the conversations.

Others have analyzed the textual content of conversations and primarily focused
on topic summarization [41] [49], or visualizing the content progression over time
[18]. For example, ConVis visualizes blog conversations using topics, authors, and
sentiment. It also provides several interaction features such as highlighting based
on multiple facets to support the user in exploring and navigating the conversa-
tion. ConToVi [10] visualizes dynamics between different topics and speakers in
conversations like political debates using animations with radial visualization. It
also presents speaker’s behavior using categories like sentiment, courtesy, and ex-
pression. Another attempt to further enhance the communication between humans
and computer is a Customer Service Automatic Answering System, that extracts
Question Answer sets from online documents and stores them in the knowledge
base [15]. This system evaluates the customer’s question, then learns the mean-
ing of the customers’ question accurately and retrieves the knowledge base. In
response, it returns a high-quality image as answer to the user. While the above

techniques have shown visualizations for exploring conversations promises in provid-
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ing an overview of the conversations and interactive features for navigating through
the comments, the user may find it still difficult and time consuming to locate the
comments of interests related to a specific question (e.g. “Which comments are

saying negative about pandemic”?) using such visual interfaces.

2.2 Visualizing Topic Models

Understanding and navigating large collections of documents has become an im-
portant activity in many spheres. However, many document collections are not
coherently organized and organizing them by hand is impractical. There is need to
automate ways to discover and visualize the structure of a collection to facilitate
the exploration of its contents conveniently.

To support precise and meaningful search in large corpora or documents, topic
modeling have been found very effective in determining the core discussion topics
and arguments that pervade a large and unstructured blog conversation [9]. A fully
web-based coordinated-view system was introduced to view Topic Streams from
twitter data and the topics were visualized as a stream in a temporally adjustable
stacked graph visualizing how the topics evolve over time [52]. Themail visualizes
how topics in an archived email conversation evolve over time. The key is to ar-
range the keywords selected based on term-frequency inverse document-frequency

(TF-IDF) along a horizontal time axis [52]. TextFlow [5] is another visual analysis
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tool that helps users analyze how and why the associated topics evolve gradually.
Users can discover the progression patterns at different levels of details of individual
topics over time which is represented as splitting and integrating relationship using
incremental Hierarchical Dirichlet process. TIARA [56] characterizes the chrono-
logical evolution of topics from an email assortment by applying the ThemeRiver
visualization [16], where every layer in the stacked graph represents a topic and
the keywords of each topic are dispersed gradually. From the height of each topic
and its content distributed over time, the user can observe the topic progression.
Topicpanorama visualizes topics by performing a meaningful alliance of their key-

words [53].

2.3 Opinion Visualization

There is a rising attention in analysing the opinions or feelings expressed in con-
versations, generally processing microblogs website seeking this expression [8] [48].
TwitInfo [34] is designed to support visualizing enhanced, accurate and acquisi-
tive sentiment information of micro-blogging websites in form of huge collection of
tweets. On the other hand, OpinionFlow is more concentrated on visualizing the
dispersion of opinions about a particular theme or topic (e.g., ‘pandemic or any
other current affair’) among the micro bloggers with a combination of a density

map and a Sankey diagram [57] Sometimes the information about opinion are com-
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bined with other important facets of information dispersal such as chronological

information, and the connections among conversation threads and authors [59].

2.4 Sentiment Analysis

Sentiment analysis approaches can be generally categorized into two types: learning-
based and lexical-based [14] [58]. Learning-based method uses recognized properties
derived from labelled training data to make predictions about unlabeled new data.
In text data, it derives the relationship between the features of the text segment.
There are various studies demonstrating that lexicon-based sentiment analysis
is more accurate than learning based approaches [26]. On the other hand, lexical-
based methods typically search a document or text for sentiment or feeling pointers
specified in the existing lexicons used [14][12][32]. The effects of the pointers are
then accumulated in order to get the foremost polarity of the text. Compared to
learning-based methods, lexical-based methods are easier to be applied across differ-

ent data sets and the desired results can be achieved without training of dataset[54].

2.5 Natural language Interactions with Data

Natural language interfaces for data visualization have received considerable atten-

tion recently [13]. Typically, these interfaces respond to user queries by either cre-
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ating a new visualization (DataTone [13]) and/or by highlighting answers within an
existing visualization (Eviza [43]). Some systems enable follow-up data queries from
users with limited support for pragmatics (e.g.Evizeon [21], Orko [44]). Some of
them provide query auto-completion features either by supporting syntactic query
formulation[43] or by supporting information recall and data preview [42].

Generally, these systems recognized the importance of providing feedback on
how the system interprets queries and enabling users to correct misunderstandings
through interface widgets. However, most of these works largely depend on heuris-
tics for parsing which are incapable of handling questions that are compositional
or otherwise incomplete and ambiguous.

There has been a recent surge in research on conversational interfaces [39],
one of the avenues of such research is automatic question answering with data.
For instance, some works focus on answering questions with semi-structured table
using semantic parsing techniques [27], [4]. However, the above works have mainly
focused on interacting with tabular data whereas the conversational data used in

our system is textual.
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3 Proposed Methodology

In this chapter, We first present our user requirements analysis which informed
our system design. We then provide an overview of our ConVisQA system which

supports users to ask questions about conversations and get answers in visual forms.

3.1 User Requirements Analysis

In order to guide our system design, we performed an initial formative study with
3 users (2 females and one male, age range 21-35 yrs) who regularly read blogs.
During the study, the participants were asked to read some given blog conversations
according to their own needs and interest and then write a set of questions that
come to their mind. We also requested them to suggest any improvements in the
system design. In addition, we rely on previous literature review of why and how
people read blogs [18] to get a sense of what kind of information needs they have
in mind.

Through the formative study and the literature review to compile a list of ques-
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tions that people may ask naturally, given a blog conversation they are reading.
We used this list to inform the design of our prototype, including the most com-
mon types of questions they ask as well as what kind of keywords they use and
the grammatical structures their questions usually follow. Table 3.1 shows a set of
example questions that people typically ask while exploring conversations. We also
identify what kind of data variables are involved in each of the questions and the
analytical functions that are necessary to answer these questions.

During the initial formative study, P1 suggested various questions about au-
thors who post comments in the blog conversation e.g which authors always post
controversial comments? P2 suggested having sentiment filters for positive and neg-
ative comments and it will be better to cluster comments based on similar content
or a key phrase. P3 reported, “that there should be a guide or tool-tip on each
facet such as topic or author to guide the users what to do. P3 found it difficult to

understand without demonstration of system functionality”.

3.2 System Overview

In this research, we build our system named ConVisQA on top of ConVis which is
a visual text analytic system for online conversations. Generally, the architecture
of a Question Answering System is composed of three major components, such as

syntactic question processing, locating relevant passage or document and then pro-
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Figure 3.1: ConVisQA System Overview system for supporting question answering

cessing the answer [17] [25] (i) question/ query processing; (ii) Document retrieval
and (iii) answer extraction. ConVisQA integrates these components in two phases
as shown in Figure 3.1: (1) offline processing (Figure 3.1a) and (2) online processing

(Figure 3.1b).

3.3 Offline Processing

In the offline processing (Figure 1a) we pre-process the set of conversations collected
from different blog sites (e.g. DailyKos, Business Insider or Slashdot ). by cleaning
the data to retain only the conversational data in the crawled pages, followed by
extracting the conversational structure, i.e., reply-relationships and quotation. We
use a state-of-the-art tagger [33] to tokenize text and annotate the tokens with their
part-of-speech tags [6]. After that, the conversation analyzer module performs
topic modeling and sentiment analysis over the whole set of conversations and
store the results in a database. We used a topic modeling approach that first

segregates all sentences into groups as a set of topical clusters/segments by utilizing
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the conversational structure [24]. Then, representative key phrases are assigned to
each of these segments (labeling).

For sentiment analysis, we applied the Semantic Orientation CALculator (SO-
CAL) [46], which is a lexicon-based approach for determining whether a text ex-
presses a positive vs. negative opinion. SO-CAL computes polarity as numeric
values. At first, we apply SO-CAL to generate the polarity for each sentence of
the conversation. We define 5 different polarity intervals, and for each comment in
the conversation, we count how many sentences fall in any of these polarity inter-
vals. Finally, the results are stored in a database for efficient retrieval within the

interface.

3.4 Online Processing

When the user types a question (e.g., “Which one is the most controversial topic

of discussion?”), the system performs the following three steps on the fly:

1. Lexical and semantical analyzer pre-process the questions and re-write the

original input question so that the parser can recognize the question.

2. The ANTLR parser takes the modified question and uses a set of pre-defined
grammar rules to automatically recognize the entities and analytical functions

involved in the to build a query for retrieving results from the database.
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3. The ConVisQA Interface obtains the results from the database and presents
the results to the user by highlighting the results in the visualization as well as
by presenting in text. Below is a brief description of each step to be performed

in the implementation of ConVisQA.

3.4.1 The Lexical and Semantical Analyzer

This module first tokenizes the question, remove the stop words, and apply part
of speech tagging using Stanford CoreNLP (see Figure 3.2 [33]. It then finds the
words that are mentioned in the input questions but do not exist in our pre-defined
lexicon. It then applies the word2vec model to check if the user has used a term
that is not in our lexicon, but it is most likely that the term is already present in
our lexicon. In such a case, we replace the user’s term with the term in our lexicon

so that the parser can recognize it.

3.4.2 The ANTLR Parser

We use an ANTLR parser that employs a top-down parsing strategy named LL (*)
[37]. We choose ANTLR parser because it allows for better flexibility in specifying
the grammar rules and has been successfully applied in natural language interface
for data visualizations recently [21]. This parser reads the input from left to right,

performing the leftmost derivation of the input query. This parser takes a context-
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text = word _tokenize("who had posted the most negative comments about topic X?")
nltk.pos_tag(text)

[('who', WP},
(‘had", "WBD'),
('posted‘J 'UBN'},
{'the', 'DT"),
(‘most', 'RBS'),
('negatlve s "11%),
('comment; » "NNS'Y,
(‘about”,
('topic',
('x, 'NN}
(21, )]

N),
N )

¥

Figure 3.2: Part of Speech Tagging on User Input

free grammar with a set of production rules. We design the hand-crafted grammar
rules based on prior analysis of how people may ask different analytical questions
while they explore conversations.

In particular, we first identified and defined a set of analytical functions (e.g.,
sort, filter, find extrema, compare) as well as a set of data variables that are involved
in a question (e.g. topic, author, comment, sentiment, posting time). Table 1 shows
some example questions along with the corresponding analytical functions and data
variables that are involved with them.

In the next step, we use the data variables and analytical functions to build
grammar rules that the ANTLR parser can process. For instance, consider the

following production rule:
G’ — = < extreme >< sentiment > Comment about < topic >? (3.1)
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Sr. | Question

Data Variables

Analytical Functions

1 What is the most/least controversial topic? Topics, comments Find extrema

2. What is the most/ least controversial comment? Author, Comment Filter, Find extrema
3. | What is the most/least controversial comment on topic X? Topic, Comment Filter, Find extrema
4. Who is the most/least controversial author? Author, Comment Filter, Find extrema
5. | What is the most/least controversial comment? Comment Filter Find extrema

6. | What is the most/least controversial comment of an author? Comment Author Filter, Find extrema
7. | Who had posted the most negative/positive comments about topic X? | Author, Topics, Comments | Filter, Find extrema
8. | Who was the most dominant participant of the conversation? Author, Comments Find extrema

9. Can you get rid of topic X7 Topic, comments Filter

10. | Which topics are generating more discussions? Topic, comments Sort

11. | Which comments are supporting the claim made in the post? author, comments NA

12. | Which authors always posts controversial comments? author, comments NA

Table 3.1: A set of example questions along with data variable

functions that are involved in the questions.

and analytical

In this rule, < extreme > is a non-terminal symbol that can represent analytical

tokens like most, least, etc. < extreme > can take values like ‘negative’, ‘positive’,

and neutral. Finally, < extreme > can take any topic name in the conversation.

Given the question “Which one is the most negative comment about topic X”, the

parser generates a query that finds all the comments about the topic X from the

database and then selects the comment that has the most negative score.
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4 ConVisQA Interface

In this chapter, we first briefly explain the interface ConVis and its features,then we
describe the common visual encodings shared by both ConVis and ConVisQA. Then
we demonstrate how the extended interface ConVisQA helps the user in exploring
conversations by using natural language question answering and additional features
for improving scalability. This chapter explains the differences and similarities in

both interfaces.

4.1 Design Rationale

ConVisQA is developed on top of ConVis [18], a visual interface for exploring
online conversations which was originally designed based on requirements of the
blog-reading tasks. We now explain the major components of ConVis Interface as
shown in Figure 4.1, followed by our rationale for extensions made in our ConVisQA
interface.

The ConVis interface is primarily designed as an overview + details approach,
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consisting of following components.

e Thread Overview: the Thread Overview hierarchically represents a visual
summary of the whole conversation, and allows the user to navigate through

the comments 4.1, middle).

e Sentiment Overview: The horizontal coloured stacked bar in the middle dis-
plays each comment. Each stacked bar encodes three different metadata (com-
ment length, position in the thread, and depth of the comment within the
thread) and the text analysis results (i.e., sentiment) for a comment.The
stacked bars are vertically ordered according to their positions in the thread
starting from top with indentation indicating thread depth, allowing the user

to see the whole thread structure at a glance.

e Facet Overview: Topics and authors are presented in a circular layout around
the Thread Overview (see 4.1). Both topics and authors are positioned ac-
cording to their chronological order in the conversation starting from top,
allowing the user to understand how the conversation evolves as the discus-
sion progresses. Two distinctive qualitative colors are used to encode the
facet links and the facet elements. The font size of a topic encodes how much

it has been discussed when compared to the other topics within the whole
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Figure 4.1: A snapshot of ConVis for exploring blog conversation

conversation. Likewise, the font size of an author encodes how many times a

participant has posted in a conversation.

e The Conversation View: The Conversation View displays the actual text of
the comments as a scrollable list (see 4.1, right). The interface also provides
interaction feature such as highlighting user-specified search terms to locate

and highlight the word or phrase posted or used in the conversation.

After analyzing the ConVis interface and performing informal studies with par-
ticipants we identified three main ways to extending it. More specifically, we intro-
duced following new features in ConVisQA:

e Questions Answering: We have introduced the the Question Answering fea-
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ture to help users fulfill their information needs. ConVisQA is capable to
answer the questions asked in Natural language in search bar. The user can
type a question and the interface then returns the answer by highlighting

corresponding facets (e.g comments, authors and topics).

e Multi-faceted filters: We have introduced multi-faceted filters to enhance
readability for larger conversations. For example, users can filter the con-
versation using positive or negative sentiment scores. It also allows users to

filter comments based on number of sentences.

e Scalability: ConVis could only display about 100 comments originally. We
have improved scalability by showing a larger dataset that have more than
500 comments. To achieve this, ConVisQA divides the thread overview into

pages and a paginated list is displayed to switch to next pages of comments.

4.2 Visual Encodings and Interactive Features

We developed ConVisQA by extending ConVis [18], a visual interface for explor-
ing an online conversation which was originally designed based on requirements
of the blog-reading tasks. The ConVisQA interface is primarily designed as an
overview+details interface as shown in Figure 4.2. The overview consists of the

whole conversation thread as well as the discussion topics and authors who partici-
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pated in the conversation. The Thread Overview visually represents each comment
of the discussion as a stacked bar, where each stacked bar encodes three different
metadata (comment length, the position of the comment in the thread as well as
the depth of the comment within the thread).

A set of five diverging colors is used to visualize the distribution of sentiment
orientation of a comment, ranging from purple (negative polarity) to orange (posi-
tive polarity). Thus, the distribution of colors in the Thread Overview can help the
user to perceive the kind of conversation they are going to deal with. For example,
if the Thread Overview is mostly in strong purple color, then the conversation has
many negative comments. The primary facets of the conversations, namely topics
and authors, are presented cyclically around the Thread Overview. By default,
both topics and authors are positioned according to their chronological order in the
conversation starting from the top, allowing the user to understand how the con-
versation evolves as the discussion progresses. However, such ordering may change
based on certain questions (e.g. if the user asks to sort topics based on how con-
troversial there are). To indicate the topic-comment-author relationship, the facet
elements are connected to their corresponding comments in the Thread Overview
via subtly curved links. Finally, the Conversation View displays the actual text of
the comments in the discussion as a scrollable list.

We also made some extensions to the ConVis interfaces by including additional
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Figure 4.2: The ConVisQA user interface allows users to explore a blog conversation
and get their questions answered about that conversation. Here, the user can ask
a question using a textbox (A) and can filter comments based on sentiment and
comment length (B). The Thread Overview visually represents all the comments
using stacked bars (D) while topics and authors are arranged circularly around this
overview (C, E). Finally, the Conversation View at the right presents the comments

in a scrollable pane (F).
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interactive features for filtering, sorting, and deletion. For example, the user can
filter comments based on sentiment score Figure 4.3 this can be done for both pos-
itive and negative sentiment for whole conversation. The comment length filter
helps the reader to filter the conversation for number of sentences in all comments.
This feature enables users to filter the conversation for the desired number of com-
ment length implying sometimes a reader is not interested in reading all lengthy
comments. The user can also sort comments by comment length. They can delete
topic(s) and participating comments as well whenever they find some of them as
less interesting or irrelevant. The system will allow the users to delete the topic as

soon as they hover the mouse on any topic.

4.3 Interactive Question Answering

ConVisQA allows the user to ask questions by typing in the query box at the top of
the interface. As the user starts typing the system parses the current query input
and provides the possible query suggestions that may follow the current input.
Internally, the system uses the ANTLR parser to check what are the possible valid
parse trees given the current input and the grammar that we have designed. The
user can select the only question from the drop-down list at any point. The system
is flexible to answer the short form of questions such as the system is capable to

answer " What is the most negative topic” and the short variation ”most negative
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Figure 4.3: ConVisQA supports comments filtering by sentiment(Positive or Neg-

ative) and comment length (Number of Sentences in a comment)

question”.

Once the user provides a query string and clicks on the search button, the system
analyzes the query and then automatically presents the answer by highlighting or
filtering the relevant facets e.g. topics, comments, or authors in the overview as
well as in conversational view. For instance, given the question “What topic is
generating more discussions?”, the system finds that the "People” topic has the
most number of comments therefore it highlights this topic as well as relevant
comments and authors. This response to the user’s question is also mirrored in

the Conversation View which automatically scrolls to the corresponding comment
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for immediate access. In this way, the user can locate the comments that match
her information needs without having to navigate through all the comments.

Figures 4.3, 4.4, and 4.5 illustrate a series of interactions with ConVisQA. In Fig-
ure 4.3, the system helps the user to complete a query through the auto-completion
feature. The user continues to ask several questions and in response, the system
provides the answer in the text as well as highlights the relevant comments in the
Thread Overview (Figure 4.4 and 4.5).

In addition to question answering, ConVisQA also supports users to search
through various facets such as comments, author or comment+4author and system
locates and highlights the comments that matched the search criteria. For example,
if the user searches for the words ‘security’, the system highlights all the comments
that match this word in the Thread Overview as well as in the Conversation View.

ConVis was designed to display a conversation with one hundred comments only.
We have extended ConVisQA to support larger conversational data containing over
500 comments. We have displayed a larger dataset in the paginated view. Both
thread and conversation views are updated concurrently when a user moves to a

new page within the visualization.

35



Select Action from list
Fiter by Positive sentment [0 10 1] Fiter by Negative sentment. [0~ 1] Comment Length = 0

Other = 2016 First Democraic Primary Debaie (399 commens)

e And good evening everycne. We are fve atthe.

4 Chafee
people.
& Webb
fopicB e
N\
things e
< 2015
o some
_ right s the moderalor, 1l ask questions. folovups and gude the ciscussion. 1l be
— ning by CNN's Juan Carlos Lopez and Dana Bash, a Don o will
i ond ifthey have
M. Our viewers should Know that we have Ights tha are visbi o the
gote— n p. | wiant the candidates to be able {0 niroduce themse! ves
- Lets begin vith
~ 2 (|
percent s

ages | Page-1 | Fage2 | Page:3 | Page-t | Fager | Fages)

4.4 Technical Implementation

A server-side component (in PHP) retrieves conversations that are annotated with
topics, comments, and sentiment scores. The visualization component is imple-
mented in JavaScript (using the D3, JQuery, and bootstrap libraries). An ANTLR
library 2 footnotes https://github.com/antlr/antlr-php-runtime is used in a PHP

environment to automatically parse the question.
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5 Online User Study

In this chapter, we present the online user study we performed to evaluate the new
question-answering system ConVisQA. In order to understand the usefulness of the
questing-answering feature, we compare ConVisQA with ConVis which is a visual
text analytic system that serves as a baseline.

ConVis is a system that integrates interactive visualization with novel text min-
ing and summarizing techniques to fulfill the information needs of users in exploring
an online conversation through posing questions asked in natural language. Both
interfaces are similar in design but the main difference is that ConVisQA has ad-
ditional question-answering capability and support filtering comments based on
different criteria To better understand the potential usefulness of natural language
interaction system for conversation and proposed system in real-world scenarios,
we undertook a mid-scale, online user study. The primary aim of our study was
to examine how users would use ConVisQA and what would be their reactions to

such a visual search interface for Question Answering.
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5.1 Goals

We ran a formal user study to evaluate the effectiveness and usability of the Con-
VisQA interface compared to a similar interface that represents a conversation in a
similar design. The aim of the user study was to answer the following two questions:
(1) When we compare ConVisQA with the ConVis for retrieving answers to users’
questions, is there any difference in user performance and subjective reactions?

(2) What specific features of the ConVisQA interface are perceived as more/less

beneficial by the potential users (e.g., Question Answering, Interface Filters )?

5.2 Methodology

After developing ConVisQA we wanted to understand how the system may support
users in performing question answering with conversational data. Since our first
research objective requires a comparison between two interfaces. This study was

based on two interfaces as conditions:

1. ConVis, a similar interface displaying the same list of conversations.

2. ConVisQA, showing the same list of blog conversations, for finding answers

to User’s questions with additional features.

A within-subject design was used to conduct this study with these two interfaces

as the within-subject factor, allows us to directly compare the measures of each
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participant for both interfaces.

5.3 Dataset and Preprossessing

We used the ClaimBuster data sets, extracted from U.S. general election presidential
debates 2016 [1]. All transcripts are similar in length (number of sentences) (1530
and 1378 and 1572 sentences, respectively).

We pre-processed these data sets to convert it into the required form of conver-
sation for integration with our system. This preprocessing of data was performed
using an open-source python environment Anaconda [36]. We selected two data
sets for testing with a similar number of turns (306 and 399 respectively) to avoid

potential variations due to the conversation length.

5.4 Procedure and Tasks

We performed an online summative study to compare the two interfaces [28]. The
study was designed with two interfaces: ConVis, and ConVisQA. The primary
reason for including ConVis as baseline interface was to evaluate whether any po-
tential improvements in performance and better user interaction over a typical
Question Answering and multi-party blog conversation search and reading through

the conversation is due to common visualization design space between ConVis and
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ConVisQA, or due to the interactive question answering (which is only present in
ConVisQA). For a fair comparison, di erent interface parameters such as screen
size and font size were kept the same across both interfaces. Users were asked to
explore the interfaces according to their preferences.

This research was conducted in an online experiment setup to avoid any poten-
tial risks associated with the pandemic. The candidates were contacted via email
and a meeting time was scheduled. This meeting was conducted over the internet
using a video conference tool (e.g. zoom).

We used a within-subject design for this study as a within-subject factor, allows
us to directly compare each participant with respect to both interfaces. Each
participant used both interfaces and all ten participants were introduced to both
interfaces in a di erent order. To avoid order bias we shu ed the order of interfaces.
Both interfaces display a list of debates, where each line-item represents a set of
metadata of the conversations, such as the title of conversation and the length of
conversation (number of comments).

At the beginning, a pre-study questionnaire was administered to capture demo-
graphic information and prior experience with blog reading. Participants accessed
the search interface online through a web-link. They were asked to share their
computer screen during their tasks. Then, both interfaces were demonstrated to

the participants. The experimenter explained the interface actions by following
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the written script. After that, they were allowed to choose any conversations of

their interest from a set of three multi party conversation and explore the selected
interface for a given task. Participants were asked to perform a speci c task within

a certain time period and also explore the conversations according to their own in-
terests. At the end, the experimenter provided an online post-study questionnaire
followed by a brief exit interview regarding their experience about search interface.
The participants were required to share key insights (if any) gained while explor-
ing each conversation in short exit interview. They performed required task(s) for
approximately 60 minutes. During the study,we primarily focused on gathering

gualitative data such as observations and semi-structured interviews.

The participants were asked to perform a task on a given conversation (a set of
same conversations was provided for each interface). Participants were not asked
speci ¢ questions, rather they were asked to perform an open-ended task to re ect
the exploratory nature of blog reading. In addition, there were two speci ¢ questions

each debate transcript:

1. Which topics have generated a lot of disagreements(any two topics)?

2. Who disagreed with Bernie about topic X?

3. Which discussion deemed negative, overall?

4. Which author used the most negative words?
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5. Who disagreed with Trump about topic X?

During the study, we collected both quantitative data such as task completion time
and qualitative data such as observations and questionnaires. After completing the
task with each interface, participants were asked di erent questions on the following

aspects on a 5-point Likert scale in a post-study questionnaire:

1. Usefulness: 'l found this interface to be useful for nding answers to my

guestions about the given conversation.
2. Ease of use: "I found this interface to be easy to use'.
3. Enjoyable: "I found this interface enjoyable to use'.

4. Find Insightful Comments: "This interface enabled me to nd more insightful

comments.

5. E ectiveness: " | found the interface to be e ective for nding answers to my

guestions about the given conversation'.

5.5 Participants

We conducted this study with ten users (aged 18-50, 5 females and 5 males) who

have considerable experience of exploring and reading online conversations and
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discussions. The patrticipants held a variety of occupations ranging from IT profes-
sional, Business, Management, Engineering and Information Systems and students
from both graduate and undergraduate levels. The focus audience for this user
study is from various backgrounds who are familiar with online platforms and ei-
ther participate or read frequent users of blogs. The age range was between 18-50.

They were rewarded$15 Tim Hortons gift cards for their time.

5.5.1 Results and Analysis

We analyzed the user study sessions and results by triangulating between multiple
data collection methods, including observations, notes taken by participants during
the analysis session, and semi-structured interviews at the end of each session. We
now present our key ndings from the sessions.

In the post-study questionnaires, participants evaluated each interface (ConVis
and ConVisQA) on a 5-point Likert scale. They provided their ratings for various
criterion such as whether the interface was helpful and faster in nding the answers
to the questions, how satis ed was the participant with the results displayed by
the interface, and if interface lters (such as sentiment and sentence length) were

e ective in ltering visualization as shown in Figure 5.1
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Figure 5.1: Average rating of both interfaces by the participants on six di erent

measures. Longer bars indicate higher rating.

Participants also rated each interface (ConVis and ConVisQA) in a post task ques-
tionnaire with respect to four measuressefulnessEase of use Satisfaction, and
Relevancg on 5-point Likert as shown in Figure 5.2. Our interface received signif-
icantly higher rating on Usefulness(Mann-Whitney U = 18; p < 0:05), Satisfac-
tion(U = 7:0;p < 0:005), andRelevance(U = 0;p < 0:005). For the Ease of use
measure the di erence was not signi cant Y = 31:5;p = 0:147). Overall, these
results suggest that in comparison to the baseline participants found ConVisQA to

be more useful and they found the interface to be more satisfactory that provided
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Figure 5.2: User study responses to post-task questionnaires.

more relevant results to their questions.
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5.5.2 Subjective Measures

At the end of the study, we asked the participant to Il-up a post-study ques-
tionnaire and a short exit interview regarding the usability aspects and suggested
improvements of the interface. Five participants suggested that overall ConVisQA
was useful for exploring conversations, however, one participant found this interface
a bit complex to understand.

Two patrticipants found the interface very easy to use for exploring an online
conversation. For the e ectiveness of question-answering ability of the interface,
they found it to be very useful in retrieving answers given by the interface in
analyzing and exploring multi-party conversations (P1 and P3). P4 added that
coordination between the views can be more enhanced and interactive that can be
evaluated when the interface can answer a question about conversation text .It was
also suggested that it would be better if a question can display answers from all
pages as in the current demonstration users had to select a question on each page.
P5 suggested that Question answering is very interesting and can be enhanced
further, for example, | would like to nd answers about the conversation such as
what are Trump's most abusive lines or comments in this debate. Further, P7 added
the search bar should be exible enough to take any questions or tell explicitly what

kind of questions it can answer. Overall eight out of ten participants found this

46



interface to be very helpful in nding answers to their questions. However, there
is a need for supporting a larger list of questions and to include questions about
the content of blog conversation such as "What is trump's supported claim in the

debate".

5.5.3 Interaction Patterns

Three participants who rst used ConVisQA, started by typing Questions to see
how the interface responds to their queries. As they stated that this seems dif-
ferent to have this kind of meta-questions instead of factoid Question Answering.
They tried di erent questions such as two participants started by typing questions

in the search bar. As the suggestions for auto-completion are shown they selected
one of the suggestions without typing further. Some of the common questions that
they selected include \What is the most negative topic?", \What topics are gener-
ating more discussions?”, and \Which user is most dominant in the discussion?".
They suggested that the way ConVisQA presents the results by highlighting top-
ics, comments, and authors in the Thread Overview is very e ective. However,
one participant suggested that it would be better if Conversational View can only
display the comments posted in response the question asked to avoid the need for
scrolling down through the Conversation View, For example, one participant se-

lected a question \what is the most negative topic?" and the relevant comment(s)
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was almost at the end of the conversational view and had to scroll down to read
related comments. The third participant started by performing the keyword search,
where the participant typed a term and in response the system highlights all the
relevant comments containing that term within conversational view. It was found
very e ective and easy to view the comments of interest for a particular term. The
other three participants started exploring the topics and their relevant comments.
They explained that they want to get an overview of the whole conversation. Then
they explored the visualization by selecting di erent questions from the list of ques-
tions. The rest four participants started with the given task by exploring questions

and analyzing their answers.

5.5.4 Reactions to Interface Features

In general, all participants agreed that the way ConVisQA is showing the answers
of various questions by connecting all participating facets e.g. authors, topics and
that makes it easy to get the answers. It is relatively clear which authors are
participating in a discussion or topic while answering a particular question. P1
found \the sentiment Iter will be very helpful especially for huge conversations

with many comments”. P1 also conrmed that \deleting topic is a convenient

feature to get rid of the unwanted topic(s) and the user can enjoy only the topics of

interest." P2 found that \ Itering by sentence length is very helpful to avoid huge
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conversation trails". P3 also reported \Author search is very useful in locating
comments posted by a particular author. The system Iters the comments posted
by a particular author as most blog readers tend to search for someones' (friends
or relative) comments in a blog conversation." P4 found that sentiment overview is
very helpful to observe how a debate or discussion has evolved in terms of sentiments
just at a glance. Overall, all participants found these interactive features very

helpful in quick Itering and visualizing the required amount of data.

5.6 Discussions

We now discuss the implications of our results and the general observation we have

from the online user study.

5.6.1 Summary of Findings

Based on the analysis of the results and discussion with participants, we now re-
visit our evaluation objective mentioned at the beginning of this Chapter. The
rst question was " Whether ConVisQA helps users in performing information-
seeking tasks from multi-party conversations in form of question answering? We
observed from the feedback data, the majority of participants who lled up the
guestionnaires found the interface is useful and felt that it enabled them to nd the

relevant answers to their questions with ease. Also, the qualitative feedback from
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participants revealed that their overall impression was quite positive with some
further improvements suggested in the questions list. With regards to the second
research objective, What speci c features of the ConVisQA interface are perceived
as more/less bene cial by the potential users. We learned from exit interviews with
participants that they were able to nd comments of their interest such as most
negative comment(s) in a topic in large conversation. They found this feature to be
very interesting that enables them to perceive a lot of comments whether they are
positive or negative. They suggested it can be improved by adding more sentiment
categories such as whether a comment is abusive or hateful.

P7 added that the design of visualization is perfect but can be good if network
graphs are added here that can enhance Itering and zooming of conversation.

According to P8, the search bar can be enhanced by some sort of guide or can
be made more exible to take other types of questions. P8 also suggested that
the sentiment overview could have been made easier to understand. For example,
maybe a lIter for sentiment range would help by letting users choose if they want
to see it by comment length or sentiment color (positive to negative). In the end,
their feedback suggests that add on features within the visualization were found

helpful in Itering the visualization according to their needs.
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5.6.2 Suggested Improvements

We now re ect upon on our design and evaluation of the ConVisQA interface to
summarize the lessons learned that can be generalized to other conversational do-
mains to enhance the usability for novice users. P7 observed it could be di cult
to gure out what kind of questions can be asked within this interface without
an explanation for a novice user who is not familiar with this interface or similar
visualizations and that the interface should be self-explanatory for any task and
any user. P7 also added that the sentiment bar re ects three or more sentiment
colors that indicate one comment has many sentiments and it can be improved
by extracting overall sentiment or opinion of a comment instead of sentence-level
sentiment to keep users at ease. Some participants were not familiar with data
visualizations, novice users, and initially found it di cult to understand and navi-
gate through such complex visualizations. It might be helpful to explore how can

we further simplify the ConVisQA interface without losing key functionalities.

5.6.3 Limitations

There may be some possible limitations in this user study. We ran the study
with ten participants only. While this study provides an initial evidence that our

system is useful, we still need to run a larger scale study with su cient number of
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participants to further con rm the hypothesis.

The possible constraint in recruiting more participants was due to current pan-
demic situation as we could not recruit enough participants for the user study as
we planned initially. However we will further evaluate this system with su cient

number of users to con rm the e ectiveness and usability of our system.
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6 Conclusion and Future Work

In this dissertation, we combine natural language processing and information vi-
sualization to support users in exploring a larger online conversation by asking
guestions and getting answers in visual form. Our work was motivated by emerg-
ing research avenues of question answering and of the challenges arising from the
volume and complexity of online conversational data and the shortcomings of ex-
isting approaches in dealing with such a challenging research problem. To address
the problem, we developed the ConVisQA system which is described in Chapters 3
and 4. Subsequently, we conducted an online user study to demonstrate that our
solution can be successfully personalized to a new system for question answering
such as problems faced by users in nding a meta overview of a conversation. In
this nal chapter, we revisit our approach for tailoring an existing visual text ana-
lytics systems (Section 6.1) and indicate open research questions and directions for
future work (Section 6.2). We conclude the dissertation with some closing remarks

and an overview of future work.
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6.1 Summary of Contributions

We have presented ConVisQA, an interactive question answering system for analyz-
ing online conversations. We believe that this work provides an initial step towards
building an e ective natural language interface for exploring and analyzing a large
number of online conversations. The primary contributions of this thesis are:

i) We developed a natural language interaction technique for exploring online
conversations that allow the user to ask questions about the conversations and get
the answer presented in a visual interface. To the best of our knowledge, this is the
rst attempt at building a natural language interaction system for exploring and
making sense of online conversations.

i) We incorporated our natural language interaction technique by designing
ConVisQA which extended a visual interface for exploring conversations ConVis [18].
Given a question, the interface highlights the answer in a visual overview of the
conversations and help her to rapidly Iter navigate through the relevant comments
to ful Il their information needs.

iii) Our online user study with ten participants demonstrated how the Con-
VisQA interface may be helpful for quickly locating comments of interests to ful l

speci ¢ information needs that the user may have.
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6.2 Future Work

There are several avenues of this research that we plan to explore in the future.
First, currently, we are handling limited types of questions that involve meta-data
like topics, authors, and sentiment. In the future, it would be useful to handle
more varieties of questions such as factoid and semantic questions related to the
content (e.g. why people do not follow social distancing?). More content analysis
techniques such as argument mining [30] and question-answer similarity measures
[20], [29] could help the system to answer such questions. Second, we would like
to handle additional challenges while parsing the question including the ambigu-
ities in natural language. We would like to enhance auto-completion features to
help users formulate the questions as user types and resolves ambiguities. Third,
while this work provides an initial idea of question answering using hand-crafted
grammar, we are building large corpora question-answer pairs so that we can apply
more advance deep learning models to automatically learn grammar rules in a su-
pervised fashion. On scalability, while ConVisQA can deal with conversations with
hundreds of comments, additional techniques are required for larger conversations.
We would like to explore advanced visualization techniques to deal with such large
scale conversations.

We would also like to further explore who are the other types of users who
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might be willing to use such an advanced interface? For this purpose, we aim
to conduct user studies with more focused pool of users such as journalists, fact
checkers, content screeners, editors and law enforcement o cials to evaluate the
interface to its real potential and usability. Finally, we would like to validate our

system extensively among real users through longitudinal studies and eld trials.
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7 Appendix

Supplementary Materials for Chapter 4 This appendix contains supplemental ma-
terials for Chapter 4.The script used by the experimenter to run the study and
guestionnaires used during the study.

[ERN

. Appendix A: Online Consent Form

2. Appendix B: Script for User Study

3. Appendix C: Pre Study Questionnaire

4. Appendix D: Post Study Questionnaire
5

. Appendix E: Post Task Questionnaire
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7.1 Appendix A: Online Consent Form

Online Consent Purpose of the Research: In this research, we are interested in
studying how a user can explore information available on micro blogging sites. It's
is quite common now a days that people from around the globe share information
on such platforms, hence, these micro blogging websites carry proliferated data vol-
ume resulting in huge threads of discussion over one topic or subject. It could be
an overwhelming experience for user to nd the relevant information. We are in-
terested to build a search Tool, demonstrating generic behavior to nd and display
speci ¢ information to answer user's questions. The interface can display infor-
mation relevant to search query and present only relevant communication threads.
This interface will provide some additional features of sorting and Itering.

What You Will Be Asked to Do in the Research: As a research participant, you
are requested to complete this Pre study questionnaire survey by providing answers
that best match your opinion. The study should take approximately 60 minutes to
complete. After completing this survey, each participant will be asked to perform
a task on a given conversation for two interfaces ConVis and ConVisQA. A set of
same conversations will be provided for each interface. Participants will be asked to
perform an open-ended task to re ect the exploratory nature of blog reading. Also,
you will be given one or two speci ¢ questions to explore the conversation. You are
required to explore the interfaces and complete the task. After completing this task,
you ae required to write a summary about your experience and the experimenter
will take your feedback as informal interview. Risks and Discomforts: We do not
foresee any risks or discomfort from your participation in the research.

Bene ts of the Research and Bene ts to You: By completing this experimental
study students or participants may learn about di erent techniques about data
visualization. They might experience how easy information visualization could be
in a particular form of bisualizaton. Also they may enhance their understanding of
how a case study is performed.

Voluntary Participation and Withdrawal: Your participation in the study is
completely voluntary and you may choose to stop participating at any time. Your
decision not to volunteer, to stop participating, or to refuse to answer particular
guestions will not in uence the nature of the ongoing relationship you may have
with the researchers or study sta, or the nature of your relationship with York
University either now, or in the future.

In the event you withdraw from the study, all associated data collected will be
immediately destroyed wherever possible. The participants will receive a 15 dollar
gift card even if a participant decides to withdraw from the study.

Con dentiality: The survey itself will not ask for any identifying information.
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The data is completely anonymous. The data will be securely stored. The data
will be stored until August 31, 2021. At which point, only aggregate data will be
kept. The electronic data will be removed, and any paper copies will be shredded.

Unless you choose otherwise, all the information you supply during the research
will be held in con dence and unless you speci cally indicate your consent, your
name will not appear in any report or publication of the research. Your data will
be safely stored in a locked facility and only the researcher will have access to this
information. Con dentiality will be provided to the fullest extent possible by law.

The data collected in this research project may be used { in an anonymized form
- by members of the research team in subsequent research investigations exploring
similar lines of inquiry. Such projects will still undergo ethics review by the HPRC,
our institutional REB. Any secondary use of anonymized data by the research
team will be treated with the same degree of con dentiality and anonymity as in
the original research project.

The researcher(s) acknowledge that the host of the online survey (e.g., Qualtrix,
Survey Monkey Microsoft forms etc.) may automatically collect participant data
without their knowledge (i.e., IP addresses.) Although this information may be
provided or made accessible to the researchers, it will not be used or saved without
participant's consent on the researcher's system. Further, \Because this project
employs e-based collection techniques, data may be subject to access by third par-
ties as a result of various security legislation now in place in many countries and
thus the con dentiality and privacy of data cannot be guaranteed during web-based
transmission.

Questions About the Research? If you have questions about the research in gen-
eral or about your role in the study, please feel free to contact me at dipro@yorku.ca
or my supervisor, Marin Litoiu at marin@yorku.ca and/or 416 736 2100 x20987.
You may also contact the Program in Information Technology at lapsitec@yorku.ca
and/or 416 736 2100 x40797.

This research has received ethics review and approval by the Delegated Ethics
Review Committee, which is delegated authority to review research ethics protocols
by the Human Participants Review Sub-Committee, York University's Ethics Re-
view Board, and conforms to the standards of the Canadian Tri-Council Research
Ethics guidelines. If you have any questions about this process, or about your rights
as a participant in the study, please contact the Sr. Manager Policy Advisor for
the O ce of Research Ethics, 5th Floor, Kane Tower, York University (telephone
416-736-5914 or e-mail ore@yorku.ca). Legal Rights and Signatures:
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Figure 7.1: User Consent Signature
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7.2 Appendix B: Script for User Study

1. STEP 1: PARTICIPANT GREETING
Tell Participant:

"Thank you for participating in our study. The whole process today will last
approximately 60 minutes. First, you will answer a short pre-study question-
naire. Then, we will move to the main portion of the study, which will involve
you reading few multi party conversations and writing short summaries about
your experience (Writing short summary is an optional task). We have two
interfaces to evaluate in this study (ConVis and ConVisQA). At the end of
the study, you will be given a short post-study questionnaire and a brief exit
interview regarding your experience about the search interfaces. Please make
sure to enter correct email address as your reward gift card will be sent you
using the email address provided."

2. STEP 1: PRE-STUDY QUESTIONNAIRES

Tell participant: " Action: Give and overview of online consent and tell

them that they will have to agree before starting pre-study questionnaire.
Participant's consent form will be used as the Record of Participation in this
study. Now we will have you Il a pre-study questionnaire."

Tell participant: "Please |l up the following questionnaire."

Action: "Open up user pre study questionnaire that contains consent form,
signs online consent form and provide the name and email address. The user
will Il up the pre-study questionnaire, then select interface".

3. STEP 2: USER TRAINING
Tell Participant: "OK, now we are going to do the main part of this study.”
Action: Open up a browser and set to Full Screen (F11). Action: Open
the interface with a sample dataset and demonstrate the key features of the
interface.

As you select a particular conversation, the Conversation List is replaced
by the ConVis interface, where the Thread Overview visually represents the
whole conversation encoding the thread structure and how the sentiment is
expressed for each comment(middle); The Facet Overview presents topics and
authors circularly around the Thread Overview; and the Detail View presents
the actual conversation in a scrollable list (right). Here, topics are connected
to their related comments as well as to their parents in the Topic Hierarchy
via curved links.
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Demonstrate interactions in Conversation Mode: - Hovering the mouse over a
facet element - related comments and facets are highlighted - tool tips become
visible - Clicking over a facet element - a thick border is drawn along that
element - the interface scrolls down to related comments in detail view - topic
words are highlighted - Hovering over a comment - related topic and author
are highlighted - Clicking a comment - related comments are highlighted in
conversation view

The participants will be given some time to explore the conversation.

. STEP 3: Select Task
Please read the following task that is for any debate related dataset:

Now you have to perform an open-ended task to re ect the exploratory nature
of multi party conversation reading. Can you answer following questions:

a. Which topics have generated a lot of disagreements (any two topics)? b.
Who disagreed with sanders about topic X? c. what is your perception about
overall sentiment of the conversation (e.g. positive, negative)?

Participants will have about 15-20 minutes to perform this task. After this
task they will answer few questions of researcher.
. STEP 4: Switch Interface

Now the participants will be asked to switch interface and will open the data
sets list for ConVisQA. As soon as participant selects a dataset from the list,
the list is replaced by ConVisQA.

. STEP 4: POST STUDY QUESTIONNAIRE At the end of all the tasks, the
participant will Il up post-study questionnaire and a brief exit interview.

. STEP 6: DEBRIEFING

Tell Participant: \Thank you very much again for your participation. Would
you have any other comments or questions?"

. Action: Send Payment by email and receive email for receiving the compen-
sation of participation.
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7.3 Appendix C: Pre Study Questionairre
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