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Abstract

In many areas of science and industry, the amount of data is growing fast and often already
exceeds the ability to evaluate it. On the other hand, the unprecedented amount of
available data bears an enormous potential for supporting decision making. As a
consequence, the graphical representation, i.e., the visualization of data, established itself
as a useful approach to investigate large datasets. With the development of Web3D
technologies, the delivery and visualization of 3D models on the web is now possible and is

bound to increase both in the industry and fro the general public.

This thesis mainly explores the role of a primary metaphor in interactive visual analytics.
The core concept of this research is to introduce a state machine for 3D visualization.
Based on the proposed state machine this thesis attempts to describe the design and
implementation of an interactive web application that accesses International Diabetes
Federation (IDF) data, in conjunction with geographic location based data, using WebGL
based 3D graphics visualize the resulting information. The application was designed with
the intention of being usable as a generic web visualization tool, to take IDF information,

across a range of topics and present that to the web user in an interactive 3D form.

An experimental trial of 15 participants was carried out and involved each participants
using three different forms of web based presentation of IDF data. These forms included
tables, 2D and the proposed 3D metaphor. These results ensures that the use of a 3D
interactive metaphor in the field of data visualization, in different fields through the
reusable nature of the tool, offer the potential to enhance the users interaction with the
data.

Keywords: Interactive Data Visualization, 3D metaphor, Web application, WebGL, three.js
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is publically available. | carried out the analytical calculation in the results and evaluation

chapter under the supervision of my supervisor.
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1 Chapter One

1.1 Introduction

Data big or small remains a mystery unless people can find patterns in it. It has become a
challenge to utilize both technology and the powerful capabilities of human intuition to
extract value and advantage from the information [4]. If the data set is small and simple, no
visualization is needed. Usually, by looking at the data in their raw format will do. But many
users have also big problems with comparably small data [24], in particular, when the data
is complex (heterogeneous, multi-dimensional, highly structured, multimodal, etc.).
However large scale multidimensional data contain the useful information and unknown
patterns to be uncovered that feed government, organization, and business need. In order
to analyze those data and find out familiar patterns, it is essential to analyze the data in
every angle. Interactive Visual Analytics (IVA) emerged in the field of data mining. With IVA,
the concept of data visualization can be taken a step further by using technology to drill
down into charts and graphs for more detail, interactively changing what data you see and
how it’s processed. Having this idea, people have this in mind whether 3D visualization is

the next step for finding patterns inside large data sets.

The pursuit of graphical representation for complex data, as well as its subsequent
exploration and understanding, can be supported with interactive visualization software,
e.g. Gephi, Processing, PhiloGL, three.js or D3 [11]. VA, however, has requirements that are
more complex. It needs to provide a range of visual tools and analytic methods aimed at
decision-making and problem-solving, by assisting analysts in visualization, filtering,
sorting, recording and sharing of digital data, as well as, viewing, navigation,
transformation, manipulation, organization and coordination of insights derived from this
data [11]. Metaphors are just that: abstractions. Metaphors describe something unfamiliar

in terms of something familiar that may actually be very different. The key to effective
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visual metaphors is in their ability to stimulate the formation of mental images of data by
reference to previous experience and the familiarity of the adopted visual form [12]. For
the VA communication to be effective, the participants of such visual interaction, i.e. an
analyst and the recipient of a visual message, need to establish the basis of shared
communicative acts and meanings, and they need to agree on a set of common metaphors
capable of conveying their personal understanding of reported events and situations [14].
Visual metaphors provide multiple complementary views of information, capable of

assisting analysts in perception and reasoning [13].

Grady [15] showed that many conceptual metaphors are constructed on more basic or
primary metaphors that arise out of aspects of our human experience. That is, sensory-
motor experiences like hunger, itch, movement, strain, warmth become source domains

for metaphors.

The Main reason why 3D metaphors are important is that it gives the ability for the user to
see how realistic an object is when it is considered from all perspectives. Unlike 2D designs
which may need clear instructions on how to deduce design information, 3D designs are
almost instruction-less and without any language barriers. It is natural for any human to
understand 3D design and experience the virtual reality it creates [6]. 3D clearly plays an
important role, the reason for choosing 3D as space is that it will allow constructing a
visualization of data without an immediate connection to the three spatial dimensions of

our world.

Medical visualization is may be the most prominent application domain that is suitable for
visualization. According to the stats provided by the International Diabetes Federation, by
2040 642 million people will suffer from diabetes. Due to the growing unstructured nature
of diabetic data from health industry or all other sources, it is necessary to structure and
emphasize its size into nominal value with a possible solution. At the individual patient

level, clinicians must be able to quickly assess multiple laboratory tests, history, and other
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risk factors to judge the risk of disease. Medical officers, researchers etc. analyze these
data using the conventional techniques such as graphs, area charts, pie charts etc. which
are in 2dimensional space and those techniques limit them on their findings. Information
visualization utilizes the high bandwidth processing capabilities of the human visual system
to reveal patterns in data that are not evident in non-visual data analysis [9] [10]. Since
primary metaphors arise from our lived experience as humans it follows that we can
intuitively understand them. By designing VA environments that take advantage of these
metaphors we can thus reduce the cognitive load on the user or data analyst. Further, a
solid understanding of primary metaphor can assist VA designers in avoiding the creation

of displays that add to users’ cognitive effort to understand them.

1.2 Research Problem

How a 3D interactive metaphor can offer the potential to enhance the user’s interaction

with data in finding hidden patterns inside the data by data visualization.

1.3 Aims and Objectives

Proving the fact that 3D interactive, online animation further enhanced data engagement
highlights the broader principal that entertainment that engages the human senses play a

key role in transferring knowledge.

Objectives of this research as follows,

» Literature review on data visualization.

» Evaluation of existing interactive visualizing techniques.

* Investigate how large data sets can be visualized more using a 3D metaphor than
conventional techniques.

* Analyze metaphor in every angle to see hidden patterns.

* Develop a 3D metaphor that will support and improve visualization of large data sets.
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1.4 Overview of the Methodology

Our own human visual system is not really made for 3D vision. That means our eyes are
relatively close to each other and they are looking basically into the same direction. Even
though our visual system has been equipped with a number of mechanisms to reconstruct
3D vision in our brain, people simply aren't in a good situation with 3D perception, quite
some effort is needed to make 3D work such as interaction. Visualization is in principal
expensive because it requires the user's time, so it is really important to think about the
cost benefit relationship for any visualization solution. When it comes to data exploration
and analysis, people recently started to look into a research direction, which is called Visual

Analytics.

Recently, there are some researchers carried out to facilitate interactive visualization [5]
[10]. The prevailing techniques suggested by these researchers will be collected and
studied to get a deeper understanding in the domain, as an initial step. Next attempt will
be to investigate the 3D metaphors found in the existing literature and see how they can
be modified to visualize data. Further, the existing 2D models will also be taken into the
investigation to understand how they work with data visualization. By analyzing these
approaches, prototypes will be designed and developed, based on a state machine which is
going to be introduced. Then it will be evaluated and assessed with synthetic and real-
world datasets. The developed models might be evaluated based on different factors:
scalability, accuracy, and robustness etc. Throughout the process, it will be ensured to
maintain core Ul principles such as clarity, flexibility, familiarity, and efficiency to facilitate
usability aspect. The proposed model will be improved based on the evaluation results.
Then as a final step, a new interactive metaphor for 3D visualization of large data sets will

be introduced.

The main aim of this study is to aim at combined solutions, where parts of the task are
solved in an automated fashion and only those parts of the task are solved interactively,

where the benefit outweighs the costs. This whole purpose will be done based on the 3D
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metaphor that is going to be introduced. This will be elaborated in the design section [12].

The implementation will be mainly based on web based rendering where the technologies

will be used as WebGL. The metaphor will then be evaluated based on a quantitative and

gualitative analysis. As the final step a generalized 3D metaphor will be introduced.
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Figure 1.4-1 Overview of the Methodology

1.5 Outline of the Dissertation

This thesis paper is structured as follows. Chapter two explores about the literature review

of interactive visualization which terribly describes levels of former work has been done.

Chapter three encompasses a detailed annotation of the project design stage. Chapter four

demonstrates the implementation of prototype with detailed description of different

phases of the software system. In chapter five explicates the evaluation process of system

results. The last chapter, chapter six demonstrates the conclusion of thesis and outlines the

significance of our contribution and future works.
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1.6 Delimitations of Scope

A generalized 3D metaphor for visualization will be introduced which can be used by any
other data set. The data will be gathered from publically available IDF data repository and
also from the UCI data repository. The research will be conducted within a specified time

period, one year.

1.7 Conclusion

This chapter laid the foundations for the dissertation. It introduced the research problem
and research questions and hypotheses. Then the research was justified, definitions were
presented, the methodology was briefly described and justified, the dissertation was
outlined, and the limitations were given. On these foundations, the dissertation can

proceed with a detailed description of the research
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2 Chapter 2

2.1 Literature Review

Recently, there has been significant interest in approaches that address the visual analysis

of large data sets. But most of the time they haven’t spoken about the 3D modeling.

Although the traditional approaches have proven their usefulness in many practical
applications, they still face significant challenges such as algorithm scalability, increasing
data dimensions, and data heterogeneity. To address these challenges visual analytics has
been developed in recent years through a proper combination of automated analysis with
interactive visualizations [1]. Visual analytics mainly focuses on analytical reasoning using
interactive visualizations. Some of the existing theories, models, and frameworks have

been identified [1].

Different data sets have different characteristics and patterns of interest which may
require specialized technique to visualize the data. Based on the characteristics of target
data visualization techniques can be categorized into four main section, such as graph
visualization, text visualization, map visualization and multivariate visualization [2]. When
developing a 3D visualization model there are some technical challenges more likely to face
by the researcher. Visual scalability, errors, uncertainty, usability and integrated analysis of

heterogeneous data are some of them [2].

“How might we design effective interactive systems not only for wrangling individual tables
but for performing data integration? And for manipulating text, image, or video data?” [3],

this is one of the problems that we are going to address in our research.
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The literature reveals that in order to make data more meaningful it is essential to building
stories. There is a Chinese proverb that says “One picture is worth ten thousand words”,

which is the main motivation of this research [30].

A visualization system to be well formed it should be both intelligent and automatic [8]. On
the other hand, the users should be capable of interacting with the system as much as
possible and fine tune the display manually. A good visualization system should be able to
render a large data set efficiently, render a high-dimensional data set and it should be able
to deal with both numerical and categorical values. In order to satisfy these requirements,
the visualization system should be interactive and should have an open architecture where

it will be easier to integrate with other data analysis components [16].

The capability of a visualization to effectively display large datasets in terms of either the
number or the dimension of individual data elements is known as its visual scalability. Eick
and Carr identified six factors affecting visual scalability, i.e., human perception, monitor
resolution, visual metaphors, interactivity, data structures and algorithms, and
computational infrastructure. Besides human perception which is inherently given, the
other five factors explain a great diversity of different visualization approaches with respect

to visual scalability [23].

This research will provide a 3D metaphor to visualize data. Table 2.1-1 will emphasize some

related works and their key findings on this research topic.
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Table 2.1-1 Summary of the Literature Review

Reference ID

Sample

Limitations

Key Findings

6 Social network Focus on social The efficient 3D interactive
data network data. graphical representation visual
OLAP analysis yields a synergy
Lack of comparison effect among OLAP
between existing technologies, 3D graphical
modules. presentation methods, and
human’s cognitive capability.
Not enough
examples to show Cloud computing will address
the graphical some issues which will arise
representation. from building a 3D metaphor
such as computational cost and
Not specifically storage resources.
related to health
16 Voxel data set Need to have This technique supports fast and
(aneurysm- sufficient density of efficient means of accessing and
dataset and a points. displaying contours and bringing
human  brain out features generated by
dataset) Not suitable for several values, or value ranges,
datasets with low which is especially
values, or advantageous for datasets with
grayscale/single- no “inherent” dedicated
valued datasets. isosurfaces like colored medical
datasets.
17 - Assumption that the They have identified that web-

data will never fit
into GPU memory.

They have only
focused on using
GPU-based
approaches for
single stand-alone
workstations.

based visualization will play a
big role in the future, which will
make it necessary to research
scalable algorithms for remote
visualization and mobile devices.

* Asdata sets get larger
volume rendering methods will
become more complex, so it is
better to have data acquisition
and pre-processing in order to
make visualization more
productive and efficient.
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Need to have drill-down

15GB of | This approach is not facilities, drag-and-drop queries
18 uncompressed | suitable to visualize in order to explore detailed
telecommunica | higher-order objects in visualization.
tion data large networks.
Visualization environment
should be flexible in order to
experiment on scalable
prototypes.
19 Flow field data | * The design is not The environment should
well formed. integrate modeling and
visualization.
* Need of powerful
resources. Interactive visualization is
essential for gaining new insight
in the nature of flow.
20 Livestock Proposed visualization Compared to the common “flat”
disease data in | strategies are not data display, immersive
food exclusively designed for environments support a highly
production [Es. realistic representation of the
chains three spatial dimensions and
natural means to interact in that
space.
3 Exploratory analysis through

visualization is often a critical
component for assessing data
guality and developing
hypotheses.

Interactive tools for data
analysis should make technically
proficient users more
productive while also
empowering users with limited
programming skills.

Implementation of novel
interactive tools to aid analysis
will remain an exciting and
important topic for computer
science research.
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Even though there are so many techniques as mentioned in the Table 2.1-1, they are

incapable of visualizing a large amount of high dimensional data because:
» Lack of human computer interaction.

* Incapable of dealing with a large amount of data. Today, a data set can easily have
millions or even billions of records. How can people visualize both local details and

the general overview of such data sets?

* Incapable to dynamically assign data dimensions to visual elements. Most existing
methods use only one visual object to visualize one data record. When a record has

lots of dimensions, the visual object becomes too complex for human beings.

* Lack of integration with other data mining and knowledge discovery (KDD) tools.
The main idea of data visualization is to help in knowledge discovery. Since there
are so many well-known KDD techniques available, it would be a great benefit

integrating such techniques with visualization.

Utilizing 3D computer graphics to visualize and understand data is by no mean a new field.
The concept of 3D visualization has emerged in a number of forms for a range of types of
data [31]. The earliest example can be taken as a the first graphical computers in the late
1960’s and included Computer Aided Design (CAD) tools in order to visualize architectural,

engineering and design features[24].

However, visualization techniques have a different visual scalability with respect to the
number of displayed data elements and the number of concurrently shown data
dimensions. Most visualization techniques have no inherent limit with regards to the
number of displayed data elements and a variety of clutter reduction techniques exist to
overcome practical limitations. On the other hand, most techniques are inherently limited
with respect to the number of dimensions which can simultaneously be displayed (e.g.,
scatterplots) [32]. For other techniques like parallel coordinates or scatterplot matrices, the
practical limit for the number of dimensions is magnitudes smaller than the one for data

elements [33]. As a consequence, an analysis of truly high-dimensional data is challenging.
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The user typically has to pre-select the displayed dimensions, which may become a difficult

task without a-priori knowledge or dedicated support [25].

Most commonly used large data sets visualization techniques can be broadly classified into
the following three categories. Spatial Layout Visualization, Abstract/Summary
visualization, Interactive/Real-Time Visualization. Figure 2.1-1 will represent a taxonomy

for large data sets visualization techniques [7].

Line & Bar
Charts
Charts &
Plots
Spatial
Layout Tree Maps

Arc Diagrams

Forced-graph
drawing

Data Cubes
Binning
i
Visualization Abstract or
algorithms Summary
Clustering Hierarchical
Aggregation

Interactive or
Real-time

Figure 2.1-1 Taxonomy for visualization of large data sets

IDF data has been selected as the target data to interactively visualize for this project. This
data set was chosen as it consists of many levels of geographical detail (from global, to
national, to regional data) as well as data based on medical conditions, their spread,

mortality rates and medical interventions [34].

Ware [2004] separates the process of data visualization into four: collection and storage of
data, pre-processing and transporting the data into human-readable format, displaying the

image on screen, and finally the perceiver (see Figure 2.1-2).
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Figure 2.1-2 A schematic diagram of the visualization process [Ware, 2004]

Data is gathered from both physical and social environments. After data is collected, it
needs to be pre-processed and transformed into organized canonical data format. At this
stage, data entities need to be associated with attribute values. Graphics engine is
responsible for mapping the dataset into visual form. Once the visual forms are created,
views need to be provided to present transformations (e.g., navigation). Views are

interpreted by users through human visual system, visual and cognitive processes.

Although Ware [2004] explains the process of information visualization, it lacks the ability
of providing a platform to compare and contrast different information visualization
systems. In order to make it simple a new reference model has been introduced.

Card et al. [1999] established a reference model by defining the milestones in the process
of information visualization (see Figure 2.1-3). Reference model aims to provide a

framework for developers who create new visualizations.
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Figure 2.1-3 Reference model for visualization [Card et al., 1999]

According to the Card et al.’'s model, raw data needs to be transformed into structured
data using data tables. Data tables contain the metadata. Further transformations can be
performed on metadata to derive additional characteristics of the data. Visual mappings
constitute to the core of the reference model by converting data tables into visual
structures. Visual structures are abstract, representing the derived characteristics of the
data, which undergoes to the visual mappings. At this stage human vision can process the
visual structures, whereas data tables were representing the mathematical relations. Once
the visual structures are created and graphical views are acquired by view transformations,

human interaction can alter the views (e.g., colour, size and orientation).

According to the Card et al. s model (Figure 2.1-3), human interaction can take part at any
stage of the visualization process. User selects the relative raw-data in the data
transformations stage. During the visual mappings, user determines the mapping between
the data variables and abstract structures (e.g., axes). User can interactively control the

presentation of data, for instance, by distorting at the view transformations stage.
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3 Chapter 3

3.1 Design

Data visualization is the presentation of data in a pictorial or graphical format. The main
goal of is to provide the user a qualitative understanding of the embedded information in a

natural and direct way.
In this approach visualization process is divided into three key stages:

1. Rendering data stage
2. Backward transformation stage

3. Knowledge extraction stage

Rendering data stage: In order to display different values differently, the data should be
rendered. In this stage, we map each value in a particular dimension to a member in that

visual element domain.

Let's take D as a set of n dimensions in a data set and E as the space of m visual elements
which consist of visual objects and their features (To provide an effective visualization
system we choose n to be equal to m, this is considered as the association step). These

values can be mapped using a transition function as follows.

Fi: dj->ej (where j=1,2,3,....n)
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Human eyes are not capable of identifying very small visual differences, and also they are
not capable of handling a display with overwhelmingly rich visual features. So the
transformation functions should be chosen precisely in order to get rid of mentioned
constraints. The most appropriate method would be to use a clustering approach where we

will be able to assign members of visual elements more reasonably to data values.

Backward transformation stage: The viewer should have the knowledge to reverse the
transformed display and restore the original picture in their mind. This process is done by
the humans, that’s why we have mentioned earlier to map one visual element to only one

data dimension where it would be much easier to understand.

Knowledge extraction stage: In our approach, we are not going to provide any solutions for
a given data set by analyzing it. We are mainly focusing on building an interactive 3D
metaphor where it would be a framework for users who want to visualize large sets of
data. Based on the visualization module the users can interact with the system and
identifies patterns in the data set and they would be able to come up with strong

statements regarding the data set.

As represented in the state diagram of Figure 3.1-1, the visualizations can be updated when
the user manually selects an update visualization button on the visualization. Following is a
sequence of actions that can occur in response to such update selection. A user views the
visualization. The user applies filters and drill down the data set to see the updated

visualization.
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Figure 3.1-1 State machine for 3D Visualization
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A first state 001 is where the user interface shows a grid without a visualization, in other
words, only the grid is being used by the user. A second state 002 is where the user
interface shows a grid with a transition to a visualization, in other words, the visualization
is being rendered for the data on the grid. A third state 003 is where the user interface
shows a grid with a transition to a visualization, and the visualization is consistent with the
grid data. In other words, the visualization has been rendered in combination with the grid
and is consistent with the grid data. A fourth state 004 is where the grid is presented, but
the visualization is inconsistent with the grid data. In other Words, the visualization has
become invalid after one or more filters were applied on the dataset. A fifth state 005 is
where the grid is presented with visualization drill down, that is, drill down has been
performed on the visualization. A sixth state 006 is where the grid is presented, but the
visualization drill down is inconsistent, since one or more filters have been applied after

drill down.

The 3D metaphor was designed to be a generic 3D visualizer which provides web based 3D
visualization of the data set, and handled interactions from the users. The entire metaphor
was constructed for a web based platform utilizing JavaScript as its underlying

programming language.

The 3D metaphor interface was mainly based on the principals of creating a realistic
immersive 3D space and then inserting data into that space so as to allow the users to
experience to be immersive within the space, and also allowing them to interact with the
metaphor and understand the data has been presented. The interaction has been achieved
by implementing a 3D spherical globe with real world texture (c) where the user will get a
life like experience. The data has been presented using colored cylindrical tubes, where the

metaphor showcased numerical data values in specific geographic locations.
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Figure 3.1-2 3D Globe

Mainly the proposed metaphor consist of two parts, convert the data into a readable
format (JSON) and present that data using an interactive metaphor (3D globe). In the
metaphor each of the data point consist of the location (longitude and latitude) and a
“value”. The “value” describe the data point to be shown in the metaphor. For an example
if we take people with diabetes the “value” field would be the number of people with the
diabetes in each country. By using a generic “value” variable the proposed 3D metaphor

would be able to access the different data sets using the same metaphor.

The 3D metaphor was implemented using JavaScript and WebGL as the 3D development
platform. The data that has been arranged in csv file was converted to a JSON format using
python. The entire system allows the users to interact with the IDF data in an interactive

3D form.

Mainly the 3D nature of the metaphor was designed in order to let the user to see

individual locations as 3D cylinder objects extending out from the surface of the planet to
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height based on the magnitude of the value (for example areas with high diabetes will
consist tall cylinders where, low areas will consist of short cylinders). Comparing this with
the one shown in Figure 3.1-3 demonstrates one of the key advantages of the 3D interface.
Assume that both systems utilize colors in the same way, but the 3D metaphor allows the
user to see the neighbor values as well when there are tall cylinders where as it is other
way around in the 2D design where the large circle covers the nearby areas so that the user
will not be able to find out hidden patterns. The novelty of the proposed design is that it
would allow the viewer to locate high values are located near low values and can highlight

areas of opportunity.

Figure 3.1-3 GapMinder Animated 2D Geographic Charts

3.2 High Level Design Architecture

A different kind of high level structure has been implemented using the same technologies
in order to find out the usability of the 3D interactive metaphor. Pima Indians Diabetes
data set has been used as the sample data set in order to clarify the patterns using the
metaphor. This prototype can be only used by users with a prior knowledge and have a
clear understanding on the domain. FIG shows the implementation of the complex
architecture with different clusters. As mentioned this prototype is built to give the idea
that the 3D visualization can be extended in a way that it would end up providing very

valuable findings.
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4 Chapter 4

4.1 Implementation

4.1.1 Technologies

In recent years, 3D graphics began to play a major role to enhance the multimedia web
experience. The rise of Web Graphics Library (WebGL) has allowed lower level access to

graphics hardware of ever increasing power.

WebGL is a JavaScript APl used to render 2D and 3D graphics to the screen in a browser.
Programming directly in the WebGL API can be very complicated and messy, this is exactly

why some really useful libraries have recently come about. One such library is Three.js.

Perhaps the most famous library/API for web-based 3D graphics is Three.js [22]. Three.js is
a lightweight 3D library that hides a lot of the WebGL complexities and makes it very

simple to get started with 3D programming on the web.

In order to interact view and interact with the 3D content the browsers have to install
some third party plugins, by installing such browsers it will damage the cross-platform
compatibility and contributes to the inability of 3D to work on all browsers and operating
systems. This is no longer a problem with WebGL since it is supported by all the browsers
where the developers can access graphics hardware acceleration via the browser. It is not
required to install any third party plugins which will enhance the cross-platform

compatibility.
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4.1.2 Hardware Requirements

In order to use advanced 3D graphics, the newest and the higher-end of the host computer
is, the better the experience would be. Your computer hardware needs to have a minimum
of 2 GB system memory and a video graphics card that supports WebGL. It is

recommended that you have at least 4 GB of system memory.

Your hardware should have a nonmobile graphics card with at least 512 MB of video
memory. For the best performance, it is recommended that you have a graphics card with
at least 1 GB of video memory, especially for working with larger or more memory-
intensive scenes. Nonmobile versions of graphics cards typically have better performance
than mobile graphics cards (denoted with m or mobile). The Table 4.1-1 illustrates the

requirements for a better performance and the specification of the machine we use in this

study [22].
Table 4.1-1 Hardware Requirements for Web3D
Minimum Requirement Specs of the host machine
Processor Intel Core i3 Processor or Intel Core i7
greater
Memory 4GB of RAM or greater 16GB RAM
Video Card Graphics card that supports Intel HD Graphics 520 that
WebGL supports WebGL.
Operating System Recent version of Windows, OS | Windows 10
X, or Linux

Chrome, Firefox, Internet Explorer, Opera, and Safari are all known to have good WebGL
support on both desktop and mobile browsers [21].
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4.1.3 Implementation Process

Card et al.’s [1999] Data Reference Model is important for understanding and applying
JavaScript properties for visualizing the data. Figure 4.1-1 represents the modified version

of the Reference Model for information visualization with JavaScript.

JS50N Canvas HTML/CSS

Raw Data Data Visual Views
Tables Structures
Data Visual Wiew
Transformations Mappings Transformations

t t t |

Human Interaction

Figure 4.1-1 Reference model adapted for JS web visualization [Card et al., 1999].

JSON corresponds to the data table as it lists the attributes of the metadata. Visual
structures, such as a pie chart, are the visualization means that are interpreted directly by
the human. Canvas element of HTMLS5 is being used to draw elements on webpage. View
transformations interactively modify visual structures to create interactive visualizations
(e.g., zooming and fish eye view). Views are created with HTML elements that are

formatted with CSS.

Reference model describes the approximate steps in the information visualization process.
Information visualization reference model can be applied easily to the visualizations with
JavaScript. JavaScript includes dedicated structures, such as JSON, SVG, Canvas, and HTML,

which fit into data tables, visual structures and views of the model.

As mentioned in the design section in order to insert the data into the metaphor it is

needed to convert the data into a predefined JSON format as follows,
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var info =

[

‘setl’, [latitude, longitude, value, latitude, longitude, value, ........ ]

],
[

‘set2’, [latitude, longitude, value, latitude, longitude, value, ........ ]

Figure 4.1-2 Input JSON format of data

In order to build this JSON format first each of the data sets were arranged in separate csv
files containing the longitude, latitude and value. That means each separate ‘setl’ data set
in Figure 4.1-2 will have a separate csv file. Then each of these separated csv file will be put
in as an input to a python code snippet (Figure 4.1-3) where it will transform the data set
into an array with the required format. Then doing this to each and every csv file, separate
arrays were created accordingly and those were arranged in a format as shown in Figure

4.1-2.

csv

open('fileName.csv', 'r") csvfile:
so - csv.reader(csvfile, delimiter-","
so_data - []
row 50:
i row:
so_data.append(float(i))

(so_data)

Figure 4.1-3 Python code snippet of csv to JSON conversion
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Then the data set is ready to be inserted into the built 3D metaphor and users will be able
to interact with each of the data sets that will consist in the JSON file. The 3D metaphor
(the globe) is developed using the three.js library which is an open-source JavaScript library
which enables high-level programming of browser-based 3D scenes, such as that shown in

Figure 4.1-1.

Three.JS features a scene graph, several types of camera and navigation modes, several
pre-programmed shaders and materials (and the ability to program custom shaders), Level-
of-Detailmesh loading and rendering, and an animation component allowing skeletal and

morph-target animation.

Next task is to import the prepared data into the globe where the user will be able to
interact with the metaphor. During the literature review many examples showed that in
order to access the data a simple function like in Figure 4.1-4 would be enough. In fact, it
won’t actually load a JSON document, but it will create a JavaScript object. This technique

won’t be suitable for true JSON files.

" : "testingl", "set2" : “"testing2"}]’;

function load() {
var someData_not]JSON - JSON.parse(data);
console. log(someData notJSON[@].set2);

Figure 4.1-4 JSON parser
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If the implementation is not going to be fuzzy using an actual JSON file then the most
appropriate decision would be to create a separate.js file. But the correct way to do is

mentioned in Figure 4.1-5.

function loadJSON(calLback

var requestObj XMLHttpRequest();
requestObj.overrideMimeType("application/json™);

‘sample.json’, true);
change - function () {
4 requestObj.status

callback(requestObj.responseText);
1
J

1.
I

requestObj.send(null);

Figure 4.1-5 XMLHttpRequest code snippet

XMLHttpRequest has an important role in the Ajax web development technique. It is
special JavaScript object that was designed by Microsoft. XMLHttpRequest object call as an
asynchronous HTTP request to the Server for transferring data both side. It's used for

making requests to the non-Ajax pages.

The clue here is the jQuery method $.getJSON() which is shorthand for S.ajax(). The
function in Figure 4.1-5 will create a new instance of an XMLHttpRequest and load
asynchronously the contents of sample_data.json. By changing the argument to true the
reading can be converted into a synchronous load. The main feature is that all the modern

browsers support the native JSON.parse method.

But this can be write more elegantly by considering the responseType property in
XMLHttpRequest instance. When the property is set to the string ‘json’ browsers that

support this feature automatically handle the JSON.parse() step.
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Note when the responseType is set to ‘json’ , requestObj.response must be used instead of
requestObj.responseText (Figure 4.1-6) . When the browser fails to parse the response as

JSON, null is returned (instead of throwing an error).

unction 1oad]SON(cal Lback

var requestObj XMLHttpRequest();
requestObj.overrideMimeType("application/json");

requestObj.open('GET', ‘sample.json’, true);
requestObj.responseType = "json’;

request0bj.onreadystatechange on {

(requestObj.readyStat l requestObj.status "200") {

callbackgrequestObj.responsd);

1
J

1.
I

requestObj.send( Y

Figure 4.1-6 Handling JSON.parse() automatically

After reading the values the next task is to insert them in to the implemented globe.
Implementation is mentioned in Figure 4.1-7. First step is to set the location of the globe
and then create the globe on the mentioned location. As the next step a file is requested
for the JSON data. Then after importing the data if the data is received successfully parse
the JSON and input the data into the created globe. Then the geometry is created and next
the animation will be started. As the final step the request will be sent where it will handle

the data.
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var positionHolder = document.getElementById( 'container' );

/ar globe DAT.Globe(positionHolder);
var requestData XMLHttpRequest();

requestData.open( 'GET', 'infomartion.json’, 1

var info = JSON.parse( requestData.re

(var i ; 1 < info.length; i ) {
globe.addData( info[i][1], {format: 'magnitude', name: info[i][@]}

globe.createPoints();

globe.animate();

requestData.send(

1
J

Figure 4.1-7 Main Implementation code snippet
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5 Chapter 5

5.1 Results and Evaluation

5.1.1 Experimental Testing

In order to test the functional usage of the proposed 3D metaphor a set of experimental
scenarios were carried out comparing its online use to two other data visualization forms
(tabular and 2D). The experiment consisted of 15 (n) human participants who ranged in age

from 18 to 62 years. Mainly there were 9 (60%) male and 6 (40%) male participants.

Participants were in different education levels and had different ratings for their computer

literacy.

The experiment involved participants initially being asked to use each of the three forms of
data presentation interfaces (presented in random order).In order to maintain the
consistency of the data, it has been kept consistent in each and every presentation,
showing the International Diabetes Federation figures on people with diabetes around the
world. And also in order to make it more convenient the environment also being kept
consistent for all the participants where each of them used the same hardware devices.

The only changing variable was the presentation interface in each scenario.

Each of the used example presentations are shown in Figure 5.1-1, Figure 5.1-2 & Figure
5.1-3. First presentation included data presented in a tabular format which can be scrolled,
and it consisted of the longitude, latitude and the amount of people with diabetes (Figure

5.1-1).
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The second presentation was involved the data being presented in a 2D map where data is
presented in colored areas (Figure 5.1-2). As the final presentation the users were
presented the implemented 3D metaphor where the users will get the chance to interact

with the globe by zooming in/out and investigate the tube based data points (Figure 5.1-3).

Initially the users were not given any training time since all of the presentations were
simple to use without any prior knowledge. They were given the chance to interact with
each of the presentation and gain an understanding of the data is presented. Then the

users were given a set of tasks to be completed.
Task 1: Locate low diabetes areas.
Task 2: Locate high diabetes areas.

Task 3: Locate areas where the low diabetes areas are bordered by the high

diabetes areas.

Estimates by Country/Territory

Country/Territory Peoaple with diabetes Lower limit of uncertainty interval Upper limit of uncertainty interval

Figure 5.1-1 Tabular presentation of IDF data
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Diabetes estimates >> People with diabetes (20-79), in 1000s (2015)

Figure 5.1-2 2D presentation of IDF data

All Countries/Territories
anked by le with

People
with
Diabetes

Figure 5.1-3 3D metaphor

In the experiment data was collected based on three main phases.

1. Assigning the participants to several set of tasks.
2. Questionnaire.

3. Visual Observation.
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5.2 Results

Mainly the analysis was carried under both quantitative and qualitative perspectives. Then

those findings was thoroughly analyzed in order to make conclusions.

5.2.1 Quantitative Results

In this approach the data was gathered by assigning each of the participants to tasks

mentioned above. All the participants were given five attempts for each of the

presentations. After analyzing the results it can be clearly identified that each of the

presentations have different results when it comes to speed and accuracy.

Task 1 - Locate low diabetes areas

Analyzing the data in Table B 1, Table B 2 & Table B 3 in Appendix B, the average and the

accuracies are listed for each of the presentations in Table 5.2-1.

Table 5.2-1 Average speed/accuracy of the taskl

Presentation

Average Response Speed(s)

Average Accuracy (%)

Tabular 99.93 88.00
2D 88.27 89.33
3D 95.60 81.73

Task 2 - Locate high diabetes areas

Analyzing the data in Table B 4, Table B 5 & Table B 6 in Appendix B, the average and the

accuracies are listed for each of the presentations in Table 5.2-2.
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Table 5.2-2 Average speed/accuracy of the task2

Presentation

Average Response Speed(s)

Average Accuracy (%)

Tabular 81.73 90.67
2D 79.00 93.33
3D 66.13 96.00

Task 3 - Locate areas where the low diabetes areas are bordered by the high diabetes

areas.

Analyzing the data in Table B 7, Table B 8 & Table B 9 in Appendix B, the average and the

accuracies are listed for each of the presentations in Table 5.2-3.

Table 5.2-3 Average speed/accuracy of the task3

Presentation

Average Response Speed(s)

Average Accuracy (%)

Tabular 299.67 44.44
2D 121.40 72.00
3D 110.40 78.67

When considering the first task 2D format tend to perform well than both the tabular and

the 3D metaphor with an average response time of 88.27s and accuracy of 89.33%. But

when it comes to the second task 3D metaphor was more effective by having average

response time of 66.13s and accuracy of 96%. Final task was much difficult and most of the

users were failed to complete the task using the tabular format. Only 9 people were able to

complete the task out of 15 but having a less accuracy of 44.44% and an average response

time > 250s. All the users were able to complete the final task using the 2D and 3D

presentations. Out of those techniques people were able to answer with a 78.67% when

they were involved with the 3D metaphor.
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5.2.2 Qualitative Results

Mainly the qualitative research was carried out based on the questionnaire. Set of

information was gathered from the users based on the survey. The questions asked from

the users as follows. And for each presentation user ratings were gathered accordingly.

Q1: How informative was each of the presentations?

Q2: How suitable the presentation for the given task?

Q3: User Interaction

Q4: Overall rating

The main idea of conducting a survey is that the user experience is very much important

when it comes to data visualization. People get more familiar with the data they will be

able to make very valuable decisions. So the visualization tool should be crafted in a way

that it would not lead to any conflicts and it would give the user the utmost experience

that he desire by using the visualization tool. The questionnaire was mainly intended to

find out how people react to the newly implemented metaphor which is a totally new

experience to them and compare it with other existing techniques and find out whether it

enhances their knowledge finding capacity.

Table 5.2-4 Average user ratings for each of the presentations

Presentation Q1 Q2 Q3 Q4
Tabular 1.67 1.27 1.20 1.87
2D 3.33 3.33 3.20 3.27

3D 4.07 4.33 4.20 4.13

TAB indicates the average user ratings for each of the questions asked from them.

Differences between them can be clearly identified from the tabular formats

(Figure 5.2-1, Figure 5.2-2, Figure 5.2-3 & Figure 5.2-4).
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Based on the facts gathered from the questionnaire in Appendix A we can clearly see that
the users were more likely to use the 3D metaphor than any other presentations. Even
though the sample size is limited based on these graphs it clearly indicates that there is a
significance difference in each of these presentations.
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5.2.3 Observational Study

Table B 10 in Appendix B shows the time taken by each user at the start of the experiment

before they were given the tasks.

According to the stats people spent a long time playing with the 3D metaphor than any of
the other presentations averaging 106.68s comparatively higher than other two

presentations (tabular 21.47s & 2D 27.80s).

5.3 Analysis

Considering the results obtained from the experiments it is clearly identified that using this
3D metaphor can be effective in presenting International Diabetes Federation data. And
another finding is that the results indicates that in most case the tabular format tend to
produce less effectiveness when it comes to speed and accuracy. It may be the fact that it
is less interactive than other presentation methods as found out in the qualitative results

section.

In the observational study it is found out that users spent a long time playing with the
system when it comes to the 3D metaphor. This may be the fact that the 3D presentation
enhanced the interaction with the data and thus presented its information effectively and

in a manner that enhances its audience’s interest.
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6 Chapter 6

6.1 Conclusions and Future Works

This chapter includes a review of the research objectives and results, limitations of the

current work and the directions for future researches.

6.1.1 Conclusion

At the beginning of the research the thesis tried to address the fact how a 3D interactive
metaphor can offer the potential to enhance the user’s interaction with data in finding

hidden patterns inside the data by data visualization.

This study introduced an interactive 3D metaphor using diabetes data and produce three-
dimensional data plots which provide interpretability that makes the data analysis more
transparent for a person who is interested in the assessment of individual patients and

populations.

In the literature review it is clearly identified the potential to utilize the 2D animation to
significantly enhance the effectiveness of visual tools for statistical global data visualization
[26, 27, 28, 29]. This research mainly focused on extending the usage of animations as a
mechanism to use other entertainment based forms to present IDF data. The proposed 3D
metaphor was built as a web based 3D globe where the people got the chance to interact
with the IDF data in a more innovative manner. Even though using a small sample (n=15)
the proposed 3D metaphor tend to provide more significant findings than the other

conventional techniques.
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Apart from the main design, two other architectures shown in the design section illustrate
the idea that this concept can expanded in a broader way where it can be more complex
and can be used identify different set of clusters and hidden patterns. But these kind of
visualization tools will have to be used by experienced people and also lot of preprocessing

has to be done before showing the data in a metaphor.

Analyzing all the findings and the facts gathered from the literature review, the proposed
approach can conclude the fact that by enhancing the interactions of the visualization
tools, it provide a knowledge extraction mechanism to the user in a different perspective

when considering the speed and accuracy.

6.1.2 Future Works

The results may be sometime be biased based on two main factors.

1. Experiences users have with the existing systems. (e.g. people have experienced
with tables and charts more than they have with 3D metaphor).

2. Novel nature of the proposed 3D metaphor.

The 3D metaphor provided good results may be because of its new nature where the
people may had a more interest on the new approach rather than the conventional
techniques. As a future work it is essential to carry out long term comparative both the
conventional techniques and the 3D metaphor that it is the case.

The metaphor should be tested out with real time data which is larger in size and can be
compared as Big Data. Interactive visualization in the field of Big Data will open up many

findings in data mining field using visualization tools.
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There is also the question of why the 3D technique has not come further in software
modeling although the 3D technique has been around for decades. When it comes to
hardware modeling, 3D tools have been standard for many years. Although the technical
issues is one limiting factor behind this difference in technique adaptation, other reasons
such as socio-technical and economic factors may be behind that the software industry
have not put this technique into practice. This should also be analyzed in a more practical

way to come out with good results.
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Appendix A: Questionnaire

Rate the following from 1-5

: very bad
: bad
:average
: good

O A WN R

: very good

Question

Presentations

Tabular

2D

3D

Computer Literacy

How informative was each of
the presentations?

How suitable the presentation
for the given task?

User Interaction

Overall rating
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Appendix B: Diagrams

Average Response Time (s) Average Successful Attempts
Userl 110 0.8
User2 90 1
User3 80 1
User4 88 1
User5 106 1
User6 112 0.6
User7 82 1
User8 101 0.8
User9 105 0.6
User10 90 0.8
Userll 101 0.6
User12 89 0.6
Userl3 157 0.6
Userl4 90 1
Userl5 98 1

Table B 1 Tabular representation stats for finding low diabetes areas

Average Response Time (s) Average Successful Attempts
Userl 80 1
User2 70 1
User3 80 1
User4 83 1
User5 89 1
User6 90 0.8
User7 70 1
User8 89 0.4
User9 96 0.6
User10 88 1
Userll 100 1
Userl2 94 1
Userl3 134 0.6
Userl4 72 1
Userl5 89 0.8

Table B 2 2D representation stats for finding low diabetes areas
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Average Response Time (s)

Successful Attempts

Userl 94 1
User2 98 1
User3 78 1
Userd 90 1
User5 103 1
User6 101 0.6
User7 79 1
User8 95 0.8
User9 102 0.4
User10 94 1
Userll 94 1
User12 90 1
User13 132 0.6
Userl4 89 1
Userl5 95 1

Table B 3 3D representation stats for finding low diabetes areas

Average Response Time (s)

Average Successful Attempts

Userl 70 1
User2 64 1
User3 65 1
User4 70 1
User5 90 1
User6 100 0.6
User7 58 1
User8 73 1
User9 75 0.8
User10 85 1
Userll 79 0.8
User12 80 1
Userl3 160 0.6
Userl4 82 1
Userl5 75 0.8

Table B 4 Tabular representation stats for finding high diabetes areas
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Average Response Time (s)

Average Successful Attempts

Userl 78 1
User2 69 1
User3 76 1
Userd 70 1
User5 75 1
User6 120 1
User7 76 1
User8 76 0.8
User9 75 0.8
User10 73 0.8
Userll 78 1
Userl12 69 0.8
Userl3 107 1
Userl4 73 0.8
Userl5 70 1

Table B 5 2D representation stats for finding high diabetes areas

Average Response Time (s)

Average Successful Attempts

Userl 62 1
User2 54 1
User3 69 1
User4 60 1
User5 68 1
User6 78 0.8
User7 63 1
User8 69 0.8
User9 64 1
User10 61 1
Userll 68 1
User12 75 1
Userl13 81 0.8
Userl4 63 1
Userl5 57 1

Table B 6 3D representation stats for finding high diabetes areas
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Average Response Time (s) Average Successful Attempts
Userl 320 0.4
User2 350 0.4
User3 290 0.4
Userd 278 0.6
User5 - -
User6 - -
User7 290 0.6
User8 450 0.4
User9 - -
User10 - -
Userll - -
User12 420 0.2
Userl3 - -
Userl4 475 0.4
Userl5 540 0.6

Table B 7 Tabular representation stats for finding low diabetes areas bordered by high diabetes areas

Average Response Time (s) Average Successful Attempts

Userl 120 1

User2 110 1

User3 127 0.8
User4 122 0.6
User5 115 0.8
Useré 145 0.6
User7 123 1

User8 110 0.6
User9 120 0.8
User10 105 0.6
Userll 143 1

User12 110 0.4
Userl3 138 0.4
Userl4 110 0.4
Userl5 123 0.8

Table B 8 2D representation stats for finding low diabetes areas bordered by high diabetes areas
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Average Response Time (s) Average Successful Attempts

Userl 100 0.8
User2 120 1
User3 102 1
User4 108 0.4
User5 110 0.8
User6 124 1
User7 105 0.8
User8 103 0.6
User9 110 1
User10 98 1
Userll 132 1
User12 101 0.6
User13 140 0.4
Userl4 99 0.4
Userl5 104 1

Table B 9 3D representation stats for finding low diabetes areas bordered by high diabetes areas

Time (s)

Tabular 2D 3D

Userl 23 28 90
User2 24 29 132
User3 23 24 124
Userd 19 27 117
User5 19 29 136
User6 24 20 99
User7 19 30 101
User8 24 34 104
User9 12 34 89
User10 24 32 105
Userll 23 33 103
User12 23 27 109
User13 19 20 78
Userl4 24 30 93
Userl5 22 20 119

Table B 10 Average playing time with presentations initially
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