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Abstract

The direct data manipulation through visualization and associated navigation
techniques has been implemented for many years. However, these methods are not
uniformly discussed in the context of user interface design. During the history of user
interface development, the interaction between humans and computers is almost to be
done through software widgets. Since in the last decade, many advanced data
visualization and interaction techniques have been developed, now it is the time to
bring them into the formal discussion about the context of user interface design, data
queries, and data manipulation. The dissertation attempts to fulfill the gap between

visual user interface design and interactive data visualization.

In relational data queries, many visualization techniques have featured advanced
interactive operation; however, a majority of those would concentrate on the traditional
style, instead of a modern approach. This is the reason why today in visual analytics

truly direct manipulation is highly encouraged, instead of the conventional methods.

This dissertation focuses on the investigation of modern data query approaches.
It attempts to model the new data query methods that apply those advanced
visualization and interaction techniques to facilitate the data analysis procedures. The
second contribution of the dissertation is the design of new interaction methods for

multi-dimensional data visualization.

We first introduce a new framework which includes straightforward
manipulation techniques for relational data discovery. These novel techniques, named
MCquery, SumUp, and FigAxis, are exclusively developed for the key characteristics
of relational data such as data models and data dimensions. The core methodology is
about interactive visual query design based upon node-link graphics, parallel
coordinate geometries, and scatterplot visualization, where the direct interaction is
performed by friendly action such as clicks and brushes. The tools materialized from
these techniques can help to reduce users’ cognitive and behavioral effort efficiently
in dealing with the issues of information search-retrieval, quantitative data analysis,

and correlation examination.

XVi



Chapter 1 Introduction 1

Chapter 1 Introduction

We all, human, have been living in a world of information, the world of variety and
complexity. Thanks to the achievements of science and technology, especially computer
development, information is collected, stored, processed, etc. in order to serve human
needs, which is increasing quickly and steadily. Of those, how to support people in
learning and mining information through the process of human-computer interaction is a
critical topic and a vital challenge in computer science. One of the most concerned
solutions is about making information items to become graphical elements to be visible
and interactive by software programs and user behaviours. In other words, this action is
called Visualization. In point of fact, the role of Visualization has become not trivial in
modern cognitive systems due to its information transferring characteristics to human

senses, as people sometimes said

“The eyes...the window of the soul”
(Leonardo 1452 — 1519)

and

“Use a picture. It's worth a thousand words”

(Speakers Give Sound Advice 1911).
1.1 From Information Visualization to Visual Queries

There are heterogeneous definitions of Visualization; however, a classical one proposed
by Card, Mackinlay and Shneiderman (1999) -
“The use of computer-supported, interactive visual representations of abstract, non-
physically based data to amplify cognition -

is very popularly accepted. It simply means that Visualization is to use computer graphics
to acquire knowledge and understanding. In actuality, visualization activities are able to
bring various advantages to both front-end users and back-end developers such as
supporting to understand an enormous amount of data, enabling perception of

unanticipated elements, allowing quick displaying of the problems associated with data,
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etc. (Ware 2012). The other definitions and descriptions of Visualization can also be
found in Little et al. 1972. A sample about the visualization of car crashing experiment

is shown in Figure 1.1.

BAAS modH In GLvkw

Figure 1.1 The visualization of car crashing experiment. (Source:

https://en.wikipedia.org/wiki/Visualization_(graphics) 2017)

The definition by Card (1999) was, additionally, offered to describe term
Information Visualization at that time. However, nowadays, the widely-known concept
of Visualization refers to two sub branches including Information Visualization and
Scientific Visualization. Although in some areas the border of these two fields seems to
be not very clear, on numerous occasions they still possess the typical characteristics of

their own.

1.1.1 Information Visualization and Scientific Visualization

Term Information Visualization was first used by Robertson, Card, and Mackinlay in
1989 (Robertson, Card & Mackinlay 1989). Ten years later, international conferences on
the topic had officially started such as [EEE Visualisation, CHI'XX, and UIST XX

conferences, and many well-known Information Visualization articles were also delivered
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such as Worlds within worlds (Feiner & Beshers 1990), Tree-maps (Johnson &
Shneiderman 1991), Information visualizer (Card, Robertson & Mackinlay 1991), etc.

Information visualization techniques aim to reduce complexity in acquiring
knowledge and analyse information on computer applications by using visual
representation and interactive behaviours on the abstract data which do not have explicit
spatial references and do not have natural mapping features such as textual, tabular, or
hierarchical data. The mentioned data often comprise a high number of dimensions and a
large number of attributes, which the standard two-dimensional (2D) model with axis X
and axis Y is not able to represent adequately. For dealing with such challenges, novel
visualization techniques such as Parallel Coordinates (Inselberg & Dimsdale 1991),
Treemaps (Shneiderman 1992) (see Figure 1.2), and hierarchical-graph-based techniques
were proposed respectively. Besides, with the rapid development of big data employment
and mining, information visualization often requires automated analysis techniques such
as classification and clustering in data preparation at pre-processing stages for handling a
huge volume of data. Today, due to the critical benefits of information visualization, it
widely appears in many fields and areas such as software applications in education,

business, government, entertainment, etc.

Figure 1.2 A tree map sample (Shneiderman 1992).
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On the other hand, scientific visualization techniques center on visualizing complex
structures of real objects in the physical world for scientific study, typically in three-
dimensional (3D) geometries, and on being explicit references to time and space such as
the objects of medicine, biology, geography, etc. Widespread approaches were, typically,
based on direct volume rendering such as iso-surfaces (Engel et al. 2004), Glyph (Forsell,
Seipel & Lind 2005), flow visualization (Merzkirch 1987), etc. Due to the complexity of
such displaying, the deployment of those was commonly integrated with interaction
techniques, especially focus+context technique, to enhance navigation effectiveness in

3D-based representation (Kruger, Schneider & Westermann 2008) (see Figure 1.3).

Figure 1.3 The focus layer display in a biological study (Kruger, Schneider
& Westermann 2008).

Nowadays, the contributions of visualization are becoming more famous in many

fields for its significant benefits, which was admired by many works such as

“The success of information visualization is often an interplay between an expert’s meta-

’

knowledge and knowledge of other sources as well as information from the visualization in use.’

(Carpendale 2008),
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“The ultimate goal of interactive visualization design is to optimize applications so that

they help us perform cognitive work more efficiently.”, and
“The_user_benefits_from_ visualization =

the cognitive_work_done * the_value of the work.” (Ware 2012).

1.1.2 Visual Queries

In addition to the benefits mentioned above, another important contribution which
visualization supplies to data mining through the activities of information search and
retrieval is the visual support for querying. In the past, when visualization had not
developed, to interact and explore data there was almost only the method of using text-
based commands as the query languages. However, because of the complication of such
traditional query languages, the method was appropriate for experienced users, but not
recommended for novices and general users. At the present time, query-supporting
visualization has primarily changed the conventional way of data exploration by the

appearance of term Visual Query.

The definitions of term Visual Query can be found in Angelaccio, Catarci and
Santucci 1990; Ware 2005; Caschera, D’Ulizia and Tininini 2008, etc. In most of the
cases, Visual Query was widely understood as the queries that are made by using visual
elements or objects on computer interfaces for data and information discovery. By this
way, instead of using text-based queries, users would use computer graphics such as
forms, tabular objects, diagrammatic objects, iconic objects, etc. (see Figure 1.4) to create
the requests of search, retrieval, and analysis of desired information and data. Making
queries by using visual objects is evaluated to be more accessible to general users and
novices since it supports them in reducing the mental effort in query performance without
the requirement of handling text-based commands. Moreover, this approach is assessed
to be friendlier in term of intelligent interaction interface than the traditional one. As a
result of its exclusive strengths, recently, the number of visual query applications has been

increasing day by day, and sometimes people said,

“Most of the visual queries we make of the world seem literally effortless, so much so

that we are not even aware that we are making them.” (Ware 2005).
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Retrieval Area

Figure 1.4 The icon-based representations for a control query (Tsuda et al.
1990).

1.2 Problem Statement

The direct data manipulation in visualization has been considered insufficiently. During
the history of user interface development, the interaction between humans and computers
is almost to be done through software widgets. The traditional and common widgets in
general software are about the form or table layouts with the columns and rows of data
and commands, which are widely deployed in visualization tools as well. Therefore, this
event incidentally makes people think that interactive data visualization is just the simple
interaction performed by playing with text fields, data cells, buttons, etc. Although these
tasks are theoretically basic for most of interaction procedure, in order to explore data
visually and coherently, using such functions only is not sufficient empirically. For
example, clicking a button is to activate or run a function rather than to manipulate and
interact with visual objects directly. In other words, such conventional interaction is often
operated separately from representation objects, which can result in the increase of work
load in information transformation between functional components and graphical
elements. For visual queries of relational data, many visualization techniques have
featured advanced interactive operation; however, a majority of those would concentrate
on the traditional style, instead of a modern approach. This event can support the reason
why today in visual analytics straightforward and direct manipulation is significantly

recommended and encouraged.
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The aim of this research is to improve the direct-interaction mechanism of
relational-data visual queries such as the exploration based upon data models and data
dimensions. The existing visual query approaches that are currently employed in
relational data visualization have not greatly supported direct manipulation on the
characteristics of such data, particularly for data models and data dimensions. In fact,
relational data representation is usually formatted in tabular or table based layouts, which
can be easily interactive with text-based queries. These queries always require expert
knowledge or much technical understanding in practical usage, which is a not small
barrier to novices and general users. Additionally, although existing visual analytics
suites offer various interactive controls for data exploration, they also require the
technical configuration during using procedures that would seem only beneficial for well-

trained or senior users.

Without direct and friendly manipulation, the visual data exploration tools would
be hard to be used by ordinary users, who are securing the majority of target customers

of information technology services.
1.3 Challenges and Goals

The widespread deployment of visual data solutions was one of the most interesting
challenges (Keim et. al. 2006). As a matter of fact, there are a large number of visual
analytics techniques and tools, but not many people can access them. Particularly,
relational data can be found easily, yet general users cannot mine and explore them, due
mainly to lack of right visual query tools. Here, right tools refer easy-to-use tools, which

could not be the tools to be exclusive for experts definitely.
The overall goals of this dissertation are:

e To investigate novel visual query models that can effectively merge the
latest data visualization, interaction, and former data query requirements
into one framework which could friendly support analytical reasoning
processes,

e To investigate novel interaction techniques that can support information

search and retrieval in multi-dimensional data visualization,
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e To build relational data exploration tools that materialize and synchronize
developed visual queries in term of space efficiency, novelty, and
friendliness,

e To apply analytical reasoning processes into our proposed interactive visual
query designs in order to evaluate the effectiveness and efficiency of new

approaches.

1.4 Contributions

In general, the contributions of this dissertation are listed below, but not limited to:

1. A new framework for synchronous and continuous exploration through multiple

visual contexts of relational data (Chapter 3).

Visual analytics play a fundamental role in bringing insights to the audiences who
are interested and dedicated to data exploration. In the area of relational data, not a small
number of advanced visualization tools and frameworks are proposed in order to deal
with such data features. However, a majority of those have not significantly considered
the whole process from data-model mining to dimension-based querying, which might
enhance the flexibility of continuous and further exploration. This chapter presents a new
interactive exploration framework for relational data analysis through the automatic
interconnection of data models and data dimensions. The approach is to enable users to
make relative queries flexibly on desired contexts at any stage of exploration for in-depth

data understanding.

2. A new interactive visual query technique named MCquery and based upon data

model representation for information search and retrieval (Chapter 4).

The use of visual queries for relational data search and retrieval is a well-known
approach, and various advanced visualization methods have been proposed to improve
the quality of such queries. Nevertheless, most current methods pay attention to
constructing queries in a single visualization context, which causes the isolation of data
models and query results in exploration procedures. Consequently, the cognitive effort of

users for query formulation and adjustment is increased, significantly in visual matching
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the query details with their contexts. How to visually and synchronously represent all data
models, query formulation, and query results in a single screen of multi-contexts is a

concerned challenge in order to make great convenience for data exploration.

This chapter presents a novel visual method called MCquery for dealing with the
above challenge. This method allows query specification in the coordinating visual
contexts of data models and query results by interaction on node-link graphs of relational
data representation. MCquery enables relational data to be analysed with relative retrieval

from the incremental exploration of data models, queries, and query results.

3. A new interactive visual technique for quantitative queries called SumUp and
based upon multi-dimensional visualization, particularly in parallel coordinate

geometries (Chapter 5).

Parallel coordinates and scatterplots are the visual techniques widely used for
representing multivariate and multi-dimensional data. While parallel coordinates is well
suited to provide the general display of a vast number of attribute values given by a large
number of dimensions, scatterplots is a right choice in the detailed comparison of pairs of
dimensions. One of the most considered issues in this area is how to quantitatively analyze
the data density caused by polyline growth in the limited space of the parallel coordinate
axes and resulted by dot increasing in the plotting space of scatterplots. The existing
visualization techniques can successfully support the comparison of data summary among
single dimensions and independent focus zones. Nevertheless, these might face
challenges in complex analytics, which require the flexibility and multiplicity of such

comparison.

This chapter introduces two new visual query techniques named SumUp, for the
statistical analysis of the multiple attributes of dimensions with the multiple ranges of the
polylines of parallel coordinates, and FigAxis, for the quantitative analysis of the focus
zones of scatterplots. The methodology of SumUp is primarily based on developing
dynamic queries by using brushing operation to deliver summary stacked bars on the
parallel coordinate axes. Users can quickly retrieve quantitative information from the data
patterns and flexibly make the multiple-attribute comparison with minimum effects of the

polyline density. SumUp is able to enhance direct manipulation on parallel coordinates in
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term of statistical discovery and scalability. In FigAxis, zooming operation is adapted for
data plot density measurement with dynamic stacked bars on the scatterplot axes. Users
are enabled to quantitatively explore plotted data instances in the same space and at the

same time of correlation observing.

Other additional contributions include:

4. An advanced scatterplot method named FigAxis for statistical data analytics

(Chapter 5), and

5. A new dynamic query system for visual rankings (Chapter 8).

1.5 Skeleton

This dissertation is organized as follows:

e Chapter 2 Background: This chapter introduces an overview of basic knowledge
about the visualization of relational data models and data dimensions.

e Chapter 3 A Framework of Visual Data Exploration: This chapter presents a new
interactive exploration framework for relational data analysis through the
automatic interconnection of data models, multiple dimensions and pairwise
dimensions.

e Chapter 4 A New Interactive Visual Query for Relational Data Models: This
chapter presents a novel visual method, called MCquery, for dealing with the
challenge of how to visually and synchronously represent all data models, query
formulation, and query results in a single screen.

e Chapter 5 New Interactive Visual Queries for Data Dimensions: This chapter
introduces two new visual query techniques, including SumUp for statistical
analysis of multiple attributes of dimensions and ranges of polylines in parallel
coordinates and FigAxis for quantitative analysis of focus zones in scatterplots.

e Chapter 6 Case Studies: This chapter illustrates and discusses typical case studies

for demonstrating the implementation and usefulness of our interactive visual
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queries, which is introduced and synthesized in Chapter 3, Chapter 4, and Chapter
5.

Chapter 7 Evaluations: This chapter illustrates the procedures and results of
evaluations for our techniques in term of space-efficient visualization, distinctive
features, and friendly techniques.

Chapter 8 Extended Work: This chapter presents a dynamic and interactive query
method which is extended from the previous query techniques. Although this
additional technique is not a primary contribution to the goals of this dissertation,
its theory and practice are closely related to the employment of visual queries for
data exploration.

Chapter 9 Conclusion: This chapter concludes this dissertation.
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Chapter 2 Background

This chapter provides some terminology definitions and an overview of basic knowledge
about visualization of relational data models and data dimensions, which are relatively
scoped in this dissertation. We classify the background into relational data visualization

and multi-dimensional visualization as the details below.
2.1 Terminology Definitions

We is kindly referred to the author, himself, and the parties who have significantly

contributed to the completion and success of the studies of this dissertation.

Data model is referred to as a conceptual description about data organization, and

in this dissertation, we only focus on the model of Entity-Relationship.

Entity-Relationship model is a name of an abstract data model, which considers
objects and their connections in real life as entities and relationships in theory for data

collection, organization, and mining.

Relational data is referred to data which are organized in a relational schema and

stored in a relational database.

Dimension is referred to a data vector, commonly meaning an attribute or a

variable of data in related scientific areas.

Multi-dimensional data is referred to a data collection which is organized,

structured, and stored with many dimensions or a large number of dimensions.
Data instance is referred to as a record or a row of a data table.

G ={V, E} is a graph, defined as a pair (V, E), where V is a set of vertices, and E
is a set of edges between the vertices E = {(u, v) | u, v € V}. In this dissertation, nodes

and links are preferred and used as the visual representation of vertices and edges.
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2.2 Relational Data Visualization

Visualization and relational data are inter-cooperated in various angles. On account of the
objectives of this dissertation, we focus on revisiting relational data visualization in term
of data model visualization, data mapping, and data cleaning processes. These are the
significant aspects of not only the role of visualization in such data but also the core

preparation stages for effective data visualization.

2.2.1 Relational Data Model Visualization

Ordinarily, all data types are compulsory to be formatted in a particular model for usage,
and relational data is unexceptional. Relational data are well-known with the model
named Entity-Relationship (ER) and firstly proposed by Chen (1976). ER model enables
mapping real world objects into conceptual diagrams that can serve information system
analysis and development. Besides of mathematic norms, graphical approach defines the
characteristic of ER methodology. A diagram of ER model is the meaningful connection
of rectangles, lozenges, lines, arrows, etc., where rectangles and lozenges represent real-
life objects and their relations. For example, to express a real context of that employees
work in projects, the corresponding ER diagram is drawn as Figure 2.1, and Figure 2.2

illustrates a sample of an entire simple ER diagram.

Employees Projects

Figure 2.1 A sample of the ER application. This conceptual diagram illustrates the

relationship “Employees work in projects”in real life.
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Figure 2.2 An entire employment of a simple ER diagram (Chen 1976).

Nowadays, Entity-Relationship diagram visualization can be found in many
commercial modeling systems such as Rational Rose (IBM, http://www-
03.ibm.com/software/products/en/ratirosefami) and PowerDesigner (Sybase,

http://www.sybase.com/products/modelingdevelopment/powerdesigner).

2.2.2 Relational Data Mapping

In visualization, data mapping is a mandatory procedure for converting data attributes to
visual element attributes. For reviewing attributes associated with relational data, Huang
(2001) introduced an attributed visualization model through geometric and graphical
mapping. The main idea includes the procedures of transforming conceptual relational
structure to node-link structure and transforming data object attributes to graphical
attributes, which is a basic guide for relational structure data visualization. Later, Dastani
(2002) proposed structure-preserving mapping for effective visualization of relational

data with the idea “The intended structure of data should coincide with the perceptual
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structure of its visualization”. Figure 2.3 illustrates an application of attributed

visualization.
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b. The network applying the attributed visualization

Figure 2.3 The impact of the attributed visualization on node-link graphs (Huang
2001).
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2.2.3 Relational Data Cleaning Processes

In information visualization mechanism, before data mapping, the given data, normally,
need to be under noise removal for clean and precise data pattern of further visual
representation. For node-link graph application, dealing with entity resolution is always
a greatly considered topic. Entity resolution helps to unify redundant references in order
to make entity objects distinct and identified. Kang (2008) proposed a typical entity
resolution technique based on relational context visualization. Duplicated references are
displayed, clustered, and highlighted in a relational network that allows users to make a
decision on the cleaning process visually and coherently. In addition to these benefits, the
technique employment might bring relational-data users the concept of node-link graphs
through graphical interaction activities. Figure 2.4 illustrates a use case of the technique.
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Figure 2.4 The relational context visualization for entity resolution (Kang 2008).
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2.2.4 Discussion

Relational data are one of the most popular data types, and they can be dealt by various
visualization techniques. The mentioned-above background is only the principles which
are the closest to our methodology based on node-link graphics. Moreover, these works
play a not trivial role in the instruction of our further design about relational visual queries

in this dissertation.

Currently, the node-link graph analytic features for relational data can be found in
many software libraries such as Prefuse (Heer, Card & Landay 2005), Orion (Deer &
Perer 2011), and Tulip 3 (Auber et al. 2012).

2.3 Multiple Dimensional Visualization

Multivariate and multi-dimensional data analytics are critically essential activities for
retrieving and understanding a large number of complicated information in term of types
and contents. While the variety of data types is resulted by different information-
generating sources, the complexity of contents is along with the increase of data
dimensions and data instances. Once organized and structured, such data almost always
require distinctive techniques and equipment for dealing with high-dimensional

challenges.

According to Keim and Kriegel (1996) and Keim (2002), the taxonomies of
visualization techniques could be categorized into pixel oriented, geometric projection,
icon based, hierarchical based, and graph based techniques. In respect of the primary
methodology applied throughout this dissertation, we concentrate on revisiting the
geometric projection based techniques, including parallel coordinates, scatterplots,

scatterplot matrices, star coordinates, and TableLens.



Chapter 2 Background 18

2.3.1 Parallel Coordinates

Parallel coordinates, originally proposed by d'Ocagne (1885) and Inselberg (1985), is a
technique based on geometric projection. Its layout is drawn by combining crossing
polylines and parallel vertical axes, where the polylines encode records or instances
denoted as P; = {d,, d>, ds, ..., d»}, and the axes encode dimensions denoted as X = {x;, x2,

X3, ..., Xn}. A data point d; of P; is mapped to a display space as the following formula.

max_X — d;

Ydi = Ymax X + max_X — min_X

where yai, Ymax x, max_X, min_X, and H are the y-coordinates of d; and max X,
maximum value of X, minimum value of X, and the height of the display space. Figure
2.5 illustrates the detail of visual calculation, and Figure 2.6 is an application of parallel

coordinates with nine dimensions and around four hundred instances.

Yimax_x max_X

Ymin_X min_X

X1 X2 X3 Xn

Figure 2.5 The visual calculation of the y-coordinate of a data point (di) in parallel

coordinates.
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Figure 2.6 An application of parallel coordinates with nine dimensions and

around four hundred instances.

2.3.2 Scatterplots and Scatterplot Matrices

For data with high dimensions, it is not always all of them to be considered
simultaneously. In that case, scatterplots, also a geometric projection technique, is an
appropriate option to show the data pattern of a couple of variables (Keim & Kriegel
1996). Scatterplots visually represents the correlation between two variables by plotting
data instances as data points between a vertical axis Y and a horizontal one X. The data
instances plotted by scatterplots might be encoded with shape, size, and color in order to
enhance the number of represented dimensions. Figure 2.7 illustrates a sample of a

standard scatterplot application.
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Logten Sulfate

Figure 2.7 The scatterplots with different shapes of data points (Carr et al. 1987).

For dealing with correlation analysis of many variables concurrently, an extension
of conventional scatterplots was proposed and called Scatterplot Matrix, which is
currently a well-known visual technique in statistic science (Carr et al. 1987; Friendly &
Dennis 2005). The basic idea of a scatterplot matrix is to visually represent the pairwise
comparison of n dimensions by a super panel of n x n sub plotting panels. Figure 2.8

illustrates an application of a scatterplot matrix with 4 dimensions.
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Figure 2.8 The scatterplot matrix with 4 dimensions (Carr et al. 1987).

The display space optimization is a common challenge of this area. Because of the
duplicating all dimensions twice, the effectiveness of using the display space is not high.
In reality, there is more than a half of plotting panels which are repeated and might be
omitted or used for other purposes. The minimal number of the plots to be essential for

all pairwise comparisons of n dimensions is just n(n-1)/2.

2.3.3 Star Coordinates

Star coordinates is another visual technique extended from 2D and 3D scatterplots in
order to enhance the number of dimensions encoded in a single view by plotting data
points between circling-around-same-origin axes in 2D space (Kandogan 2000) (see
Figure 2.9). Although star coordinates can improve the display space optimization, clutter
reduction and layout familiarization might be the challenges in the case of the highly

increased density of data points.
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Figure 2.9 The star coordinates with 8 dimensions (Kandogan 2000).

2.3.4 TableLens

While parallel coordinates, scatterplots, and star coordinates primarily and visually
encode data with non-interaction support, TableLens is a visualization technique for
multi-dimensional data exploration with rich manipulation features. TableLens visualizes
a data point by a bar graph placed in a cell of a dynamic table (Rao & Card 1994) (see
Figure 2.10). The columns and rows of this table, corresponding to dimensions and
instances, are adaptable with focus+context technique, which enables users to expand or
collapse analysis zone as demands. By employing flexible and independent scale of each
column, these multiple bar charts allow comparing both inside and across dimensions

quantitatively.
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Figure 2.10 A sample layout of the TableLens employment (Rao,

http://www.ramanarao.com/articles/2001-12-online-info/cviz.html).

2.3.5 Discussion

Multi-dimensional visualization is more and more important in the age of big data, and
there are a great number of advanced visualization techniques proposed for big-data
mining power enhancement. Four of the basic approaches have been revisited above, from
which the objectives of our studies in this dissertation are to develop novel techniques.
The deep insights and related works of considered subjects would be interpolated in

further sections.



Chapter 3 A Framework of Visual Data Exploration 24

Chapter 3 A Framework of Visual Data
Exploration

Visual analytics play a fundamental role in bringing insights to the audiences who are
interested and dedicated to data exploration. In the area of relational data, not a small
number of advanced visualization tools and frameworks are proposed in order to deal
with such data features. However, a majority of those have not significantly considered
the whole process from data-model mining to dimension-based querying, which might
enhance the flexibility of continuous and further exploration. This chapter presents a new
interactive exploration framework for relational data analysis through the automatic
interconnection of data models and data dimensions. The approach is to enable users to
make relative queries flexibly on desired contexts at any stage of exploration for in-depth

data understanding.
3.1 Introduction

Data mining through visualization is not a new subject, but always motivated by special
considerations. In relational data application, besides single visual techniques proposed,
many integrative tools were presented for incorporated data exploration such as Tulip
(Auber 2012), Orion (Deer & Perer 2011), Polaris (Stolte, Tang & Hanrahan 2002), and
Tableau (https://www.tableau.com/ 2017). The theme of the current models is about using
various kinds of graphs for visual analysis of given data in different facets, which allows
users to reach exploring objectives with many options. For instance, statistical tasks
probably work well with bar and pie charts, and object-relation observation likely adapts
with network graphs and tree maps. The flexibility of the integrated tools brings users the
comprehensive benefits; however, the procedure of interconnection establishment is still
a challenge, especially for the novices and general users who have not much technical
knowledge and well-trained experience. The existing advanced tools often require
programming skills in the configuration of data representation and further investigation,
which can cause the increase of users’ mental and physical effort during discovery

procedures and might interrupt continuous exploration as well.



Chapter 3 A Framework of Visual Data Exploration 25

Data types are mostly compulsory to be formatted in a particular model for usage,
and relational data are unexceptional. They are well-known with the model named Entity-
Relationship (Chen 1976). Entity-Relationship model enables mapping real-world objects
into conceptual diagrams that can serve information system analysis and development.
For data-model (DM) interaction, conventional interfaces are basically designed in table
and form layouts, mainly associated with text-based queries (Microsoft Access 2017,
Oracle 2017). Such tools are often exclusive to database management of experts rather

than common data exploration of general users.

Nowadays, along with big-data development, multi-dimensional analysis plays an
essential duty in data mining, especially in correlation examination. Parallel coordinates
(PCs) and scatterplots (SPs) are powerful techniques in this area. PCs deal with a high
number of dimensions simultaneously, while SPs handle pairwise comparisons. Query
manipulation on these two visualizations is greatly about brushing on data points and
polylines, which can support to discover quantitative and statistical aspects of data (Ho et
al. 2011; Siirtola 2000; Huang et al. 2012). By such feature, novices can directly interact
and explore data with PCs, where their layout seems to be preferred by senior technicians
(Siirtola & Raihd 2006). The dual analytics through PCs and SPs are quite popular and
can be found in advanced suites for visual data mining such as Tableau (Tableau 2017).
This software offers rich libraries of diverse graphs with various analytical tasks and also

requires programing or technical experiences to perform data exploration.

The role of DMs and dimensions in data mining is not trivial; nevertheless, the
practical combination of those for visual analytics has being considered separately. The
two groups of techniques revisited above are being currently employed in distinct aims,
where the former is favorable to database and system design (Microsoft Access 2017;
http://www-03.ibm.com/software/products/en/ratirosefami 2017), and the latter is for
data analysis (Auber 2004; Heer & Perer 2014; Stotle et al. 2002; Tableau 2017). We
argue and believe that the visual cooperation of those two would bring empirical benefits
to users, both experts and novices. In this paper, we propose a framework for the coherent

interconnecting of DMs and dimensions for continuous and friendly data exploration.

In this chapter, we attempt to design a framework for coherent exploration through

multiple visual contexts of graphics with automatic interconnection. By the framework
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employment, users are able to perform further investigation across the representations by
simple interaction, with a minimum of the interruption of the technical setting procedure.
Novices and general users are preferred by our motivation which is to create a friendly

tool towards a right job for various target users.

3.2 A Multiple-Visual-Context Framework of Data

Exploration

The framework input concentrates upon two characteristics of relational data including
data models and data dimensions. We propose a coherent process of data exploration
based upon an incremental chain of the visual representations of data models, multiple
dimensions, and pairwise dimensions. These visual contexts are automatically linked for
readiness in use and switchable for flexibility in navigation. Users are able to select and
change a desired context by simple manipulation. Figure 3.1 and the following sections

illustrate the model in detail.

Data-model Multiple-dimension
visualization

visualization <

A 4

(C1) (C2)

Pairwise-dimension
visualization

(C3)

Figure 3.1 The proposed multiple-visual-context framework of relational data

exploration.

3.2.1 Data-Model Context

The data-model context (C1, see Figure 3.1) is the initial stage of the process, providing
general information about given data schemas or data models, including table names,
dimension names (field names), and their relationships, of which users can use all to
create exploring queries. We offer a new visual query environment based upon

interactive node-link visualization which can aid users in exploring data with minimal
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technical experience. The detail of our approach will be particularly presented in Chapter

4 A New Interactive Visual Query for Relational Data Models.

3.2.2 Multiple-Dimension Context

The multiple-dimension context (C2, see Figure 3.1) is drilled down from a chosen table
or a query result in the data-model context to supply a multi-dimensional background for
quantitative queries. We propose an advanced technique based upon a parallel coordinate
geometry for the visual analysis of this context. In the context, users can make relative
comparisons and observe data summary patterns inside and across dimensions. Chapter
5 of this dissertation will present and discuss our methodology for the query design in

dealing with considered challenges.

3.2.3 Pairwise-Dimension Context

The pairwise-dimension context (C3, see Figure 3.1) is drilled down from chosen
dimensions of the other contexts to support correlative queries on data values in pairs.
We offer interactive query methods based on dynamic scatterplots that enable users to
observe the correlation with the detail of data summary in pairs of focus dimensions. The
theory and practice applied and developed for the context will be illustrated in Chapter 5

of this dissertation.

3.3 Discussion

This chapter has introduced a new framework for interactive data exploration through
multiple visual contexts of data models, multiple dimensions, and pairwise dimensions.
The main idea is about the integration of single visual techniques with interactive queries
into logical-frame-based exploration. With the framework deployment, users are enabled
to interact with and utilize both data models and dimensions synchronously for analyzing
different data facets, which can not only reduce the interruption of technical configuration
but also maintain flexible navigation. The proposed framework plays the key role in the

synthesis of the goals of our visual query designs for data exploration, whose details will
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be presented in the further chapters, including related works, design methods,

implementation, case studies, and evaluations.
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Chapter 4 A New Interactive Visual Query for
Relational Data Models

The use of visual queries for relational data search and retrieval is a well-known approach,
and various advanced visualization methods have been proposed to improve the quality
of such queries. Nevertheless, most current methods pay attention to constructing queries
in a single visualization context, which causes the isolation of data models and query
results in exploration procedures. Consequently, the cognitive effort of users for query
formulation and adjustment is increased, significantly in visual matching the query details
with their contexts. How to visually and synchronously represent all data models, query
formulation, and query results in a single screen of multi-contexts is a concerned

challenge in order to make great convenience for data exploration.

This chapter presents a novel visual method called MCquery for dealing with the
above challenge. This method allows query specification in the coordinating visual
contexts of data models and query results by interaction on node-link graphs of relational
data representation. MCquery enables relational data to be analysed with relative retrieval

from the incremental exploration of data models, queries, and query results.
4.1 Revisiting Visual Queries for Relational Data

The traditional table-based and form-based representations are used as simplified query
interfaces, which can support the input of query specifications and are suitable for
different databases, especially for relational data schemas. The query modules of
Microsoft Access and MySQL are the examples of providing such graphical interfaces in
database software (Microsoft 2017; Oracle 2017) (see Figure 4.1). These are essential
environment for users in observing data model details and collecting information for
query making. However, since the view of data models and the view of query formulation
are located separately, users could spend extra cognitive effort to trace and match useful

details between those views.
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Figure 4.1 The relational data query interface of MS Access 2010. The above view
displays tables and relationships, and the under view shows a form for query

formulation.

Besides the conventional query interfaces, a number of visualization techniques are
recently offered, typically in the field of query language representation. For example,
QueryViz was proposed to support SQL learning by SQL structure representations
(Danaparamita & Gatterbauer 2011), and QGraph was recommended to process relational

data queries with conceptual diagrams (Blau 2001) (see Figure 4.2).
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X
ObjType = Person A ObjType = Movie
LinkType = Actorln

Figure 4.2 The relational data query interface of QGraph. The query is based on

entities Person and Movie with relationship Actorin (Blau 2001).

While the above visual query techniques are designed to control the details of query
construction through conceptual data models, they pay less attention to further query
result analysis. The other techniques of this category are Nitelight and Dataplay. The
former was developed for semantic queries with its syntax views (Russell 2008) whereas
the latter enabled users to create a query on nested universal data tree representations with
result suggestion for query refinement (Abouzied, Hellerstein & Silberschatz 2012) (see
Figure 4.3).

student

9 grade = A
by

takes

)
grade

Figure 4.3 The relational data query interface of Dataplay. This method is about the
query correction processes that can help users to learn nested data model constraints
via the nested tree and table representations. The query is to search who are the
students taking grade A (Abouzied, Hellerstein & Silberschatz 2012).

As a type of user-friendly interfaces, Hierarchical Views (HV), which are similar
to file system views, can be found in many works, such as Polyviou, Samaras and
Evripidou 2005 (see Figure 4.4) and Tanin, Shneiderman and Xie 2007. The tables of
data models were visually converted to hierarchical elements which provide the view of

entity relation levels and the components of filtering in query formulation.
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» B3 Professors
w3 Students
w B Professors
wBClasses
» B3 Courses
» EIRooms
» B3 Grades
w3 Grades
w1 Classes
p B3 Professors
P EIRooms
w [ Courses
» EdCourses
» B1 Grades
» EJClasses
» B Courses
» EIRooms

Figure 4.4 The relational data query interface based on HV. The query is drilled
down from either Students, Grades, Classes, and Courses or Students, Professors,

and Classes (Polyviou, Samaras & Evripidou 2005).

In addition to relational databases, graph databases and key-value databases have
been being under the consideration of many user interface studies. For the features of
such data associating with semantic networks, node-link graphs are preferred in most of
the cases, and a high number of query interaction methods were successfully proposed,
such as term-network-based query intersection (Liu, Navathe & Stasko 2001; Hoeber,
Yang & Yao 2005; Seifert 2001) (see Figure 4.5) and semantic-graph-based expanding
on demands (Van-Ham & Peter 2009; Tu & Shen 2013).



Chapter 4 A New Interactive Visual Query for Relational Data Models 33

Figure 4.5 The relational data query interface based on a node-link graph. The

query is about the searching of two principal terms clustering and document (yellow

nodes). The result pattern suggested six related term clusters (red nodes) (Hoeber,
Yang & Yao 2005).

Although there are various approaches in this area, most of the current techniques
would rather focus on data exploration in the single context of query formulation than
deeply consider that exploration in association with the data models and query results. In
these cases, users have to pay much attention to tracing and matching corresponding
helpful information together, while still taking efforts to execute data exploration
procedures. Our approach, distinct from the current works, is to allow users to perform
query interaction on both data models and query results in their coordinating visual
contexts. Thus, users are able to flexibly utilize helpful information for query making
while they can still directly utilize data features for further investigation. The technique
formed by the approach is called MCquery, which will be presented and discussed

particularly in the following sections of this chapter.
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4.2 Data Model Visualization

For relational databases, data models provide significant and mandatory information for
query formulation; in spite of that, the data models represented by the current visual
techniques have not had a firmly close connection to the data exploration processes. The
views of data models are often separately located from query making areas, which can
cause the increase of users’ mental effort to observe and match useful query details
together properly. For instance, Microsoft Access and MySQL are the general tools for
data management, and their interfaces for query functions in data model views are facing
such difficulties (Microsoft 2017; Oracle 2017). Moreover, although the current
techniques can visualize table relationship information, they have not greatly supported
the further exploration based upon data instances and tuples in query result representation.
In reality, the query results are mostly visually formatted in static spread sheets and table-

based forms for browsing activities.

The following sections describe a new visualization approach for the visual
representation of both data models and query results in dealing with the mentioned
challenges. The primary approach of this technique is the constructing synchronously
operated parallel views of the data model and query result representation on interactive
node-link graphs. In this method, not only the data models but also the query results are
simultaneously visualized together in adaptable ways for data continuous exploration and

analysis.

4.2.1 Coordinating Context Views

Coordinating context views are a well-known design in graphical user interfaces.
Regularly, a couple of vertical or horizontal views enable visual navigation on overall
and detailed contexts during data exploration. The type of this design is suitable for
hierarchical and incremental browsing such as file management in Windows (Microsoft
2017) and code management in programming tools. We have adapted the interface design

to suit our data exploration methods.

The general goal of the MCquery interface is to help users synchronously watch

and interact with the visualization of both data models and query results during data
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discovery activities. The parallel views of MCquery are two main panels including a data
model view on the left side and a query result view on the right side (see Figure 4.6). The
data model view plays the role of the displaying visual representation and control
information of a data model including table names, relations, context-based query
formulation details, a filtering component and control buttons. The query result view is
to display the visual representation and details of a query result in the associated context

of the data model.
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Figure 4.6 The main user interface for the coordinating visual contexts of data

models and query results by technique MCquery.

The coordinating context views of MCquery are synchronously updated during
query formulation processes in order to maintain visual correlation properly between the
graphics of data models and query results. The visual correlation plays the key role in
supporting users to not only manage query input but also trace or observe the formulation
changes of query adjustment in further investigation. The visual correlation is maintained

by the following procedure.

Step 1: Once mapped from a relational schema and specified by a filtering
component, a node-link graph representing the tables and relationships of the model is

displayed with default colour attributes of the corresponding nodes.
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Step 2: When the query input is activated and entered on a node, this node is then
assigned a distinct colour, and the illustrated tags of an associated query command are
attached on the top and under the bottom of the node (see Figure 4.6). In the event of the
query input modified in the same relationships (no table added or removed), this step is
repeated. On the other hand, Step 1 is repeated if the query input is modified with updated

relationships (tables added or removed).

Step 3: After the query execution, besides result data, colour attributes are mapped
to the result context view for the visual representation of the associated result. Thus, the

nodes of the same table always obtain the same colour.

Step 4: When the query input is updated by the result context, the visual status of
the model graph, including the number of tables, the number of colours, and the query

tags, is transformed as well.

4.2.2 Node-link Graph Design for Relational Data Models

In the scope of this dissertation, a node-link graph refers to the graph which is drawn by
the networks or connections of nodes and links. Misue et al. (1995) indicated that a node-
link graph view includes creation and adjustment procedures. The creation refers to the
representation of the graph by using its characteristics, and the adjustment is to make the
graph adaptable to changing the values of its characteristics. When the graph changes, its
layout will be adjusted for a new display. Still, these changes can prevent users from
concentrating on the patterns of previous graphs. Misue et al. (1995) also proposed that
preserving a mental map should be considered in order to help users more easily
understand the graphs when their elements change. This theory was, then, taken into
account in many works such as Li, Eades and Nikolov (2005) and Dwyer, Marriott and
Stuckey (2006). From those results, the concept of mental map was intensely examined
in term of maintaining useful information in mind to support interaction and improve

navigation tasks (Purchase, Hoggan & Gorg 2007; Frishnam & Tal 2008).

In our design for the data-model context, the node-link graph construction is based

upon the details of the relational schema of associated data, which is adapted and
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transformed from a conceptual diagram (Entity-Relationship diagram). Figure 4.7 shows

an example of the relational schema of six tables.

Payments

Payments_ID (PK)

Customers_ID (FK)

Countries

Countries_ID (PK)

S~

Customers

Customers_ID (PK)

Countries_ID (FK)

Orders

OrderDetails

Orders_ID (PK)

OrderDetails_ID (PK)

Customers_ID(FK)

Orders_ID(FK)

Products_ID(FK)

Products

/

Products_ID (PK)

Figure 4.7 The relational schema of six tables Payments, Customers, Countries,
Orders, OrderDetails, and Products used in the samples of this chapter. PK and
FK stand for a primary key and a foreign key. The corresponding visualization of this

schema is shown in Figure 4.8.

A graph G representing a data schema (7, R) is defined as a pair (V, E), where V'is
the set of vertices or nodes, E is the set of edges or links between nodes, £ = {(u,v) | u, v
e V}, Tis the set of tables, and R is the set of relationships (see Figure 4.8). The rectangle
nodes visually represent the data tables, and the curve links between the nodes visually
represent the relationships between the data tables, including one-one, one-many, and
many-many relationships. Figure 4.8 shows a sample of the relational data model

representation for the schema in Figure 4.7.
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products

countries orderdetails

customers
payments orders

Figure 4.8 A sample of the data model representation for six tables. The name of

the tables is placed in the central of the nodes.

In the query result context, MCquery uses node-link graphs with force-directed
layouts for query result visualization. We attempt to make the query result representations
significantly concentrated on the matched tables of the data model context by applying

the architecture of data tuples and their relationships for the result graphs.
The visualization of a query result is defined as follows.
Gi=(Vi,E), Gie G’, G’=(V’,E’), V=1f(T)) + f(T2), and Emax; = [f(T1)| x [f(T2)|,

Equation 4.1

where G; is the graph representing a given pair of tables 77 and 7>, V; is the set of
the nodes representing 77 and 7>, f(T}) is the set of m-tuples of 77 involved in Q,, f(T>) is
the set of n-tuples of 7> involved in Q;, Emax; is the maximum number of the links

between the tables of O;, and Qiis i’ query.

In this method, a tuple involved in the query result is represented by a dynamic
node, which is featured to flexibly display n and m field values or n and m dimensions
(see Figure 4.9.b). The tuple details are visualized by pop-up panels. A pop-up panel is
visible when a mouse pointer goes over the node. Users are enabled to replace or switch

the label of the node by a click on a favourite dimension.
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a) A result graph without tuple details
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b) A result graph with the activated tuple details

Figure 4.9 A sample of the result graph corresponding to three tables countries

(a blue node), customers (an orange node), and products (the green nodes).
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countries_countryName countries_continent customers_customerName customers_contactLastName customers_contactFirstName

UsA America Auto-Moto Classics Inc. Taylor Leslie
usAa America | Auto-Moto Classics Inc. Taylor Leslie
UsA America Auto-Moto Classics Inc. Taylor Leslie
USA America | Auto-Moto Classics Inc. Taylor Leslie
USA America Auto-Moto Classics Inc. Taylor Leslie
USA America Auto-Moto Classics Inc. Taylor Leslie
USA America Aute-Moto Classics Inc. Taylor Leslie
USA America Auto-Moto Classics Inc. Taylor Leslie

customers_contactFirstName products_productName products_productLine countries _colkey1 customers colkey1 products_colkey1

Leslie 1999 Yamaha Speed Ships 154 198| $18_3029
Boat

Leslie 1941 Chevrolet Special | Vintage Cars 154 198 S$18_3856
Deluxe Cabriolet

Leslie 1917 Maxwell Touring Vintage_Cars 154 198 $18 3320
Car

Leslie 1936 Chrysler Airflow Vintage Cars 154 198. S24 4258

Leslie HMS Bounty Ships 1564 198, S700_2047

Leslie America West Airlines | Planes 154 198 S700_2466
B757-200

Leslie American Airlines: MD- | Planes 154 198 S700_4002
1S

Leslie Boeing X-32A JSF Planes 154 198 S72 1253

Table 4.1 The data of the query result visualized in Figure 4.9. The two tables are only
one which is separately allocated for the page width fitting.

In addition, by assigning a distinct colour for each of the tables, the corresponding
nodes of one table are filled the same colour during query operations, which enables the
query result layout to probably look concise with the data model matching (see Figure

4.9.2).

The colour design employed throughout of visualization techniques in this
dissertation is based on the categorical colour scheme of d3js library including the
category of ten and twenty colours (d3js 2017). The detail of the colour design is
presented in Table 4.2 and Table 4.3.
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Colour | Hex Code RGB Code
. #1F77B4 | RGB(31,119,180)
. H#FFTFOE | RGB(255,127,14)
#CA02C | RGB(44,160,44)
#D62728 | RGB(214,39,40)
#9467BD | RGB(148,103,189)
#8C564B | RGB(140,86,75)
. #E377C2 | RGB(227.119,194)
. #IFTFTF | RGB(127,127,127)
@ #BCBD22 | RGB(188,189,34)
. #17BECF | RGB(23,190,207)

Table 4.2 The 10-categorical colour scheme of d3js library (d3js 2017).
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Colour | Hex Code RGB Code
. #1F77B4 | RGB(31,119,180)
#AEC7E8 | RGB(174,199,232)
) | #FFTFOE | RGB(255,127,14)
#FFBB78 | RGB(255,187,120)
. #2CA02C | RGB(44,160,44)
#98DFSA | RGB(152,223,138)
@ [#D62728 | RGB(214,39,40)
#FF9896 | RGB(255,152,150)
@ [ #9467BD | RGB(148,103,189)
#C5BOD5 | RGB(197,176,213)
. #8C564B | RGB(140,86,75)
| #C49C94 | RGB(196,156,148)
O [#E377C2 RGB(227,119,194)
#F7B6D2 | RGB(247,182,210)
. #7F7F7F | RGB(127,127,127)
#C7C7C7 | RGB(199,199,199)
#BCBD22 | RGB(188,189,34)
#DBDBSD | RGB(219,219,141)
‘ #17BECF | RGB(23,190,207)
#9EDAES | RGB(158,218,229)

Table 4.3 The 20-categorical colour scheme of d3js library (d3js 2017).

4.2.3 Data Mapping for Visualization

In the context view of a data model, graph G = (E, V) is constructed by using the pairs of
Source-Target associated with the tables and relationships which are extracted from the
data schema information. The procedure of searching the relationships and forming the

nodes of G in the data mapping is presented in Algorithms 4.1, 4.2, and 4.3.
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1. procedure SetRelationships (information_schema) /* The schema information of a
given database*/

2. Links = o, e = 0 /*The list of links is initialized to be empty™*/

3. for each Rec in information _schema.Key Column_Usage /*Browse all
the records of Key Column Usage™*/

4. if Rec[Referenced Table Name] not Empty then /*if the
current table refers to another one, a connection is available */

5. Links[e++][Source] = Rec[Table Name]

6. Links[e] [Source_Key] = Rec[Column_Name] /* A
foreign key of Source™*/

7. Links[e] [Target] = Rec[Referenced Table Name]
8. Links[e] [Target Key] =

Rec[Referenced Column_Name]/*Either a primary key or a partly composite key*/
9. end if

10. end for

11. return Links

12. end procedure

Algorithm 4.1 The algorithm of setting relationships from the data schema

information.



Chapter 4 A New Interactive Visual Query for Relational Data Models 44

1. procedure IsAForeignKey (table name, column_name, Links)
2. e = (0 /*A link counter is initialized to be zero*/

3. while not (e <= Links.length && Links[e++][Source] == table name
&& Links[e] [Source Key] = column_name) /*Browse each link until reach a foreign
key of the right table*/

4. end while

5. if e <= Links.length then
6. return true

7. else

8. return false

9. end procedure

Algorithm 4.2 The algorithm of checking a foreign key from the data schema

information.

1. procedure SetNodes (information_schema) /* The schema information of a given
database™/

2. Nodes = o, v = 0 /*The list of nodes is initialized to be empty*/

3. for each Table in information_schema.tables

4. Nodes[v++][Table Name]= Table[Name]

5. c=0

6. for each Column in Table[Name].columns

7. Nodes[v] [c++][Column Name]= Column[Name]
8. if Column[Key] == “PRIMARY” then

9. Nodes/[v][c] [Primary Key] = “True”

10. else
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11. if IsAForeignKey(Nodes[v][Table Name],
Nodes[v][Column Name], Links) then

12. Nodes[v][c] [Foreign Key] = “True”
13. end if

14. end for /*Column*/

14. end for /* Table*/
15. return Nodes

16. end procedure

Algorithm 4.3 The algorithm of setting nodes from the data schema information.

In the query result graphs, the data of a node include a table name, key values, and
the tuple data involved in the query. All the values of a primary key and foreign keys of
each the tuple are compulsorily taken into account. The combination of the key values
and their table names would ensure the node to be identified by the others. These
mentioned data are used further in order to update query formulation and filter query

result graphics.

The links of a result graph are mapped from the relationships of the associated data
model graph. Once received from query execution, the query result is parsed into the pairs
of a table name and its fields. Each of the pairs is matched to the pairs of the source and
target data of the links in the data model graph for defining the connections of the

corresponding nodes.

Furthermore, technique MCquery supports indirect link representation of the query
result graphs for graphical comparing the relationships of the data models. A direct link
represents one join, and an indirect link represents many joins of a query result. The joins
are represented by indirect links when one of the involved tables in the joins is not
activated. Figure 4.9 shows indirect links between the node of table customers and the

nodes of table products.
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We assume that an underlying query is executed by the following relational algebra

operations.

TUcl,c2,...cm,c’l,¢’2,...c’n (F(T,T’)) and
F(TaT’) = O cond (T MTON STl Dol Fiaiible T,)a

Equation 4.2

where 7, T are the two tables involved in the query, and 7; is a table which might
join in the query. Then, a graph link is direct when there is no 7;, and a link is indirect
when there is a 7; in the join. The procedure of visualization mapping from the data of a

query result is given in Algorithm 4.4.

I. procedure VisResultMapping (QueryRelationship, QueryResult)
2. SourceTargetList = @, v = 0 /* A list of the pairs of Source

and Target is initialized to be empty™*/

3. for each Ri in QueryRelationship/*Browse in each
relationship*/
4. for each Rec in QueryResult /*Browse in each result

data record*/

5. v++

6. for each Tup in Rec /*Browse in each tuple of
the current record™®/

7. if SourceTargetMatch(Tup, Ri) then
/*If the tubple matches Source or Target of relationship Ri*/

8. SourceTargetList[v] [Source/Target] =
Tup/*Assign the tupple into Source or Target List at position v*/

9. end if
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10. if Full(SourceTargetList/v]) then /*If
position v sufficiently has a pair of Source and Target */

11. break/*Exit the current loop in Rec*/
12. end if

13. end for /*Tup in Rec*/

14. end for /*Rec in QueryResult*/

15. end for /*Ri in QueryRelationship*/

16. return SourcelargetList

17.end procedure

Algorithm 4.4 The algorithm of the visualization mapping from the data of a

query result.
4.2.4 Discussion

We have presented a new methodology in visualizing relational data models for query
formulation interfaces. The core technique is about automatic transforming the
information of data schemas from a database to node-link graphs in coordinating context
views and visual representing tuples in single and dynamic nodes. The main benefits of
the design are to support the convenient observing of visual correlation between query
requests and result graphs and to aid the quick performing of further exploration through

direct interaction on the visual contexts.
4.3 Query Interaction

Query interaction plays a vital role in cognitive operations for constructing and
formulating a precise query. The impacts of the cognition on users’ behaviours can lead
to the changes of exploration trends and decision making. Therefore, the query quality
partly depends upon user interface interaction activities. A query formulation process
probably mainly includes four stages exploration, construction, feedback, and
presentation (ter Hofstede, Proper & van der Weide 1996). The idea is illustrated in
Figure 4.10.
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If the result is unsatisfied, redo 1, 2

1. Exploration || 2.Construction || 3.Feedback || 4.Presentation

Formulating a query Forming a result
What is available information?
What does it mean?

Figure 4.10 A query formulation model (ter Hofstede, Proper & van der Weide
1996).

According to the model, at the first stage, a user needs to learn and gain
understanding from available information. Then, the knowledge gained of the first stage
is used for query construction and formulation of Stage 2. At Stage 3, once query
execution, if the result is not satisfied, he or she would go back and conduct Stage 1 and
Stage 2 again. Finally, the satisfying result would be normally formed in a report type at
Stage 4.

In term of interactive query formulation, a well-known classification by Wacholer

(2011) oftered three types of query formulation as follows.

o Contextualized: “indicate that characteristics of the user, setting, and domain
directly affect the development of the information need and indirectly affect the
query itself”

e [terative: refer to query reformulation and relative queries

e Assisted: refer to query expansion and query supported by relevant information.

We modify the mentioned models and make them adaptable with our interactive
visual query technique. For the query formulation model of ter Hofstede, Proper and van
der Weide (1996), we apply and integrate Stages 1, 2, and 3 in the visualization of data
models and queries through the coordinating context views. For the query types proposed

by Wacholder (2011) including contextualized, iterative, and assisted ones, we equip our
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interaction techniques with all the queries in the expectation of good supporting diverse
query interaction for users. The details of our model construction are illustrated in the

following sections.

4.3.1 Interaction Model for Coordinating Context Views

In addition to the related works above, we are partly motivated by limitations of the query
modules of Microsoft Access and MySQL (Microsoft 2017; Oracle 2017), which have
not well encouraged users to directly formulate queries on data model representation and
have not genuinely supported further data exploration. Their interaction model might be

described in Figure 4.11.

Data Model Display Query Construction Query Result Display

Figure 4.11 The query interaction model proposed for the query module of
Microsoft Access and MySQL.

We present a new model that supports data exploration by using the coordinating
context interaction of data models and query results (see Figure 4.12). Users are able to
adjust relative queries flexibly to seek their favourite information through continuous

exploration of visual representations.

Updated query information Filtered results

Data model Relative query result Query result

visualization transformation visualization

~_

Updated query information

Figure 4.12 The new model for the data exploration by interaction on the

coordinating visual contexts of data models and query results.
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According to our model, a query is firstly formulated from the data model
visualization. Once received from the query execution, the query result is visualized in
the query result context, and users could quickly navigate the favourite result pattern with
a filtering feature. For further exploration, users are enabled to adjust the query
formulation instantly and directly in the visualization of both the data model and the query
result. Searching relative results is the top priority of the continuous exploration. All
updates of the query information are displayed in the data model visualization

synchronously for managing query requests during exploration activities.

4.3.2 Interaction Model for Node-Link-Based Queries

We can informally say “Find what with what conditions” .

The requests of a query are performed by finding and condition components. The
finding function F allows users to select dimensions for display. The condition function

C enables users to enter desired values for seeking. A basic query Q; is defined as follows:
Qi=(F (fi, f2, f3,...,fn), C(c1, c2, C3,..., Cm)), and cm = (f'm, Vm),
Equation 4.3

where f, is the n"” field in the collection of selected fields for F, ¢, is the m™ query
condition in the collection of entered conditions for C, and f”, and v, are the pair of the
field and its search value of condition m™. The search values are entered by users or
suggested by the system. Referred to relational algebra operations, F is associated with

projection, whereas C is equivalent to selection.

The primary interaction used in query creation is clicks and selection. A series of
the core steps for creating the query in the data model context is illustrated in Figure 4.13

and Figure 4.14.
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Condition

a)
| 3
=
officeCode [0 »

b) cty ¥l
phone @] L2
addressLine1 =
4 i

| Ok || Cancel |
F: city, phone, addressLine,
c)

countries

Figure 4.13 The instance of a query formulation with the finding component in
the data model context. The request is to find city, phone, and addressLine1 of

offices which are located in USA.
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F: city, phone, addressLine,

a)
countries Find
®
countryMumber = » i
countryName | iEI
b) continent i e
Russia =

note
1 South Africa

[ O Uk

LS4

4 ||

F: city, phone, addressLine?,

countries

C: countryName=USA

Figure 4.14 The instance of a query formulation with the condition component in
the data model context. The request is to find city, phone, and addressLine1 of
offices which are located in USA.

The request in Figures 4.13 and 4.14 is to find city, phone, and addressLinel of
offices which are located in USA. At first, a user accesses the finding function by a right-

click on offices and selects Find on the popup menu (see Figure 4.13.a). Then, the user

selects dimensions city, phone, and addressLinel via dialog box offices for finding
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information (see Figure 4.13.b). Node offices gets in the yellow border with the annotation
above (see Figure 4.13.c). Similarly, after accessing the condition function, the user enters
word USA in field countryName on dialog box countries for searching criteria (see Figure

4.14). The complete representation of the query is shown in Figure 4.14.c.

For dealing with multiple joins in a query visualization, by recalling the formula

from Equation 4.2

TUcl,c2,...cm,c’l,¢’2,...c’n (F(T,T’)) and

F(T,T") = 6 cond (T =T Ty To<Tpe = T,

we offer a component allowing users to omit the links or relationships which do not
take part in the query, and it is about using popup menu Not involved/Involved. Users can
access the menu by a right-click on a link and select Not involved/Involved to ignore or
keep the link. The uninvolved link will be marked by a transparent colour with an

annotation (see Figure 4.15).

offices

Mot involved

'

customers

Figure 4.15 The instance of removing a link from a query. This query does not

involve the relationship between offices and countries.

Besides, for the handling of displaying a large number of tables in the data model
context, a table filtering panel is featured in order to help users select and focus on the
considered tables. Only the displayed tables are allowed to join in queries. Thus, the data

model views can be kept clear and concentrated (see Figure 4.16).
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Filter
V] countries F: city, phone, addressLine1,

[ customers offices

["l employees

V] offices

Clorderdeis countries |
[Tl orders C: countryName=USA
[ payments

["] productlines
[T] products

Figure 4.16 The filtering feature in the data model context. Offices and countries

are the two tables selected to join in the query.

In the context of query results, MCquery enables users to use the query results
directly for other related requests. The task can be done by selecting finding dimensions
with the condition values of an activated node. Users are able to explore data continuously
and quickly for further analysis without the interruption of query reformulation in the data

model context. We recall Equation 4.3 above

Qi=(F (fi, f2, f3,...,fn), C(c1, c2, C3,..., Cm)), and cm = (£'m, Vm).

Here, f,, f’n and v, are directly selected on the visual representation of the query
results for further discovery. This approach is our novel interaction method proposed for
relational query formulation, which has not been previously developed and deployed in

the area, according to our best knowledge.

For instance, a query result shows that there are three offices Boston, San Francisco,
and NYC located in US4 (see Figure 4.17.a). Now, a user would like to learn who are
employees working in Boston. To find the answer, the user does a right-click on Boston
and clicks on popup menu Find (see Figure 4.17.a). Then, dialog box Find is displayed
for the user to select table employees (see Figure 4.17.b), dimensions lastname, firstname,
and extension (see Figure 4.17.c). The result pattern shows that there are two employees

working in Boston (see Figure. 4.17.d).
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Figure 4.17 The instance of query interaction in the query result context.
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4.3.3 Incremental Data Exploration

Incremental exploration refers to processes which display small parts of a whole graph
and allow altering these detailed views to other remaining parts (Herman, Melancon &
Marshall 2000). This technique is suitable for representation of the large graph whose
details could not be shown at the same time in the same view. Each view displayed at a
time is named a logical frame, and it is greatly considered that how logical frames can be
created and allocated appropriately (Huang 1998). Figure 4.18 indicates the concept of
logical frames which will be used to guide the design in our method about constant

changes of the context views.

“.._A sequence of logical frames
The path of exploration )

1998).

The MCquery interaction process is constructed in the incremental exploration for
the purpose of enabling query making in relative and continuous steps. Consequently, the
formulation of the current query is based upon the previous one, and so their results are
relative certainly. The level of relation between the queries depends on the amount of
information reused by and of others. Therefore, we define our incremental graphs for the

relative queries as follows.

G1->G>2->G’3->... Gy, and

{Ni,L1} -> {N>,L>} -> {N3,L3} ->... {Ny,Ln},
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where G, is the graph of query n”, and N, and L, are the set of nodes and the set of
links of G, respectively.

Then, relative query O» = (F», Cy) is illustrated by:

Fn = Fn |\ Fn-] or Fn = Fn M Fn-l

Cn: Cn o Cn-l or Cn: Cn M Cn-l,

Equation 4.4

where O, is n™ query, F), is the set of the finding dimensions of n” query, and C,

is the set of condition values of n query.

4.3.4 Discussion

We have introduced a new technique named MCquery, which features novel visual
representation and flexible interaction for relative query making through coordinating
context views and node-link based exploration. According to our best knowledge, there
is, currently, no technique proposing the same method as ours in the area. The data query
tool of Microsoft Access (Microsoft 2017) and Ploceus (Liu, Navathe & Stasko 2011) are
known as the most similar software. The difference of these facilities might be influenced
by the usage purpose and the target user of the tools. While Access and Ploceus would
focus on data management and user-defined queries for experts, MCquery tool prefers to
deep exploration with flexible query making for novices and ordinary users. Relational
data in MCquery are visually represented by tuple-based-node-link graphics, not only for
data model interaction but also for relative and further discovery. The approach
effectiveness is evaluated by case studies in Chapter 6 and technical assessment in

Chapter 7.
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4.4 Visual Navigation Methods

4.4.1 Focus + Context

Technique focus + context can display details while keeping the general view of them.
This method does not change technique zooming; yet, it refines the zooming. Use of fish-
eye views is a primary way to apply the focus + context technique in node-link graphs.
The fish-eye algorithm specifies focal nodes and calculates necessary space size for the
zooming area. The remaining nodes far from the foci could be maintained in the rest space
(Noik 1993). Technique fish-eye mostly only supports to keep the general or contextual
views in the same level of the detailed view, while navigation tasks are often required to
change different context views. A number of algorithms and methods have been examined
to deal with multiple context views. EncCon of Nguyen and Huang (2005) used a
zooming + layering technique integrated with semi-transparent layers to enhance
effectiveness of the multi-context navigation. Huang and Nguyen (2008) also proposed
an innovative system combining fish-eye views and Chain-Context views for increasing
the context flexibility in navigation paths. Tu (2010) proposed view switching for context
altering support; however, differently from the mentioned other works, this technique did

not substantially focus on maintaining general views.

In our design, the general view is assigned to the data model context since the
context contains and displays all the query description including table names, field names,
search values, conditions, and relationships. By observing the general view, users can
locate what the query is being used and where the level of relationships impacts on, which
supports the management of almost whole the query. Additionally, users can drill down

or roll up the relation levels to trace exploration paths.

On the other hand, the query result context plays the role of the focus view. While
the data model view represents the general relationships, the focus view shows the details
of those with tuple representation. This view accurately indicates what the tuple of a table
directly or indirectly connects with the tuples of others, which could not be observed and

analysed by the general view. In simple words, the focus view enables to locate what a
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node is representative of the table and the tuples. These navigation activities are not trivial

for completing the query formulation and adjustment.

4.4.2 Zooming and Filtering

Zooming is a fundamental method to observe graphs in detail levels. The small parts of a
graph are enlarged to be displayed in a limited space. Technique zooming can be
classified into two groups geometric zooming and semantic zooming (Herman, Melancon
& Marshall 2000). While geometric zooming is not different from the original technique,
semantic zooming requires the context information of selected area to be displayed. Such
techniques are appropriate to the graphs encoding not a big amount of information. For
huge graphs or the graphs with a lot of details, zooming in a local area could cause the
missing of contextual or global information. For improving the simple zooming, a
filtering method is often embedded for ignoring unrelated or unused details. As a result,
the display space optimization is improved as well. A successful deployment of zooming

+ filtering can be found in Bederson, Grosjean and Meyer (2004).

For handling the display of a vast number of nodes in the query result context,
MCquery employs the zooming and filtering based upon the node-link graphs. The
zooming might affect the readable details whereas the filtering could be better for quick
switching the general and targeted views without readability influences. When the
filtering is activated, a focused node and its related neighbours would be kept visible, and
the others would be hidden. The focus zone could be easily changed for result analysis
and further exploration. Since our node-link graphics are drawn by the tuple

representation, the filtering rule is defined as follows.
It is supposed that

R={r1, 12, 13,...,1x}, x={tX1,tX2,1X3,...,tXy}, and ny={nx,nx2,nx3,...,nXy} Equation 4.5

" record of R, tx, is y" tuple of ry,

where R is the set of query result records, 7y is x’
ny is a set of associated nodes of 7y, and nx, is " node of n, and represents for tuple £x,.

Therefore, n, would be maintained if associated 7, contains a satisfying tuple.
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In addition, in order to save the display space, the division of the two context

visualizations could be customized with flexible layout demands. MCquery also features

sticky layouts which enable users to arrange the graph elements by their favourite.

Moreover, for serving multi-dimensional displays

horizontal scroll bars in the tuple panels at the activ

, MCquery provides vertical and

ated nodes. This component allows

users to watch, find, and replace a focus dimension for visual analysis.

4.5 Query Implementation

4.5.1 A System Framework for Visual Que

ries with Coordinating

Contexts
Data schema Database e SQL processing
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Figure 4.19 The proposed system framework for visual queries with the

coordinating context views.
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We propose a framework for the system implementation of visual exploration based on
coordinating contexts. The system is a web-based application running on a server side
with a database processor and a client side with query visualization mechanism. The
server-side responsibilities are to extract the schema information, process SQL, and
execute the queries while the client side is for SQL transforming, data mapping,

visualization processing, and user-interface interaction performing.

The query information received from the user interface is transformed to SQL and
submitted to the server for execution. The finding feature provides the dimension detail
for SELECT statements whereas the condition feature supplies filtering elements for
WHERE clauses. The operators implemented are equal, greater than, and less than ones.
Besides, the connection elements corresponding to the data schema relationships are
parsed into WHERE clauses, and involved tables are embedded into FROM clauses. The
query can be executed in either concrete or relative ways. The relative queries reuse the

previous results while the concrete ones run independently.

A standard SQL transformation is defined below with recalled Equation 4.3.

Qi = (F (f1, f2, f3,....,fn), C(c1, c2, C3,..., Cm)), and cm = ('m, Vm),

Thus,

SELECT f1, 12 13, oS0

FROM t, 12, 13, ...t

WHERE conl AND con2 AND con3 AND...

c1 AND c2 AND c3 AND ...

where t, € T.

The instances throughout this chapter use the Classic model database, a traditional
and popular database of MySQL. The data include the enterprise data of classic-car

retailers such as offices, employees, customers, products, etc.
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All the images of the instances about MCquery are taken from the developed
prototype of the technique. The visual demonstration is based upon D3.js, a JavaScript
library with a wide range of visualization components for DOM (Document Object

Model) manipulation (d3js 2017).
4.6 Summary

This chapter has introduced a new interactive visual technique for relational data
exploration. The primary method is based upon the model for query interaction in the
coordinating visual contexts of data models and query results. Our interaction and
visualization are designed to support exploring relational data by visual queries in the
step-by-step progress of incremental operations. In addition to using the data model
information, users are enabled to directly employ the query results to make relative
queries and adjust the exploration direction continuously without the query reformulation.
The node-link graphs representing the query results with a zooming + filtering feature
allow users to recognize related clusters and tuple relationships quickly. These patterns

could be helpful for further query adjustment.

In summary, the contributions of this chapter are about the graphical user interface
design in term of the direct manipulation of visual data elements in search-retrieval-based
discovery. The core of the conception is the integration of relative-query interaction into
node-link graph visualization. Our approach is distinct from the current works since they
have not significantly considered the parallel usages of data models and query results for

continuous discovery.
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Chapter 5 New Interactive Visual Queries for

Multi-Dimensional Data

Parallel coordinates and scatterplots are the visual techniques widely used for
representing multivariate and multi-dimensional data. While parallel coordinates is well
suited to provide the general display of a vast number of attribute values given by a large
number of dimensions, scatterplots is a right choice in the detailed comparison of pairs of
dimensions. One of the most considered issues in this area is how to quantitatively analyze
the data density caused by polyline growth in the limited space of the parallel coordinate
axes and resulted by dot increasing in the plotting space of scatterplots. The existing
visualization techniques can successfully support the comparison of data summary among
single dimensions and independent focus zones. Nevertheless, these might face
challenges in complex analytics, which require the flexibility and multiplicity of such

comparison.

This chapter introduces two new visual query techniques named SumUp, for the
statistical analysis of the multiple attributes of dimensions with the multiple ranges of the
polylines of parallel coordinates, and FigAxis, for the quantitative analysis of the focus
zones of scatterplots. The methodology of SumUp is primarily based on developing
dynamic queries by using brushing operation to deliver summary stacked bars on the
parallel coordinate axes. Users can quickly retrieve quantitative information from the data
patterns and flexibly make the multiple-attribute comparison with minimum effects of the
polyline density. SumUp is able to enhance direct manipulation on parallel coordinates in
term of statistical discovery and scalability. In FigAxis, zooming operation is adapted for
data plot density measurement with dynamic stacked bars on the scatterplot axes. Users
are enabled to quantitatively explore plotted data instances in the same space and at the

same time of correlation observing.
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5.1 Revisiting Manipulation on Multi-Dimensional Data

5.1.1 Parallel Coordinate Interaction

In most of cases, the interaction in parallel coordinates is operated for three common aims

including information retrieval, view selection, and decision making.

The information retrieval refers to the activities of searching and expressing desired
data through a series of related tasks. Conventionally, tabular-formed data and tabular-
based widgets are often used as indirect components in data specification and the parallel
coordinate input. Although the layouts are simple for implementation, they can cause the

increase of users’ mental effort in mapping raw data to the visual representation.

In order to reduce such interruption to user cognition, many latest techniques take
direct interaction into account. The simplest one might be 2D-plane-based selection,
which allows navigating polylines or instance patterns by direct drawing a rectangle zone

on selected polylines (Siirtola & Riihd 2006) (see Figure 5.1).

A A A
WEIGHT ACCEL YEAR
51400 248 19820

Figure 5.1 The direct manipulation with rectangle drawing (Siirtola & Raiha
2006).
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In visual analytics, the interaction also refers to the process of interacting with data
besides graphical user interfaces. A well-known method based upon data interaction for
enhancing information display was proposed by Artero, de Oliveira and Levkowitz
(2004) (see Figure 5.2). They used the characteristics of the frequency and density
information extracted from data to compute the noise capability of high-density
visualization and then attempted to minimize it. Thanks to this method, the polyline

density can be reduced, and so it brings tidy visualization.

Figure 5.2 The density based filtering in parallel coordinates (Artero, de
Oliveira & Levkowitz 2004).

For the interaction by user behaviours, focus+context is a favourite technique which
can be found in various visualization, including parallel coordinates. Novotny and Hauser
(2006) presented a model that can enable outlier detection at the same view of trend and
detail patterns (see Figure 5.3). The fundamental idea is to scale dimensions flexibly and

independently with respect to the current task.
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Figure 5.3 A focus+context visualization model in parallel coordinates
(Novotny & Hauser 2006).

One of the greatest challenges in the parallel coordinate display is the representing
a significant number of dimensions in a limited space. Dimensionality reduction is,
currently, highly considerable topics with the attempt of using a minimum number of the
original ‘dimensions to illustrate a maximum amount of the concerned information.
Visual hierarchical dimensional reduction is one of the typical methods proposed for
dealing with the challenge (Yang, Ward & Rundensteiner 2002) (see Figure 5.4). The
basic idea is to hierarchically organize data by a dimensional tree which users can interact

to customize the data input for usage.

Figure 5.4 A dimensional tree of visual hierarchical dimensional reduction
(Yang, Ward & Rundensteiner 2002).
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5.1.2 Scatterplot Interaction

Scatterplots is usually visualized in either 2D or 3D display spaces. While the application
of 3D models is complicated due to dimension specification, density increase, and
unfamiliar navigation (Sedlmair, Munzner & Tory 2013), the use of 2D layouts is quite
regular with friendly interfaces and conventional interaction, especially for non-spatial
data (Tory et al. 2007; Tory, Swindells & Dreezer 2009). Since our design goal is for
various target users including novices and nontechnical users, 2D models are chosen for
examination. The following are the representative works concerning the interaction on

2D scatterplots.

According to Shneiderman (1996), the useful interaction which should be
considered for a scatterplot interface might be filtering and zooming. These two
techniques are very well-known for detail-on-demand exploration in a limited display
space such as scatterplots. The uses of dynamic queries and brushing control are the
standard approaches of scatterplot filtering. The former method concentrates on the use
of widgets and control panels to create and adjust queries (Nguyen, Simoff & Qian 2016)
(see Figure 5.5), whereas the latter focuses on algorithms for optimizing data point

selection from clicks and brushes (Huang, Huang & Zhang 2012) (see Figure 5.6).

Figure 5.5 The scatterplots with dynamic queries (Nguyen, Simoff & Qian
2016).
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Figure 5.6 The scatterplots with data point selection optimization (Huang,

Huang & Zhang 2012).

To deal with the point density growth in scatterplots, zooming by fish-eye based on

points and axes is a common choice; yet, this kind of distortion is not proper for the

overlapping caused by the growth of same values of one data point (Keim et al. 2010).

Method rolling the dice is offered to reduce such overlapping by display space

transformation and query interaction enhancement (Elmqvist, Dragicevic & Fekete 2008)

(see Figure 5.7).
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Figure 5.7 The scatterplots with display space transformation (Elmqvist,

Dragicevic & Fekete 2008).
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Furthermore, in order to improve the representation of data points in 2D space, a
flow-based approach is proposed with using virtual Z dimension and local variation

(Chan, Correa & Ma 2010; Huang, Huang & Zhang 2012).

All the revisited techniques allowed scatterplots to encode and display a large
volume of information, which brings much help to users in analysis activities. As the
scatterplot characteristics strongly support the relation discovery of data dimensions in
pairs, it is widely available in many visual analytics tools such as R-Statistics
(Muehlenhaus 2012), Matlab (Majumdar 2012), Tableau (http://www.tableau.com,
2017), and Polaris (Stolte, Tang & Hanrahan 2002).

5.2 Quantitative Visualization with SumUp

Quantitative visualization is traditional and representative in statistical visual analytics
which specially handle quantitative data. In spite of the fact that there are diverse
approaches in this area such as form-based (spreadsheet), point-based (scatterplots), line-
based (slope graphs) approaches, etc., we revisit the highlights of the length-based

approach, which is the focus of this dissertation.

The most well-known visualization of the length-based approach for quantitative
data is bar charts. A bar chart refers to the chart using the bars located in the vertical or
horizontal direction to encode quantitative data. The bars can be placed in either the same
basic line or different basic lines and arranged in either the same direction or diverging
directions with individual or grouped positions (see Figure 5.8). While the use of the same
basic line is appropriate for the comparison of single targets, the other one is widely used

for the targets in pairs.

The method based on different basic lines or multiple basic lines is preferred for
multiple attribute comparison since it enables multiple analyses across items. In other
words, the method is the flexible combination of multiple same-basic-line charts (see

Figure 5.8).
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Figure 5.8 The bar and stacked bar layout with various arrangements for

visual rankings (Gratzl et al. 2013).

In the case of a multiple-basic-line graph simplified by removing basic lines and
putting the bars up together, a stacked bar chart is established. TableLens, a typical
technique in this field, is to construct an adjustable interface by multiple-basic-line bar
charts in which users can summarize and analyse the attribute values of both single and
grouped comparison (Rao & Card 1994) (see Figure 5.9). This method enables statistical
analysis inside and across dimensions. Additionally, it can be effectively combined with
other charts such as slope charts for optimizing the usage of visual ranking details (Gratzl

etal. 2013).

Figure 5.9 The TableLens layout (Rao & Card 1994).
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In our approach, we employ the stacked-bar ideas from the literature as a key guide
in the design of visual and functional components for our stacked bars to be adapted for
the parallel coordinate visualization. The remaining methods are not proposed to integrate
with parallel coordinates because their features might be not proper for saving space and
reducing density in the considered circumstances. The further sections will illustrate how
the stacked bars are visually combined with the original parallel coordinates for visual

exploration and analysis.

5.2.1 Double Layer Views

SumUp is an interactive visual query technique developed for the statistical comparison
of multi-dimensional data on parallel coordinates. The technique is based on the
interactive stacked bars embedded on querying axes to encode the quantitative data. By
using the interface of the design, users are able to perform the statistical comparison inside
and across the dimensions with multiple attributes and flexible ranges of traversing

polylines.

Dimension combination: ® And © Or Run Stacked bar opacity: Min B Max

Crigin Brand MPG Cylinder Displacement Horsepower Weight Acceleration
= ¥ 80 5 2 &
4507

L 2%

204

renault -
pontiac -
plymouth

Europe

usa~

.
Altributes

Figure 5.10 The main layout design of the SumUp user interface.
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The primary design of SumUp includes the two overlayed layers of the visualization
of parallel coordinates and stacked bars, where the parallel axes are the basic lines of the
stacked bars and the components for the attribute and range selection (see Figure 5.10).
Whereas the parallel coordinates plays the role of a main browser in the ground layer, in
the front layer the horizontal stacked bars encode the statistical results associated with the
selected ranges on each axis. The strength of this method is to utilize the vertical space
between the parallel axes and to allow users to trace the statistical results directly in the

same view of the data browsing.

The length of a total bar represents the total number of polylines based on all the
target attributes, and that of each stacked bar encodes the number of polylines given by a
corresponding attribute. The height of the stacked bars encodes the range size of the
traversing polylines selected in an axis as the input of queries. The size of a bar is
proportionally represented to the associated statistical values. As a consequence, these
stacked bars can show the statistical results towards the multiple attributes of the
dimensions, which enriches the amount of information encoded in the double layer

display of the parallel coordinates.

5.2.2 Parallel Coordinate and Stacked Bar Integration

In the character of the casual employment of stacked bars, the size, colour, and data label
representing the attribute value summary are the visual comparison principles of SumUp.
The height of the stacked bars is equivalent to the height of the associated traversing-
polyline ranges, and the length of the total stacked bars encodes the total number of the

associated traversing polylines to be satisfied the involved target attributes.

The colour variety with the defaulted scheme of ten and twenty categorical colours
of d3js (2017) assigned to the stacked bars depends upon the number of the target
attributes being used. Coloured labels and coloured brushes are corresponding to the

graphic legend of the attribute values and the traversing-polyline ranges.
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Figure 5.11 An instance of the SumUp query comparing the car models of

three representatives Toyota of Japan (green), Volkswagen of Europe (orange),
and Ford of USA (red).

Figure 5.11 shows a query example that compares the car models of three
representatives from Japan, Europe, and USA including Volkswagen, Toyota, and Ford
regarding 25-and-lower MPG (Miles per gallon) and all cylinder numbers. To perform
the query, we select all the origins as target attributes, select the three brands, then select
the associated ranges of traversing polylines as the requirement on axes MPG and
Cylinder. The result pattern indicates that there was a significant difference of the total
number of delivered models about the origins. The majority of the models were owned
by Ford, with 39 ones whereas the minority of that belonged to Toyota and Volkswagen,
with 9 and 3 ones. While all of the brands employed 4-cylinder engines, only Ford
employed 8-cylinder engines, and only Volkswagen did not install 6-cylinder engines for

their cars with the fuel economy for MPG 25 and lower.

5.2.3 Data Mapping for Visualization

SumUp extracts the geometric and graphical data from a database storing the information

of parallel coordinates and stacked bars. Once the interaction on the graph is activated by



Chapter 5 New Interactive Visual Queries for Multi-Dimensional Data 74

user activities, the related visualization details are recorded and organized in a data matrix
exclusively designed for the stacked-bar representation in integrating with the parallel
coordinates. One of its dimensions contains the axis indices, and the other contains the
indices of polyline ranges and the number of polylines with their associated attributes (see
Figure 5.12). The polyline range indices are mapped to the clustered colours and used to

serve navigation procedures.

D: | Rin le
N1z | S11 ‘ en ‘ ‘ N3j I S1j I €1
Ri1 Rjj

Di | Ni | Si1 ‘ ei1 ‘ ‘ Nij ‘ Sij ‘ €ij

Figure 5.12 The data structure for considered polyline ranges.

In the structure shown in Figure 5.12, D and R are the sets of the dimensions and
ranges of selected polylines, V;; is the number of the selected polylines in associated range
j™ of dimension i, and s;; and e; are the starting and ending points of selected range j of
dimension i”. Thus, |s; — e;| is the size of the selected range for numerical dimensions.

For categorical dimensions, s;; and e;; are one value.

Once a query is executed, its result is transferred to a structure formed for stacked
bar representation. The output of the display depends upon the number of target attributes
with the statistical summary. Figure 5.13 illustrates the data structure used for handling

the stacked bar visualization on the parallel axes.

Al Az A3 Aj
R: Ay
Rz Az
Rs Ag;
Ri Air A Ais Aj

Figure 5.13 The data matrix for stacked bar representation.
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In Figure 5.13, 4; € A is the j* set of the target attributes, and gy is the statistical

result corresponding to range R; with A4;.

In addition to the automatic mapping function, the customized data selection
component is featured for users to choose desired data flexibly for visualization and
analysis, and it can help users to specify what attributes are concentrated on the selected

dimensions as well.

The data sets used throughout this chapter are a Car data set with nine dimensions
and 398 instances and a set of the Census income data with fifteen dimensions and 9998

instances (Lic 2013).
5.2.4 Discussion

We have proposed a quantitative visualization method based upon double layer views,
the integration of stacked bars and parallel coordinates, and the mapping for geometric
and graphical data. This method enables the parallel coordinates to encode the instance
summary in the same view and at the same time, which can optimize the display space
between the parallel axes and enrich manipulation on such a user interface. This graphical
user interface plays the role of being the major base to a data browser on which further

functional components would be deployed.

5.3 Query Interaction on Parallel Coordinates with

Quantitative Approach

Parallel coordinates visualizes multi-dimensional data by a view containing parallel axes
and traversing polylines, which might cause the challenges of understanding and
interpreting the pattern meaning to users (Siirtola & Ré&ihd 2006). Applying the
appropriate interaction on parallel coordinate browsers is able to improve the
effectiveness of visual data mining and analysis. Thus, a number of interaction techniques
have proposed. Most favourite manipulations are about brushing, ordering, and scaling
(Heinrich & Weiskopf 2013). Brushing enables users to select and highlight considered

instances by drawing and dragging the selected zones on polylines and the focus ranges
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on axes (Martin & Ward 1995; Fua, Ward & Rundensteiner 2000; Hauser, Ledermann &
Doleisch 2002). This method allows the parallel-coordinate browser to be more adaptable
with dynamic views for effective navigation. While the brushing targets to the data
instance highlight, the ordering and scaling help reduce the overlapping and adjust the
density opacity of polylines (Andrienko & Andrienko 2001; Lu, Huang & Huang 2012).
In parallel coordinates, the correlative comparison of the dimensions is much considered;
however, one axis is not always placed next to the others for observing such comparison,
which causes the increase of users’ effort to trace the correlative patterns and match the
details together. Method ordering, one of the simplest ways to deal with the problem, is
to reorder the axes automatically or manually for flexible views of analytics. Another
challenge in the area is about the increase of the number of the traversing polylines
through the axes. Actually, a large number of intersection points displayed in a limited
range can make plenty of clutter in analysis views. Dimension zooming is a regular way
for polyline counting support, but not suitable in the case of overlapped polylines (Fua,
Ward & Rundensteiner 1999). The visual scalability of such clutter can be improved by
hierarchical clustering with similarity-based computation on dimensions and data

instances (Fua, Ward & Rundensteiner 1999; Andrews, Osmi¢ & Schagerl 2015).

Although the mentioned methods accomplished handling a large volume of data,
they have not substantially concentrated on quantitative comparisons. Siirtola (2000) and
Ho et al. (2011) proposed the models applying box plots and bar charts for quantitative
mining of the polyline density measurement (see Figure 5.14). Nonetheless, the
techniques were designed for the analysis based on single dimension attributes and single
ranges of polylines, which might not fulfil the sophisticated analytics requiring the

multiple-attribute and flexible-range comparison.
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Figure 5.14 The parallel coordinates with box-plot embedded for data

instance summary (Siirtola 2000).

The following sections present a visual query technique for the statistical analysis
on parallel coordinates that enables users to summarize the number of data instances by
dynamic queries and flexible density measurement. The methodology is to design
brushing-based queries embedded on the parallel axes and to encode the statistical results
by the interactive stacked bars. By employing this method, users can not only make the

statistical comparison quickly but also navigate the desired clusters of the instances easily.
5.3.1 Quantitative Visual Query Making by Brushing

SumUp query components are designed to be embedded on the parallel-coordinate axes
for data discovery manipulation. A query is created by the conventional brushing
operation. The brushing operation is adaptive with multiple brushes for selecting the
multiple ranges of the traversing polylines or intersection points to be involved in the
query. The function of the query is to compute the number of the traversing polylines

through all the axes grouped by a set of target attributes.



Chapter 5 New Interactive Visual Queries for Multi-Dimensional Data 78

The formal definition of SumUp query function is described as

follows.

* Ry is the axis of the target attributes; D’ € D and D’ B Ry, where D and D’ are the

sets of all dimensions and activated dimensions respectively.

* A = {aj|i=1,2,...n} is the set of the attributes selected from axis k, and a; is either

a single value (one intersection point) or a range of values (a set of intersection points).

* Rq = {rgjj=1,2...m} is the set of the traversing-polyline ranges on axis ¢ (Rq €

D’), and ry; is either a single value or a range of values.

Functions Sy(4, Ry) and S’y (4, D’) are to compute the statistical results by operators
Or and And. The computation by operator Or considers the polyline ranges in Ry
satisfying 4, whereas that by operator And takes both 4 and D’ into account as the

satisfactory condition for R,.

Thus, the length of the total bar at range r,;1s computed by

n
I (rg) = S(aj rg) and I(rq) = Y. S'(a;, D)
i=1 1=1
Equation 5.1

where | and I’ are the lengths resulted with operators Or and And.
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Figure 5.15 The interaction model of query interaction on the double layer views.
The parallel coordinate layer is the background for query requests and query updates
while the stacked bar layer is for statistical result representation. Users can navigate

the polylines from both the layers.

Our query interaction process is probably generalized by the model in Figure 5.15.
In order to create and adjust a query, users can directly click and brush on the
representation of the attribute values. Numerical values can be chosen by both clicking
on a single value and brushing on a range of values, whereas categorical values can be
selected by only the clicks on ordinary values (see Algorithm 5.1). Once a target
dimension and its values are established, the query function posts the request for the query
execution. Then, the query result is represented in the stacked bar layer (see Figure 5.15).
Users can navigate desired instances (polylines) and considered stacked bars by the
interaction on both the stacked bars and the parallel coordinates. The procedure of
recording the associated interaction on the dimensions and their attributes in the query

creation and update is described in Algorithm 5.1.
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Dimension

interaction activated

Click or
brush
operation

Brush

Categorical or

numerical

Numerical dimension

Save the clicked
dimension and attribute

Categorical

Save the selected L
Filtering operated

dimension and range

Target

dimension
check

Update global variables

Not a target A target

v

Algorithm 5.1 The procedure of recording the interaction on the parallel

coordinate dimensions.

The procedure of displaying the query results for the stacked bar interaction is

illustrated in Algorithm 5.2.
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1. procedure representingStackedBars(global dimensions)

2. Targets = dimensions.targets

3. for each Dim in dimensions

4. if activated(Dim) && Dim != Targets then

5. for each Range in Dim.Ranges

6. for each Tag in Tagets

7. if statisticOf(Range, Tag) > 0 then
8. Draw(Range, Tag)
9. end if

10. end for

11. end for

12. end if

13. end for

14. end procedure

Algorithm 5.2 The procedure of displaying the query results for the stacked

bar interaction.

5.3.2 Discussion

Our interactive visual query technique is well suited for the statistical analysis on parallel
coordinates in term of enhancing direct manipulation and scalability. We have found the
two techniques supporting the statistical functions on parallel coordinates including
Siirtola (2000) and Ho et al. (2011); however, they have not greatly focused on the
comparison of the multiple attributes and the flexible ranges of traversing polylines.
Therefore, the statistical queries conducted by our method in this dissertation would be

very hard to be resolved by those two.

We have introduced the SumUp query technique which is developed for the

statistical discovery associated with parallel-coordinate geometries. The technique
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enables users to perform statistical queries by dynamic visual representation. Our
approach is to build interactive stacked bars embedded in the parallel axes to encode and
represent the statistical results of multiple attributes and to equip dynamic queries with
the standard brushing operation. Thanks to the approach, users are able to analyse the
summary of the polylines arbitrarily with multiple dimension attributes inside and across

the axes.

5.4 Query Interaction on Scatterplots by FigAxis

5.4.1 Quantitative Visual Queries by Zooming

Almost the current scatterplot applications enhance the navigation function by increasing
the number of representation views (see Figure 5.16). The focus zone on the main plot is
synchronously shown in other views in different facets or different scales, which allows

users to explore data details in various aspects.

.

Figure 5.16 The linked views of scatterplots with various graphs (Heer,
Shneiderman & Park 2012).
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Nevertheless, using the multiple views might face the limitation of matching the
corresponding information of diverse views together. Figure 5.17 illustrates the procedure

of the seeking information in the multiple views.

Graphic A

Scatterplots Graphic B

Graphic C

Figure 5.17 The procedure of multiple-view matching between scatterplots

and other graphics.

For the multiple view interaction (see Figure 5.17), users are required to repeat the
procedure of mapping and matching different scales, navigation, and other relative details
many times, which causes the increase of users’ cognitive effort in visual exploration. For
overcoming the challenge, we offer an interactive visual method, named FigAxis, which
displays statistical charts in the same space of the scatterplot representation. The approach
enables the quantitative queries to be performed by zooming operation on the dimension

axes. The overview of FigAxis design is illustrated in Figure 5.18.
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Figure 5.18 The overview of the FigAxis layout design.

According to the design (see Figure 5.18), the core of this visual technique is the
reuse and share of X and Y axes of the scatterplots in order to play the role of the baselines
of the statistical stacked bars. The design method would help reduce the users’ cognitive
effort in the mapping and matching corresponding information between different graphics
during the exploration. The horizontal and vertical stacked bars encode the data plot
density of an activated zone. The focus zone of plotted data is activated by the zooming

and panning components on both the main view and the two sub views.

The length of the horizontal bars and the height of the vertical bars represent the
number of the data instances plotted in the associated zone towards target attributes. The
height of the horizontal bars and the width of the vertical bars are equivalent to the

activated zone which plots the data. Figure 5.19 illustrates the main layout of FigAxis.
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Figure 5.19 The layout of a FigAxis application for the correlative
comparison of new car model delivery in term of Horsepower and Weight with

the targets of original brands from USA, Europe, and Japan.

The query by zooming in Figure 5.19 is adjusted at 6 value ranges. It is clear from
the figure that most of the models were from USA, with all of the ranges of Weight and
Horsepower, whereas the remaining models were from Europe and Japan, with centring
at the average and low Weight and Horsepower. In overall, this was highly possible for a
positive correlation, and the majority of the models were focused on the average and low
segments of Weight and Horsepower. There was no significant difference of the number
of the delivered models towards the weights lower 2200 and the horsepower lower 72
(Hp). For Weight ranges, while Japanese brands occupied nearly half of 90, with 42
models, Europe and USA contributed 29 and 79 models respectively. On the other hand,
there was a great difference of the number of car models in the Weight ranges higher
2200. USA cars appeared the most, exclusively for the ranges over 4000. Similarly, for
Horsepower perspective, USA cars occupied the most in the ranges over 72, with the

highest at the range 72-99, exclusively for the ranges over /50 (Hp).
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For the plotted data point measurement, we offer a statistical query based upon the
zooming levels. In other words, the more the zooming in gets, the more the detailed
measurement is retrieved, and the more the zooming out gets, the more the general
measurement is retrieved. For numerical and linear data, the query Q is formally defined

as follows (see Figure 5.20 & Equation 5.2).

The zooming levels are calculated by the change of the tick range size compared to

the data display.

Vmin Vimax

o 1 2 3 4 5 6 7 8 9 1IC

a. Original status ‘ HH‘ HIH‘ HH‘ |Il ‘1 HH‘\ HH‘I HH‘ H\‘H II/

dy I
O 1 2 3 4 5
b. Zooming status ‘ | ‘ ‘ | l
LT L by i
E d; 5 .

Figure 5.20 The zooming level measurement background.

Qi=S(A,R),R={r1, 12, 13,...10}, A = {21, a2, a3,...3p},

Vmax = Vmin
d; =

= I

Equation 5.2

t
li = m-—
to

Equation 5.3

In Equations 5.2 and 5.3, A4 is the set of target attributes, a, is either a categorical

value or a discrete value, R is the set of even ranges d; of axis-plotted data, S is the
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statistical function to compute the data summary of R satisfying A, Vmax, Vmin are the
maximum and minimum data values plotted by the axis, and /; is the current zooming
level computed by customized parameter m multiplied by the ratio between current tick

range size ¢; and default one 7.

For categorical data, Q = S(4, R), where R is the set of all categorical values, and

0 is not impacted by /.

The procedure of the interaction on FigAxis with the zooming-based query is

illustrated in Algorithm 5.3 below.

Dimension

zoom activated

Single or Across

zooming
Single
Zoomon XorY
Across
Zoom on both X and Y
No Drilling down
query
Filtering operated Update stacked bars

Algorithm 5.3 The procedure of recording the interaction on FigAxis.
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5.4.2 Data Mapping

Our interactive scatterplots is designed to support up to five dimension encoding. Thus,
in the data mapping procedure, users are able to configure the considered dimensions for

favourite tasks with the data types supported as follows (see Table 5.1).

Data | Numerical | Categorical | Target
Encoding
X, Y v v
Shape v
Colour v v
Size v

Table 5.1 The FigAxis data support summary.

Since the data summary for the target attributes is represented in the stacked bar

visualization, only the categorical dimension is applied as the query target.

5.5 Visual Enhancement Methods

5.5.1 Parallel Coordinate Scalability

In this section, we discuss the visual scalability of the parallel coordinates of SumUp in
term of the display space optimization, increasing-polyline issues, and categorical-data

queries.

That the layout of the SumUp browser is the stacked bars overlayed on the parallel
coordinates might cause the loss of the visual pattern of polylines due to their overlapped
position. For dealing with this, the transparency of the stacked-bar layer can be freely
customized, which can keep both the layers clearly visible and switchable in the same

display space without the loss of the visual patterns.

Besides, SumUp applies the regular and flexible scale of the bar lengths to support
the statistical comparison inside and across axes. While the regular scale of the bar lengths
is computed with the maximum length of bars on all the axes, the flexible one is given by

the maximum length of the bar inside an axis only. Consequently, the spaces between
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axes are efficiently utilized for the stacked bar representation. Additionally, in the case of

the small-length stacked bars, their labels would be showed when the display space is

sufficient, or the mouse-over interaction is applied.

A common visual challenge of the parallel coordinates is representing a high
number of the polylines in a limited 2D space, which might cause the increase of the
pattern clutter and affect the navigation tasks. We develop an adaptive filtering feature
using the stacked-bar interaction to handle the challenge. Users can emphasize and trace
the polylines by selecting the clustered colours on the associated stacked bars. As a result,
the considered polyline clusters can be kept distinctive by the colour-based groups as the
user needs. The filtering could make the clutter decreased and appropriate for comparison

and analysis, so the navigation tasks can be performed easily (see Figure 5.21).
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a) The visual comparison with the general view of all the polylines and
stacked bars.
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b) The focus comparison with the filtered view of the instances of Income 50K
and lower, Occupation with Sales (cyan polylines), and Adm-clerical (red ones).

Figure 5.21 The filtering feature of SumUp applied in the visual analysis of
Census income data concerning Income, Hourperweek, Age, and Sex towards

Occupation.

Figure 5.21 indicates that Image (a), resulted from a Census income data set, shows
the query comparing four attributes Sales, Other-service, Pro-specialty, and Adm-clerical
of Occupation by Sex, 30-60 Age, under-40 or over-40 Hoursperw, and Income. Image
(b) is the filtered pattern of Sales (cyan polylines) and Adm-clerical (red ones) cases in
S0K-and-lower Income. Although the distribution measurement is not applied to all the
dimensions, the filtered view shows plenty of analysis useful information, especially
about Workclass, Education, and CapitalGain. For Workclass, the focused population
almost occupied their own groups excluding Private class and including self-emp-inc and
self-emp-not-inc for Sales people, and Local-gov, State-gov, and Federal-gov for Adm-
clerical ones. For Education, there was no the considered population at /st-4th level.
Levels 5th-6th, 10th, 12th, Preschool, and Prof-school were given by Sales population,
and all the remaining levels were given by both of them. Furthermore, for CapitalGain,

all of the Sales and Adm-clerical population had the profits lower /0-thousand level.

In spite of that some of the existing parallel-coordinate browsers support statistical

functions, they would rather focus on the numerical data than the categorical ones. We,
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partly motivated by this reason, delivers a statistical query feature that can work with both
of the data types. The categorical data can be mapped as either the input for creating the
target attributes or the value of the selected traversing polylines. Besides, as with other
standard browsers of parallel coordinates, SumUp is equipped with the reordering

function to support flexible organizing the axis positions for reasonable analysis.

5.5.2 Scatterplot Navigation

Due to the sharing display space of the stacked bars and the plotting zone of FigAxis, the
zooming a focus zone might result in the loss of the context view of the close proximity.
Thus, we provide the panning component to deal with the issue. By using the method,
users can swing the main view in different directions to navigate the desired proximity

(see Figure 5.22).
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Figure 5.22 The zooming and panning feature of FigAxis in the proximity

navigation.

The model of FigAxis is able to support up to five-dimension encoding including
two-axis-based encoding and colour, size, and shape based representation. We offer the
friendly filtering component of colour distribution for interaction enhancement. Figure

5.23 is a sample of the colour-based filtering.
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Figure 5.23 The colour-based highlight of the car models delivered by USA (the
green plotted points and the green stacked bars). The filtering can be activated by

a click on the considered stack bar or a data point.

For the scatterplot layouts, one of the scalability challenges is to deal with the clutter
of the data points increased by plotting a large number of data instances in the limited
plotting space. In order to avoid the issue, we propose a method, extended from FigAxis,
for correlation data summary based upon plotting data cells. The method employs the
stacked bars to be embedded in the data cells instead of on the axes, which creates a

scatterplot browser with clear and coherent views for statistical analysis.

Extended FigAxis is the matrix of data summary for representing the correlation of
a couple of dimensions (see Figure 5.24). The horizontal and vertical dimensions plot the
data cells, which contains horizontal stacked bars to encode the numbers of instances
towards the target attributes. Moreover, the scatterplots is designed to be adaptive with
fish-eye distortion, which can be helpful for the navigation in the case of the high increase

of data cells.
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Figure 5.24 The extended FigAxis layout of the visual comparison of the car

model delivery in term of Year and Cylinder.

According to Figure 5.24, the pattern is resulted by the comparison of Year and
Cylinder of a Car data set. Japan exclusively delivered 3-cylinder models at /1972, 1973,
1977, and 1980, with one model of each, whereas only Europe delivered 5-cylinder
models from 7978 to 1980, with one of each also. The 4-cylinder segment was contributed
by all manufacture origins Japan, Europe, and USA. The highest number of the delivered
models was at /1982, with 27 models including 2 of Europe, 9 of Japan and 16 of US4,
while the smallest number of that was at /970, with 7 models including 5 of Europe, 2 of
Japan and no one of USA. For the 6-and-8-cylinder market, US4 largely contributed and
exclusively delivered §-cylinder models. The most contribution of USA for 6-cylinder
engines was at /975, with /2 models, and that for §-cylinder engines was at /973, with
20 models. However, there was neither 6-cylinder models delivered at /972 nor §-

cylinder models introduced at /980 and /982.

The height of the stacked bars of extended FigAxis is designed to be eighty-percent
high to the cells, while their length calculation is based on the statistical results. We define

extended FigAxis with the additional requirement of further investigation as follows.
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It is assumed that

e X;and Y; are the two sets of the attribute values of the horizontal dimension

and vertical one, selected at step 7, and > 1,

o C(C(a; x4, yy) 1s the set of the data instances satisfying target attribute a; by the
values x; and y;, x; EX;and y; €Y;.

Therefore,

St(A,xt,yt) = ZLI(C(ai:Xt; yt) N C(aj, Xt—llYt—l))
Equation 5.4

where Si(4,x,)y:) 1s the function to compute the length of a stacked bar as the

summary of the data instances satisfying all the target attributes in 4 by x; and y.

5.6 Query Implementation

5.6.1 A System Framework for Visual Queries with Quantitative

Approach

We propose the following system framework for deploying our visual query techniques
concerning SumUp (see Figure 5.25). The framework is mostly similar to the one for

deploying MCquery. In fact, the significant difference of those is about the graphical user

interface design.



Chapter 5 New Interactive Visual Queries for Multi-Dimensional Data

Data detail Database s,, SQL processing
_ \l; . = .
= | B~ ' S
uery resu
Visualization mechanism
Q Data mapping SQL transforming
Q ﬁ Graph drawing -
c
Requested Q
query O
(O]
[S)
£
e -8
B o= L . £
- V&Y Navigation 5
]l A interaction 1l 3
g\ ik 3
Stacked bar layer Parallel coordinate layer] -2
3
O

Figure 5.25 The system framework proposed for the visual query

deployment of SumUp.

A standard SQL transformation is defined below with recalled functions S, (4, Ry)
and S’ (4, D)

SELECT DISTINCT (Target Dimension),
COUNT (instances)

FROM database.tables
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WHERE instances IN
(range Ry) //in the case of operator OR

(range Ry satisfying A, D’) // in the case of operator AND

AND Target Dimension
= A; // if the target attribute is a single value
IN (range of Aj)// if the target attribute is a range of values

GROUP BY Target Dimension

5.7 Summary

This chapter has presented two new visual query techniques for improving the statistical
functions of the visualization of parallel coordinates and scatterplots. The approaches are
mainly about the integration of interactive stacked bars with the brushing operation on
the parallel axes and the combination of sharing dynamic axes with the zooming control
on the plotting space. The former, named SumUp, serves the multiple-attribute queries
on the flexible ranges of traversing polylines on parallel coordinates, and the latter, called
FigAxis, helps to trace and match the focus plotting zones quickly and easily with the
instance density measurement. These techniques enable users to perform the statistical
tasks with plenty of useful information and rich manipulation, which contributes to
reducing the users’ attempts in the processes of visual data exploration. The case studies
and technical evaluation of these approaches will be presented in Chapter 6 and Chapter

7.
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Chapter 6 Case Studies

This chapter presents three case studies for demonstrating the implementation, usefulness,
and effectiveness of our interactive visual queries introduced in Chapter 4 and Chapter 5.
Case Study 1 is for MCquery concerning the visual data exploration with relational
models, Case Study 2 is about SumUp and FigAxis towards the visual analysis of multi-

dimensional data, and Case Study 3 is about the multiple-visual-context exploration.

6.1 Case Study 1: Visual Data Exploration with Relational
Models

This section illustrates a case study with four typical scenarios for MCquery
demonstration. The case study uses the DVD rental store data in Sakila database of
MySQL (Oracle 2017). These data are about films, categories, actors, customers,
countries, and other rental information and totally include 16 tables, which are stored

under InnoDB, a default storage engine of traditional MySQL servers.
6.1.1 Scenario 1

This scenario considers the interaction on relationship representations. It is supposed that
we would like to know who the managers of stores are and where they live. Because a
staff of a store is a casual one and might be a management staff, we need to specify which
relationship is used in the query (see Figure 6.1). The relationship via store_id plays the
role of a casual staff, so this relationship is removed (see Figure 6.1.a). The other
relationship via manager id referring to a management staff is preserved for the query
(see Figure 6.1.b). Besides, an address might belong to a store or a staff, so we must
remove the un-used relationship as well (see Figure 6.1.b). Then, we add the finding
dimensions store_id, last_name, city, and country on nodes store, staff, city, and country
for the query (see Figure 6.1.c). The result pattern in Figure 6.1.d shows that the manager
of store 1 is Hillyer, living in Lethbridge, Canada, and the one of store 2 is Stephens,

living in Woodridge, Australia.
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6.1.2 Scenario 2

This scenario proves the flexible interaction on the coordinating visual contexts of data
models and query results, which enables users to quickly adjust further queries for
continuous exploration without the query reformulation. Firstly, it is assumed that we
would like to know all the film titles and released years of the actor with last name Jolie.
After formulating the query and observing the result (see Figure 6.2.a, 6.2.b), we want to
focus on the films categorized in type name Action. We make a relative query (see Figure
6.2.c) and receive an adjusted result (see Figure 6.2.d). Now, film 7rip Newton sounds
interesting, and we are curious to know who watched it. To meet this, we just simply
update the request on the query result graph (see Figure 6.2.¢). This request is
synchronized in the data model context as well (see Figure 6.2.f). Additionally, for detail
information about the customers, we would like to know where they are from, and again
we add the request on the query result graph (see Figure 6.2.g) and see the update in the
data model context (see Figure 6.2.h). Finally, with the filtering feature, we could
concentrate on each group of the results by countries such as China and India, and the

highlighted nodes are in black borders (see Figure 6.3).
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Figure 6.3 The filtering feature applied for countries China and India.
6.1.3 Scenario 3

This part shows the query adjustment with the highlighted-dimension support. In the
beginning, we would like to find the actors with their first names in film African Egg.
After watching the result (see Figure 6.4.a), we change the finding to all the films of actor
GARY. Surprisingly, there are two actors with first name GARY displayed (see Figure
6.4.b). To identify these two actors, we add dimension last name to the query and make
the node highlighted on PHOENIX (see Figure 6.4.c). Now, we could use last name
PHOENIX for a further query such as looking for PHOENIX s favourite categories (see
Figure 6.4.d). The result is shown in Figure 6.4.e.
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6.1.4 Scenario 4

This scenario is about the ease of relationship recognition of the tuple representations. At
first, we would like to search all the films in category Children. Then, we want to see
which ones of those are in category Comedy. In the result graph (see Figure 6.5), we could

quickly recognize the five films of category Children which are also in category Comedy.
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Figure 6.5 The relationship recognition in the query result of categories Children

and Comedy.
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6.1.5 Discussion

The above scenarios are completed in convenient steps compared with the existing tools
such as the query tools of Access (MS Access 2017) and MySQL (Oracle 2017). The
general procedures of those can be summarised in Algorithm 6.1. It is clear that while the
existing tool procedure would focus on single exploration steps with text-based controls,
MCquery supports continuing discovery with interactive-visualization manipulation.
Therefore, users would have more options and flexibility in query creation and adjustment
during the addressed scenarios. The detail of feature comparison of these tools is carefully

described in Section 7.2.1 of Chapter 7.

Query adjustment

Data schema display )
Data schema display,
' - | .
g Query input
=
Query input by text in g o
table/form layout = =
S =
S <
g %
l g =3
= v g
2
Query result display in Query result 'dlsplay n S
text graphics
Query adjustment
a. An existing tool b. MCquery tool

Algorithm 6.1 Scenario completion procedures of MCquery and a data query tool
such as MS Access or MySQL.
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6.2 Case Study 2: Visual Analysis of Multiple-Dimensional
Data

This section illustrates the distinctive features of SumUp regarding quantitative analysis
on parallel coordinates. The three use cases below are about the main analysis tasks of
SumUp including multiple-attribute comparison, correlative analysis, and flexible data
support. The data during this case study are the Car data set with nine dimensions of 398
instances and a set of the Census income data with fifteen dimensions of 9998 instances

(Lic 2013).
6.2.1 Multiple-Attribute Comparison

This use case demonstrates the capability of SumUp in the statistical visual comparison
by multiple attributes with the flexible ranges of traversing polylines. This feature has not
been greatly supported by the existing parallel-coordinate browsers. The overall purpose
is to compare the numbers of the delivered models of six Japanese brands based on
Cylinder, Horsepower, Weight, and Year. Firstly, for the query formulation (see Figure
6.6), we make a brush to filter Japanese brands, then we select the mentioned ones as the
query attributes including Toyota, Subaru, Nissan, Mazda, Honda, and Datsun. From the
highlighted details of the browser, we configure the query ranges as follows. For
Cylinder, we select three filtered Cylinder numbers 3, 4, and 6. We divide Weight by three
ranges including the weights from 2500 to under 3000, the weights from 2000 to under
2500, and the weights under 2000. For Horsepower, we take two ranges including the
powers greater 80 and lower /40, and the powers lower 80. We consider two periods of

the model production including before 7980 and 7980 and after.
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Figure 6.6 The multiple-attribute comparison for the number of models of six

Japanese brands based on Cylinder, Horsepower, Weight, and Year.

Once the query is performed, the browser shows a meaningful pattern (see Figure
6.6). Generally, the models of Toyota, Mazda, Honda, and Datsun were more than that
of Subaru and Nissan. There was a significant difference in the number of the models
regarding the 4-cylinder level. Whereas all of the brands used 4-cylinder engines, with 68
totally, only Mazda featured 3-cylinder engines, with 4, and just Toyota and Datsun
featured 6-cylinder engines, with 6 totally and 3 of each. The greatest number of the
models equipped with 4-cylinder engines was for Toyota, with 23 models, compared to
just 1 model of Nissan. The number of the models for Horsepower under 80, with 45, was
slightly more than that from 80 to /40, with 33 models. For the weight aspect, the highest
figure was at the range from 2000 to under 2500, with 38, and about double times the
remaining ranges, with 18 and 22 models of 2500-3000 weights and under-2000 ones
respectively. Before 71980 the Toyota and Datsun models were produced, with over 14
models of each, more than the others, with under 7 of each; however, from 1980 to 1982
the model delivery of Toyota, Datsun, Mazda, and Honda became more balanced, with
about 8 of each. While Subaru delivered 2 in each period of the time, Nissan only

introduced 1 model in the latter one.
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6.2.2 Correlative Analysis

Parallel coordinates can show the correlative relationship between two dimensions by the
visual pattern of traversing polylines through the axes. The order of the polylines in a pair
of the axes increasing or decreasing together indicates a positive correlation while that of
the axes increasing or decreasing inversely points out a negative correlation. However,
since the considered axes are not always placed together, users need much effort to trace

and match the details correctly.

This use case explores how SumUp helps to improve the correlative comparison of
the parallel coordinates. SumUp enables the users to examine the correlative coefficients
of multiple dimensions without the impact of the axis positions. It is supposed that we
would like to analyse the correlation of Weight and MPG (Miles per Gallon), Weight and
Horsepower, and Weight and Displacement. Once the query targeting Weight attributes
is performed with the ranges of MPG, Horsepower, and Displacement, we analyse the

results as the pattern of Figure 6.7.

Displacement Horsepower Weight Acceleration Origin

5.000

@
Attributes

Figure 6.7 The correlative analyses of Weight and MPG, Weight and Horsepower,
and Weight and Displacement.
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Clearly in Figure 6.7, for the MPG summary towards Weight, the number of low-
weight models (the red, orange and green stacked bars) occupied in most of the ranges of
high MPG (25 and over), and conversely the number of high-weight ones (the blue, violet,
and yellow stacked bars) appeared in most of the ranges of low MPG (lower 25), which
indicates their relationship was reaching a negative correlation with high probability. For
Displacement, the number of low-weight models filled in the majority of the ranges of
low Displacement (lower 200), and the number of height-weight ones appeared in the
majority of the ranges of high Displacement (200 and over), which points out their
relationship was reaching a positive correlation with high probability. Similarly, the

relationship between Weight and Horsepower was a positive correlation as well.

6.2.3 Flexible Data Support

This use case illustrates that SumUp can well support for both numerical and categorical
data. We use the Census income data set, and the purpose is to explore /ncome and
Workclass towards the ages of the population in United States. We consider numerical
dimension Age as the query attributes by four ranges including the ages under 30, from
30 to under 50, from 50 to under 70, and 70 and above. All the categorical names of
Workclass and Income are selected in addition to value United States of Native, and the

result is displayed in Figure 6.8.
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Figure 6.8 The data summary with flexible data support to explore Income and

Workclass towards the ages of the population in United States.
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Generally, in Figure 6.8, there was a large difference in the number of people at the
Workclass summary; this at Private was the highest, with 6646, and multiple times greater
than that at the others, with just a few hundred. The population aged 30 to 49 years was
the most, with 3249, followed by that aged under 30 years and aged 50 to 69 years, with
2270 and 1061 respectively, whereas the smallest was of the population aged 70 and
above, with 66 people. The number of 50-69-year-old people at the level of 50K-and-
under incomes, with 7090, was mostly two times greater than that of above-50K incomes,
with 609. While the population aged 30-49 years, with 3084, was about 500 more than
that aged under 30 years, with 2519, at the level of 50K-and-under incomes, at the level
of above-50K incomes, the difference was more significant, with 7570 of 30-49 ages and
137 of under-30 ages. Overall, the population at the level of 50K-and-under incomes, with
6793, was about three times greater than that at the level of above-50K incomes, with

2275 people.
6.2.4 Discussion

The scenarios easily completed by SumUp tool in this section would face difficulties
when given to the existing tools such as Siirtola H. 2000 and Ho Q. et al. 2011. The
challenge is that these major tasks are about multiple target comparison and correlation
across dimensions, while the two mentioned tools mainly support histogram
determination with single foci. Thus, in order to complete the above scenarios, much time
and effort would be needed. The detail of feature comparison of these tools is carefully

illustrated in Section 7.2.2 of Chapter 7.

6.3 Case Study 3: Interactive Data Exploration of Multiple

Visual Contexts

This section describes how the visual data exploration framework proposed in Chapter 3
is to be deployed with our developed visual techniques. The following use cases are
mainly about the coherent linking of the visualizations and the relative analysis of the
visual query contexts. The Census income data is used in the first use case, and the DVD

rental store data is for the second use case.
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6.3.1 In-depth Exploration on Multiple Dimensions and Pairwise

Comparison

This use case illustrates how our parallel coordinates and scatterplots support further
investigation of multi-dimensional data. It is assumed that we would like to explore the
Census income data of United States in term of aspect /ncome including over 50K and

50K-and-lower classifications.
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Figure 6.9 The statistical parallel coordinates of the United States Census

income data towards Sex and Education.

Firstly, we want to know the general income distribution towards Education and
Sex. According to the parallel-coordinate pattern of SumUp (see Figure 6.9), there was a
significant difference of the number of the people having incomes at the two considered
levels. The population having 50K-and-lower incomes, with 6776, was about triple times
greater than that having over-50K incomes, with 2277. The number of the people studying
in HS-grad, Bachelors, and Some-college were highly more than that at the remaining
levels of Education. The largest population, of those, having 50K-and-lower incomes was
at HS-grad, with 2534, while the least one of that was at Prof-school and Doctorate of

Education, with a few cases. The greatest number of the people having over-50K incomes
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was at Bachelor, with 646, whereas the smallest numbers of that were at the education
levels from 7th to 12th, with a few hundred cases. In this data set of United States, the
number of the recorded Male population, with 6740, was double times greater than that

of Female, with 2913.

Afterward, we would like to have more understanding of the income distribution
between Education and Workclass through the Male population. According to the
scatterplots drilled down on the Male population by Education and Workclass, the highest
population was at Private of Workclass and HS-grad of Education; therefore, we are
eager for finding more details of that data cell in term of other dimensions, particularly

Occupation, Age, and HoursPerWeek.

Now, we would like to use FigAxis to obverse the data distribution between Age

and HoursPerWeek, with the focus on the range 40 hours and over (see Figure 6.10).
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Figure 6.10 The level-1 summary of Age and 40-and-over Hoursperweek.

According to Figure 6.10, it is clear that of 9998 recorded cases of all ages, 7776
cases working from and over 40 hours per week. 5543 of them having incomes 50K and

lower are slightly more than double times of the remaining ones having incomes over
50K, with 2233 cases.
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Figure 6.11 The level-6 summary of Age and 40-and-over Hoursperweek.

For more details of this context, at the /evel-6 summary (see Figure 6.11), it
indicates that there was a significant difference of the number of the considered cases in
the value ranges of HoursPerWeek. The greatest number of the cases was condensed at
the range of 40 to 50 hours, with 5710, whereas the remaining ranges of over 50 hours
had just around /200 and fewer cases. Meanwhile, these numbers seemed more even in
term of the working ages. There were not many differences of the number of the workers
in the ages from /7 to 54, with the highest at 3234 cases and the lowest at 2474 cases. On
the other hand, the most different number of the workers was allocated at the ages of 54

to 66 and 78 to 99. While the former had 7087 cases, the latter had just 44.
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Figure 6.12 The quantitative plotting comparison between Occupation and 40-50

HoursPerWeek.
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Continuously for in-depth exploration, we drill down the context of HoursPerWeek
with the concentration on the greatest number of working time in the ranges from 40 to
50. We concern all of the Occupation and 40-50 HoursPerWeek. By observing the final
pattern (see Figure 6.12.a), it is easy to recognize that most of the people worked 40, 435,
and 50 hours per week. We are curious to see the details of those who worked 45 hours
per week. By employing the visual enhancement with the fish-eye distortion (see Figure
6.12.b), it is clearly indicated that the largest population earning 50K-and-lower incomes
was at Craft-repair, with 54 cases, whereas that earning over-50K incomes was at Exec-
managerial, with 68 ones. The smallest number of the population having 50K-and-lower
incomes was at Tech-support, with 5 cases, while that having over-50K incomes was at
Handlers-cleaners, Machine-op-inspct, and Other-service, with 2 of each. There were no

data recorded of both Priv-house-serv and Armed-Forces in this context.

6.3.2 Multiple-Context Queries of Data Models and Multi-Dimensional
Data

This use case shows the interactive data exploration through the automatic
interconnection between logical frames and coherent operation of MCquery, SumUp, and
FigAxis.

F: title, release_vyear,
film
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Figure 6.13 The data-model context of customer, film, category, actor, and store.
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The assumed goal is to explore different facets of the DVD rental store data. From
the data-model context of MCquery, we browse the data, and then we are curious to look
for the information mainly about customers, films, categories, actors, and stores (see
Figure 6.13). We go through a number of queries such as who are the customers watching
given films, what is the category the films belong to, where is the store the films are

available, who are the actors acting in the given films, etc.

Once discovering those, we want to narrow the consideration by drilling down to a
few of data tables. They are store, film, and category with their representatives including
storeaddress, filmreleaseyear, and categoryname, and we would like to compare the total
number of films at the stores in filmreleaseyear 2006. After storeaddress is selected for
the target comparison, and the transmission to SumUp is executed, the data pattern is

clearly displayed (see Figure 6.14).

Run || Refresh || Edit | | Transfer dim. pair || Transfer to model | @ Original ' Query involved  Stacked bar opacity: Min E Max @ Background

categoryname filmreleaseyear storeaddress
L (=] B

281 Joliet Boulevard.4

@ Q@ ®
Taroet Taraet Taraet

Figure 6.14 the multi-dimension context of categoryname, filmreleaseyear, and

storeaddress.
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The significant difference in Figure 6.14 was at the smallest number of the films of
Travel, Music, and Games, with around 4500 to 4600, compared to the largest number of
films of Sports, Action, and Animation, with 6300 to nearly 7000. In term of the total
number of the films available at the stores, there was no very great difference in these,
with 43347 for the store at 47 Hanoi Way and 45023 for the one at 281 Joliet Boulevard,
which was about 2000 films unequally.

Later, we wonder what the other details of the films are available and valuable for
the exploration, so we return the data-model context. Here, we are curious about
Replacement cost, the cost customers have to pay in case of films damaged or lost, and
Rating, the audience suitability classification. Thus, we would like to learn the correlation
between Category and Replacement cost towards Rating. There are five rating levels
including G, PG, PG-13, R, and NC-17, equivalent to General Audiences, Parental
Guidance Suggested, Parent Strongly Cautioned, Restricted, and No one 17 and under
admitted. We are eager for comparing PG-13 and NC-17, so these are configured for the

target in the next stage.
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Figure 6.15 The pairwise comparison of categoryname and filmreplacementcost.

Figure a focuses on cost 10.99 whereas Figure b concentrates on cost 24.99.

After the transmission of those to the pairwise comparison context of extended
FigAxis, the result pattern is shown in Figure 6.15. The vertical axis is categoryname,
and the horizontal one is filmreplacementcost. The red color encodes PG-13, and the
yellow one encodes NC-17. There were only 5 of 2/ cost levels affected by the
comparison including 70.99, 13.99, 14.99, 15.99, and 24.99. There was no significant
difference of the number of the impacted films, with the range from / to 4 films. For the
lowest cost 10.99, the biggest number of the influenced films was of Drama, with 4
totally, 2 of each rating, while there was no film of Family, Documentary, Animation, and
Action influenced. For the highest cost 24.99, the most impacted films were of Family,
with 3 totally, / of PG-13 and 2 of NC-17, while there was not any impact on the films

of News, Games, and Foreign.

Further, we would like to know exactly the name of the impacted films of Drama

and Family in the comparison of costs /0.99 and 24.99. By transferring the considered
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values to the data-model context of MCquery, we receive the answer clearly shown in

Figure 6.16, and then we click on the considered nodes to see the film details.
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Figure 6.16 The name of the impacted films of Drama and Family in the
comparison of costs 710.99 (Figures a, b) and 24.99 (Figures c, d) visualized in the

data-model context of MCquery.
6.3.3 Discussion

Data mining through visualization is not a new subject, but always in active consideration.
In relational data application, besides of a large number of single visual techniques
proposed, many integrative tools are presented for incorporated data exploration such as
Tulip, Orion, Polaris and Tableau. The current models focus on using various kinds of
graphs for visual analysis of given data in different facets. Thus, users have been currently
accessing the diverse methods that most probably meet their exploring objectives. For
instance, statistical tasks probably work well with bar and pie charts, and object-relation
observation likely adapts with network graphs and tree maps. The flexibility of the
integrated tools brings users many benefits; however, the procedure of interconnection
establishment is still a challenge, especially for the novices who have not much technical
knowledge. The advanced tools often require programming skills in configuration of data
representation and further investigation, which can cause increase of users’ metal and

physical efforts to reach discovery goals and might interrupt continuous exploration.

In the above scenarios, the core of the procedures is for coherent exploration by
multiple visual contexts of graphics with automatic interconnection. Thus, users are able
to perform further investigation across the representations by simple interaction without

the interruption of technical setting procedure. Novices and general audiences are
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preferred by our motivation which is to create a friendly tool for a right job with various

targeted users.
6.4 Summary

This chapter has presented the typical case studies of our developed techniques in term
of functional usefulness. These visual query techniques can either work independently or
interconnect cooperatively, which is able to support both single analysis activities and
further relative investigation with the utilization of data models and multi-dimensional
data. The case study results indicate that our proposed techniques probably support and
deal with the analysis tasks addressed by the dissertation’s objectives such as information

search-retrieval, correlative observation, and in-depth exploration.



Chapter 7 Evaluations 122

Chapter 7 Evaluations

This chapter presents the procedures of evaluation for our techniques in term of space-
efficient visualization, distinctive features, and the friendliness of the techniques, which
are the empirical objectives of this research. Space efficiency is a critical key in graphic
user interface design since it motivates the attempts of increasing the amount of
information represented in a limited display space. Many of the related works revisited in
this dissertation such as in Chapter 2, Chapter 4, and Chapter 5 greatly considered and
discussed this criterion. Thus, for the evaluation section, this criterion could not be
excluded. In addition, one of the primary objectives of this dissertation is to create expert
tools for ordinary users, and all of the proposed techniques were designed and
implemented in the effort of bringing convenience to the users. Therefore, the friendliness
criterion chosen for the evaluation is definitely necessary. For creativity measurement of
the proposed techniques, the distinctive feature comparison would be conducted between

existing tools or software and the proposed tools in this section as well.

The procedures include the performance analysis, the feature comparison, and the
usability study that have been conducted with three developed techniques MCquery,
SumUp, and FigAxis. The goal of these evaluations is to observe how the developed
techniques meet the research objectives, including both application and theory aspects,

particularly for the new data exploration framework proposed in Chapter 3.
7.1 Space-Efficient Visualization

7.1.1 Dynamic Representation

We measured the space-efficient visualization of MCquery by the comparison of the
dynamic tuple representation applied in MCquery and the key-value representation
method widely applied in node-link graph visualization. The considered parameters were
the reduction number of displayed nodes and links of the two methods. To simplify the
assessment, it was supposed that the activated case was the visualization of a relational

query result R, including two tables 7;(m,n) and T>(m’,n’), where m and m’ were the
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number of instances involved in the query, and » and n” were the number of dimensions

involved in the query.

Then, the number of the nodes and links with the key-value representation were

defined as follows.

Fiw(N) =mn + m’n’

Fiw(L) =nm’n’, m’>=m

Equation 7.1

On the other hand, those numbers with the dynamic tuple representation were

equivalent to:

Fa(N)=m +m’

Fa(L) =nm’, m’>=m

Therefore,

m+ m’
r(N)=1- —_—
mn+mn
1
I'(L) =1- -
n
Equation 7.2

where 7(N) and r(L) were the reducing rates of the displayed nodes and links, which
were equivalent to the saving rates of the node-link graph display of MCquery. Figure 7.1
and Figure 7.2 illustrate the correlation between the size of the two tables and the space-

saving rates of MCquery compared to the key-value method.
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Figure 7.1 The space-saving rates in term of the link display of MCquery.

The Figure 7.1 indicates that the space-saving rates in term of the link display were
always higher 40 percent when there was more than one dimension in 7> evolved in the
query. However, MCquery method had no impact on the saving display space in the case

of only one dimension of the two tables involved in the query.

To simplify the space-saving assessment for the node display, it was assumed that

the parameters in the following table were chosen for 77 and 7>.

Variables m n m n

Values 100 1 1-100 10

Table 7.1 The parameter values chosen for the space-saving assessment in term

of the node display of MCquery.
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Figure 7.2 The space-saving rates in term of the node display of MCquery.

The Figure 7.2 points out that the space-saving rates in term of the node display
were always higher 40 percent when there were more than ten instances in 7> involved in
the query. Nonetheless, the rates were lower 40 percent in the case of only one dimension

of the two tables involved in the query.

7.1.2 Layering Display + Sharing Axes

We evaluated the space utilization of SumUp and FigAxis by the capability of the number
of graphs displayed in the space of a basic graph or the background of a graph. The
considered basic graphs were parallel coordinates and scatterplots, which are the two
typical characteristics of the visualization methods applied in SumUp and FigAxis. The
following paragraphs are the discussion about the features of the display layering and the

axis sharing for the space utilization of the two methods.

The display layering is a well-known technique in the enhancement of showing
multiple graphs within a limited display space. In theory, a layer can represent more than

one graph type, yet in practice, that number is often kept at one due to the clear-view
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maintenance and high-overlapping prevention. In our designs, the employment of double

layers is to increase the number of displayed graphic types at least twice in a single view.

The axis-sharing method is a simple idea, but a compelling solution in the space
optimization, especially in parallel coordinates and scatterplots. This approach can
support the enhancement of the number of displayed graphs or charts and meanwhile

reduce the axes associated with those.

For SumUp, the increase of the number of the displayed stacked bar charts
Nitackedgraphs 1S @ positive correlation related to the number of the activated dimensions

Naimensions of the parallel-coordinate display space, which is equivalent to

Nstackedgraphs = Ndimensions and

Ndisplayedgraphs = Ndimensions T 1

Equation 7.3

For the scatterplot visualization of FigAxis, those numbers are

Nstackedgraphs =2 and Ndisplayedgraphs =3.

The axis-saving ratio of FigAxis is fifty percent (50%) in the case of a standard

scatterplot visualization embedded with two stacked charts. It is

Nusedaxes / Nthoeryaxes: 2/4

where Nysedaxes and Nioeryaxes are the number of the empirically used axes and the

number of required axes in theory respectively.

That rate of SumUp is also 50 percent (50%) in the case of a parallel coordinate
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Nusedaxes / Nthoeryaxes = Ndimensions / (Ndimensions + Nstackedgraphs)

» Nusedaxes / Nthoeryaxes -1/2.

7.2 Distinctive Features

We assessed the distinction of our interactive visual queries by comparing their features

to the current similar tools.
7.2.1 Relational Query Making through Node-Link Graphics

We conducted the feature comparison of MCquery and the current similar tools including
the visual query tool of Microsoft Access (Microsoft 2017) and Ploceus (Liu, Navathe &
Stasko 2011). The result is illustrated in Table 7.2 as follows.

Features . . Node-link Direct Further
Visual queries . . . . . c .
manipulation | manipulation | investigation
Tools
Model-based
MCquery Graph-based Model-based Yes and
Query-result
based
Visual query tool
of Microsoft
Form-based Model-based None None
Access
(Microsoft 2017)
Ploceus
(Liu, Navathe & | Graph-based | User-defined None Qu(i)rgs-;zsult
Stasko 2011)

Table 7.2 The feature comparison of MCquery, the visual query tool of Microsoft

Access, and Ploceus.

According to Table 7.2, MCquery featured the direct manipulation and supported

the further investigation on both the model representation and the query result
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representation, while the Microsoft Access tool and Ploceus did not feature the direct
manipulation, and one of them only supported the further exploration by query result
visualization. The difference of these facilities might be influenced by the usage purpose
and the target user of the tools. MCquery provides the common data exploration features
for non-technical and novice users, whereas the Microsoft tool is mostly for the expert
database management, and Ploceus focuses on the practicing and experimenting user-

defined queries for experienced users.

7.2.2 Quantitative Query Making through Parallel Coordinates

As discussed in Chapter 5, the two tools of Siirtola (2002) and Ho et al. (2011) are
currently considered to be the closest to our tool SumUp. Thus, we created the feature
comparison of SumUp, the tool of Siirtola (2002), and the tool of Ho et al. (2011), which

1s shown in the following table.

eatures | Mean/Median | Flexible | Multiple | Correlation | Query | Histo-
determination data targets across opera- | gram
Tools support dimensions tors views
queries
SumUp v v v v v
Siirtola
v v
H. 2000
Ho Q. et
v v
al. 2011

Table 7.3 The feature comparison of SumUp, the tool of Siirtola (2002), and Ho et al.
(2011).

Table 7.3 indicates that only SumUp supported the flexible-data queries (the queries
for both numerical and categorical data), the multiple target comparison, and the
correlation tracing across dimensions. Whereas Siirtola (2000) and Ho et al. (2011)
concentrated on the mean-median determination with single targets, SumUp focused on

the data summary with multiple targets across dimensions.
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7.2.3 Quantitative Query Making through Scatterplots

With our best knowledge, we could find neither technique nor tool which is similar to
FigAxis and extended FigAxis. FigAxis is a technique enabling to quantitative queries by
the direct zooming on a plotted-data zone with the sharing scatterplot axes. Certainly,
FigAxis is a basic method which is offered and experimented independently, so it would

be essential to be under further tests and refinement for widespread deployment.
7.3 Friendliness of Techniques

We evaluated the friendliness of our techniques by qualitative user studies in term of the
ease of use, usefulness, interesting visualization, and the user preference. As mentioned
in the objectives of this dissertation, non-technical and novice users are preferred by our

approaches.

7.3.1 Query Making with Node-Link Graphics

MCquery is developed for the querying data which is converted from ER model. This
model is a favorite study subject of diverse courses such as information technology (IT)
and business administration (BA) in universities and colleges. Therefore, our idea is to
evaluate the friendliness of the technique by a user study on the undergraduate students

of the two above majors.

We recruited 24 participants, with 10 from IT and 14 from BA, including 9 men
and 15 women. These IT students studied ER model, database theory, database
management (Access and MySQL), and query languages (SQL — Structured Query
Language), whereas the BA students had the knowledge only about ER model application

for information system management.

The experiment lab featured workstation desktops, HP Compaq PCs, and LCDs,
with Intel Core 15 and Windows 7. An MCquery system was hosted on a local server and

accessed via the web browsers of Google Chrome v.54.0.
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Firstly, the experiment goal, the functions, and the how-to-use procedure of
MCquery were introduced to the participants. Then, they had 15 minutes to practice and
play with MCquery on sample data to become familiar with the tool. When ready, every
participant was asked to perform the four tasks of the use cases of MCquery in Chapter
6. Their time for completing all the tasks was recorded, and a questionnaire was delivered
to receive their feedbacks. The questionnaire was mainly about the qualitative
measurement in term of the ease of use (A/A’), usefulness (B/B’), interesting
visualization (C/C’), and open questions about pros and cons of the using MCquery,
where A, B, C and A’, B’, C’ refer to the criterion associated with the IT group and the
BA group respectively. The used grading system was based on Likert with the domain

from 1 to 7 for completely-disagree to completely-agree assessment.

Overall, the results were optimistic with 6.2 (Mean) for the ease of use, 6.1 for
usefulness, and 5.8 for interesting visualization. The detailed comparison between the IT

and BA groups is illustrated in Figure 7.3.
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Figure 7.3 The detailed comparison between the IT and BA groups on the
MCquery feedbacks.

According to Figure 7.3, the mean grades (the dash lines) of the IT group were 6.1,
5.8, and 6.3, while those of the BA group were 6.2, 6.4, and 5.5, respectively to A-B-C
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and A’-B’-C’. In general, there was no significant difference of the mean grades of the
two groups. The ease-of-use feedbacks were almost same, with 6.1 and 6.2 of IT and BA.
There were slight differences for the remaining feedbacks. For the usefulness, the IT
group marked 5.8 while the BA marked 6.4. Inversely, for the interesting visualization,

the IT group assessed 6.3, whereas the BA one assessed 5.5.

The open comments of the BA group were mainly that people could easily get the
finding information and desired data from the management diagram (ER diagram) with a
minimum of IT background, and many of them felt interested in the interaction by the
direct clicks on the images. For the improvement feedbacks, this group suggested that
there should be more statistical functions to be more helpful in BA tasks and needs, and
a few of the participants did not like the layout of the query results in the case of the rush
exploration with a big network graph. On the other hand, the comments of the IT group
were mostly that the queries by the click action was simpler and faster than the queries
by text-based commands such as SQL, and they could explore ER-model based data
instantly without the database configuration like the usage procedures of Access and
MySQL. For the constructive comments, this group said that in the case of the increased
node-link clutter, besides the currently featured navigation, there should be more other

options to deal with it, and the dynamic animation was not smooth sometimes.
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Figure 7.4 The task completion time of the MCquery usage for the IT and BA

groups.
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Overall, the positive feedbacks were resulted by the simple and direct manipulation
of MCquery on ER model based visualization, which does not require the technical
knowledge or deep experience in usage. The average time for the task completion of the
IT and BA participants was 3.8 and 5.5 minutes respectively and was 4.8 for all the
participants (see Figure 7.4). These results were positive. Although the time of the BA
group was nearly half greater than the IT group, it is still considered as a short time to
deal with all the tasks. The time difference might be because the IT students were familiar
with the graphic interaction more than the BA ones, especially for the network layout.
This situation might be a reason to support the fact that the fastest completion belonged
to the IT ones, with around 2 minutes, and the longest work was from the BA group, with

around 7.3 minutes.

The suggestion of the statistical functions was quite reasonable, and it seems
favorable for the BA-driven professional tools. Thus, such an idea is valuable for the
further development since MCquery is, currently, a general exploration tool with the
common tasks concentrated on the information search and retrieval. The scalability of the
MCquery layout was mentioned by both the groups. In fact, the visual scalability is an
easily found challenge in information visualization in the case of the displaying a large
number of visual objects in a limited space. The core method of MCquery helped to save
the display space in some aspects which were evaluated in Section 7.1.1, and the visual
enhancement was carefully considered as well. The filtering and zooming feature of
MCquery would probably help in most of the cases only when they are applied to each
query instead of after a set of queries. In other words, the explore-filter-explore procedure
would be better for the display space than the explore—explore—filter way. For the
dynamic animation that can impact on the interesting visualization criterion, the
commented issue would be significantly improved when the system is hosted on a real

server and accessed via updated web browsers.

7.3.2 Query Making with Parallel Coordinates

As discussed in the previous sections, the characteristic of SumUp is distinctive from the
existing parallel coordinate browsers. At this stage of the research, we evaluated the
friendliness of SumUp in term of the ease of use, usefulness, and interesting visualization

by a qualitative user study.
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We recruited ten participants including four women and six men in ages from 23 to
40. All of them were from engineering and computer science and had experience in the
statistical analysis by many kinds of graphs including stacked bars and bar charts. While
two of them had the practical knowledge of parallel coordinates, the other eight

participants were the novices in it.

The experiment lab featured workstation desktops, HP Compaq PCs, and LCDs,
with Intel Core 15 and Windows 7. A SumUp prototype was hosted on a local server and

ran on the web browsers of Google Chrome v.54.0.

After given the experiment goal, the introduction of parallel coordinates, the
features of the SumUp browser, and the usage instruction of it, the participants arbitrarily
used the SumUp browsers to play and explore the Car and Census income data sets in 15
minutes. Once getting well familiar with the tool, the participants were required to
complete the three tasks of the use cases in Chapter 6 including the tasks for multiple-

attribute comparison, flexible data support, and correlative analysis.

Then, after the task completion, their feedbacks were recorded via a questionnaire
for measuring the ease of use, usefulness, and interesting visualization of SumUp. The
used grading system was based on Likert with the domain from 1 to 5 for strongly-

disagree to strongly-agree assessments.

The results were quite positive with 4.5 (Mean) for the ease of use, 4.6 for the
usefulness, and 4.3 for the interesting visualization. The open feedbacks indicated that it
was easy to make the statistical queries by the click and brush action and make the
comparison by the stacked bars, and they could quickly compare many attributes at the
same time on the multiple axes. The constructive comments were that there should be a
feature like a browsing history to trace and compare the correlation and changes of the
visual patterns, the filtering by multi-criteria-based classification should be considered on
the axis ticks, and the statistical proportion should be added for more flexible data-label
display.

In general, the high satisfaction from the participants was due to the simplicity and

friendliness of the SumUp usage, though a majority of them had little experience in it.
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The conventional click and brush action on the parallel axes made the query creation and
adjustment quite simple and fast, and the observation of the statistical comparison was
supported well by the developed stacked bars, which are a quite regular chart type of this

arca.

The constructive comments recorded from the user study would be significantly
valuable for the SumUp improvement. During the data discovery process, the users might
be either forget previous steps or pay much effort to connect the concrete query results;
therefore, a browsing history might be useful to help the tracing and matching the relative
results. Another limitation is that the displaying a large amount of data in an axis might
cause the overlapping of the scaling tick marks and labels. Although SumUp featured the
colour-based filtering, the users might face the difficulty in the case of the high density
of the scaling ticks. The multi-criteria-based classification could be a good option to make
the query details more concentrated, especially in the query formulation and the
adjustment steps. Another finding is that most of the non-technical users preferred

watching the bar charts to observing the polyline patterns.

7.3.3 Query Making with Scatterplots

One of the key objectives of the query design with the scatterplots is to reduce the users’
effort in observing and matching the details between the plotted-data pattern of the
scatterplots and the pattern of the query results. The proposed technique FigAxis is to
overcome the limitation of the multi-view layout in term of the addressed aspect.
Therefore, we conducted a comparison survey for the friendliness measurement between
the single advanced layout of FigAxis and the layout of multiple views. In the scope of
this study, a multi-view layout refers to the layout in where the plotted-data pattern of the

scatterplots and the pattern of query results are located in single views linked together.

The questionnaire serving for the study is mainly about four criteria below:

e (A/A’) How easy to navigate the focus zones of data plots?
e (B/B’) How easy to recognize the difference of various dimensions?
e (C/C’) How easy to track and match the data density measurement between the

dimensions and the focus zones?



Chapter 7 Evaluations 135

e (D) What is your preference?

A, B, Cand A’, B’, C’ are for the concerning of the FigAxis layout and the multi-
view layout respectively. We recruited 9 participants, including 4 women and 5 men, with
the ages of 26 to 34 years; all were graduate and well knew the visualization of scatterplots

and bar charts. The survey procedure was deployed as follows.

The participants were given an introduction to the meaning, goal, and method of
the study. Then, all of them carefully watched the pairs of photos via the vertically dual
screens, where the left one was a use case of the FigAxis layout, and the other right one
was a use case of a multi-view layout. The used multi-view layout consisted of a single-
standard-scatterplot view horizontally placed between two vertical-stacked-bar views.
The participants were allowed to watch the photos as much time as they want, and when
being ready, they used the questionnaire to express their feedbacks. The used grading
system was based on Likert with the domain from / to 7 for the completely-hard to

completely-easy assessments.

In general, all the participants preferred to the FigAxis layout, which was not out of

our prediction. The detailed result is shown in Figure 7.5.
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Figure 7.5 The feedback result of the friendliness comparison between the

FigAxis layout and the multi-view layout.
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It is clearly shown in Figure 7.5 that there was a great difference in the mean grades
(the dash lines) for the focus zone navigation. The FigAxis layout received 5.8 (A), while
the multi-view layout had 2.6 (A’). The scores might reflect that FigAxis well supported
the focus zone by the zooming+paning navigation, whereas the multi-view layout had no
such a feature. The focus-context flexibility is the strength of FigAxis, while this seems
to be the hardest task by the other. There was a small difference in the mean grades for
the various dimension identification. The FigAxis layout had 5.4 (B), whereas the layout
of multiple views had 4.1 (B’). This criterion was the best score of the multi-view layout,
yet still not good as FigAxis. As with the first criterion, there was an important difference
in the mean grades for the data summary tracking and matching. FigAxis got 5.9 (C), the
highest score, while the multi-view layout got 3.2 (C’).

The open comments confirmed that for the multi-view layout people need to move
their eyes and to change the views frequently to find and match the considered
information among the views, whereas with FigAxis there was no much such effort due
to the close and flexible positions of the stacked bars and the plotted data points. For the
constructive feedbacks, they were almost about the difficulty in specifying the zooming
levels due to the unstable control of the scrolling wheel of mouse devices. Specifically,
the mouse wheel was scrolled, yet the zooming did not show the effect. For such an issue,
we tested and classified it as the objective consideration since either the mouse wheel was

not maintained carefully or the users made the manipulation mistakes.

7.4 Discussion

This chapter has presented the evaluations of our developed new techniques in term of
the space-efficient visualization, the distinctive features, and the friendliness of the
techniques. The overall results were quite optimistic towards the goals of this dissertation,
and the limitations were carefully addressed as well. Of course, what has been done of
this research up to the present time is just in the beginning stage of long-term studies, and

the achievement still needs the further advanced works for the widespread deployment.
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Chapter 8 Extended Work

This chapter presents a dynamic and interactive query system applying double layer
display, zooming, and brushing features. Notwithstanding that this additional work is not
a primary contribution to the goal of this dissertation, its theory and practice are closely
related to the visual queries developed for the data analytics presented in the previous

chapters. We illustrate the query method via topic multiple-tag visual rankings.

The multi-tag-based search is quite popular on collaborative websites and sharing-
online-content systems. For this kind of search results, the challenge is how to compare
the grouped-tag values of tag collections on heterogeneous alternatives. This chapter
introduces a new visualization approach named Qstack for dealing with the challenge.
Qstack’s purpose is to help users to rank multi-tags visually based on the grouped-score
combination within and across the categorized alternatives. The methodology applying
interactive stacked bars, dynamic queries, and an adaptive focus+context technique
enables users to create and adjust the grouped-tag rankings of a vast number of the
heterogeneous alternatives. A case study on the Flickr photo award allocation will be
presented for the Qstack demonstration. We conducted a qualitative study for evaluating
the Qstack effectiveness, and the result indicated that our approach is probably useful for

the multi-tag rankings.
8.1 Introduction

Along with the development of social networks, the multi-tag-based queries are becoming
popular for meta-data construction and information seeking such as the photo search on
Flickr and the book search on LibraryThing (https://www.flickr.com/, 2016;
https://www librarything.com/, 2016). The characteristics of a multi-tag-based search
might lead to a heterogeneous result which includes both the totally satisfying items and
partially satisfying ones. Normally, the total satisfaction is concerned; however, in the
sophisticated analytics, the remaining ones might be valuable as well. For instance, we
are looking for books by terms hacker, internet, security, and secret and receive a number
of diverse books. Besides the four-tag-satisfying books, we might be still interested in the

three-or-two-tag-satisfying ones. Furthermore, the multi-tag values could be used to
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support decision-making procedures. For instance, in a photo association, using the scores
of tag values towards topics to rank members is essential for judges to make decisions on
annual award allocation. The topics could be formed by single tags and the groups of tags,
which would lead to the heterogeneous alternatives. Our motivation is to deal with the

challenge of analyzing the heterogeneous items given by flexible sets of considered tags.

For the generalization of the topic, the multi-tag comparison is referred to the multi-
attribute comparison due to the similarity of score computation algorithms. We have
studied the multi-attribute visual ranking techniques and believe they would be useful to
display given items in visual patterns for analysis. The existing visual ranking tools can
well support the combination of single or individual attributes such as Gratzl et al. 2013;

nonetheless, they have not aided the rankings of the grouped-attribute combinations.

We propose technique Qstack, which enables to rank and analyze the grouped-tag
combination within and across the categories of given items. Our methodology is to
develop the visual rankings of multi-tags based on a chain of multiple stacked bars and
dynamic queries. By employing an adaptive focus+context feature, users are able to

navigate combined tags and clustered items easily during exploration.
8.2 Review of Tag Visualization

A tag is a word or a group of words assigned to online items or extracted from a text
collection. While the multi-tag layout is commonly represented in lines, circulars, and
clusters, the tag frequencies are visualized by text font sizes and colors (Clark 2008;
Lohmann, Ziegler & Tetzlaff 2009). Tag cloud visualization is a well-known approach
for analyzing text collections at a single time point and over time series. The combination
of trend charts and tag clouds is a typical method proposed for the overtime tag
comparisons (Cui et al. 2010; Lee et al. 2010). The charts show the change in the tag
usage, and the clouds display the representative key words of the tags via force layouts.
In addition to the trend charts, parallel coordinating visualization was offered for faceted
text collection analysis (Collins, Viegas & Wattenberg 2009). The tag clouds of this
visualization were represented in multiple columns, the associated items were visualized
in stacked bars, and the tag relations were displayed in colorful lines, which can support

tag-relation observation across collections. Besides, tag relationships could be analyzed
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by hierarchical networks with a semantic model (Di Caro, Candan & Sapino 2011). For
the tag-based search, the clustering algorithms were usually used for improving such
search results (Begelman, Keller & Smadja 2006; Hassan-Montero & Herrero-Solana
2006; Zubiaga 2009). For dealing with the variety of online information, the tag clouds
could be combined with multi-graph interaction to improve navigation processes (Dork

2008).

The target of the current approaches almost focuses on the visual comparison of tag
values for the query refinement and the text collection mining; however, the challenge of
how to use the tag values to support choosing a right item in a heterogeneous collection
has not been addressed deeply. With the motivation, our study aims to deliver a
visualization technique which enables to analyze, compare, and rank the items towards
the groups of the tag values. These operations could help to choose a suitable alternative

in a heterogeneous collection.

The current works would rather support the single-attribute or single-score
combination rankings than consider the rankings based on grouped attributes or grouped
scores. The grouped-score rankings are essential when the analytic criteria concentrate on
sets of attributes instead of single ones. This chapter addresses such a challenge via the
case of multi-tag rankings with the grouped-tag comparison and proposes an interactive

visualization method for the multi-attribute ranking of the grouped-score combination.
8.3 Ranking Visualization Technique

8.3.1 Basic Design and Interaction

Qstack is an interactive visualization technique developed for the multi-tag rankings by
grouped-score comparison. The technique constructs the chains of stacked bar charts with
focus+context features which are synchronously displayed in a single screen for visual
analysis. By employing the design, users are able to analyze both inside and across the

clusters of given items concerning the groups of tags.
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Figure 8.1 The basic layout design of Qstack.

The general design of Qstack is a serial stacked bar representation controlled by a
query panel (see Figure 8.1). The visual representation includes a context side at the
bottom as the sub view and a focus side at the center as the main view. In the context side,
the height of bar charts encodes the total score of all grouped tags as the rank of all the
given items, whereas the stacked bar charts in the focus view visualize the original
distribution of the tag values for single tags and grouped tags. The total height of the

stacked bars encodes the grouped scores of the tags (see Figure 8.2).

For the ranking control, Qstack features a dynamic query panel and interactive bars.
The query panel supports creating and adjusting the visual comparison. The operations

are listed below.

e Multi-tag Load: to load the relevant items towards all considered tags,

e Stacked, Multiples, Flexible scales: to change the layouts between the
stacked bars and multi-baselines with flexible scales,

e Entire, Group Priority: to assign priorities as the weights on entire tags and
grouped tags,

e Grouped-scores: to switch between the grouped-score comparison and the
single-score comparison,

e Data column: to list all tags and its encoding colors,

e Sort column: to sort the results in order by the single or total scores of tags,
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e Group column: to combine the tags for the grouped scores,
e Dis.(%): to show the distribution of the tag values on each item,

e Cluster: to cluster the results towards all groups of the tags.

Users can observe the detail of the tag values by moving a mouse pointer over the
corresponding bars. The activated bars will be then highlighted in both the focus and
context views for the item tracing. The identified information of the items is displayed

only when the horizontal space is sufficient.

8.3.2 Grouped-Score Rankings

The strength of Qstack is the ability to compare and rank the grouped scores of tags
flexibly. Users are able to combine the tags visually to a group, assign the group weights,
and analyze the ranking patterns of the given items (see Figure 8.2). The ranking patterns
in the focus view are the double-layer stacked bars consisting of the original scores of
entire tags displayed in the bright transparent background and the grouped scores of
combined tags displayed in front. The design enables users not only to keep the tracking

on total rankings but also to observe the causes from the sets of tags.

Additionally, the ranking component allows users to cluster and navigate the given
items quickly towards the groups of tags. All the clusters are aligned in a serial order by
user demands. Therefore, the comparison of the multi-tags could be analyzed both inside

and across the clusters.
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Figure 8.2 An instance of the grouped-score visual ranking.
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The formal definition of the rankings is based on the grouped scores of tag sets 4
and 4’ on each item with W and W’, where A={A;|i=1,2...n} is the entire considered tag
values, A’={A;|j=1,2...n’} is the sub set of 4 grouped by the users, and W and W’ are the
given weights on 4 and A4'. It is supposed that C and D are the sets of the given items
where C satisfies all the tag values, and D partially satisfies the tag values. Thus, we
compute the total scores G(Cyx), G’(D,) for Cre C and D, e D by

n n/
G(Cx) = W = Z S(Cx, Ai) + W' * Z S(Cx, A)),
i=1 =1

m m’
G'(Dy) =W ) S(Dy,AD) + W'+ " S(Dy, A)
i=1 j=1

Equation 8.1

where S is the single score of a tag value on one item, m <nand m’'<=n".
8.4 Visual Enhancement

For handling a large number of items displayed in the limited horizontal direction, Qstack
applies zooming with brushing, a powerful focus+context navigation technique. There
are two brushing components of Qstack including the navigation menu and the
customized brushing (see Figure 8.2). The users can either click on the navigation menu
to jump quickly to a zoomed cluster or directly customize the width of the brushing
rectangle and drag it to a focus area. While the former method is appropriate for individual
cluster access, the latter one is useful for the flexible focus on the details across the

clusters.

The entire tags and grouped tags are represented in the double-layer stacked bars
with the same baseline, which supports to save the vertical space of the focus view (see
Figure 8.2). For dealing with a wide range number of the tag values represented in the
stacked bars, Qstack provides a multi-tag filtering function. The highlighted tag bars are

kept visible whereas the remaining bars are converted to a transparent layer (Figure 8.3).
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Figure 8.3 A stacked bar chart with multi-tag filtering (The green bars and orange
bars are highlighted whereas the others are getting transparent).
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Figure 8.4.a A normal scale view. Figure 8.4.b A flexible scale view.

Figure 8.4 The scaling components of Qstack.

Furthermore, in order to support the multi-tag comparison across the items, the
stacked bars can be transformed to a multi-baseline chart with flexible scales (see Figure
8.4). The flexible-scale function improves the vertical space usage by adjusting the height
of each bar towards the highest one of the same baseline. Besides, this component is
helpful for the users to recognize the missed or unapplied tag values in an item or of a

cluster.
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8.5 Data Mapping

Qstack extracts the used data from a database where the tag information is stored with the
details of user identification (ID), tag names, and the number of tag frequencies. Once
normalized from the tag frequencies, the tag values are organized in a two-dimension
matrix appropriately designed for the stacked bar visualization. One of the two
dimensions contains the user ID, and the other contains the single tag values, the total tag
values, and the tag set indices. The tag set indices are used to categorize the given items
and serve the navigation feature. The number of the tag set indices is the number of the
sub sets of n tags defined by p = Y.}_; C(n, k). In order to reduce the item clutter, the

navigation function is implemented according to k instead of p.

The data used for the instances throughout this chapter are a set of Flickr data
(Plangprasopchok, Lerman & Getoor 2010). Only user IDs are shown in the Qstack
prototype instead of other real information due to the anonymous characteristic of the

records.
8.6 Case Study

This section demonstrates the ability of Qstack via the two use cases of Flickr photo award
allocation. We assume that Emma, a president of a photo association on Flickr, would
perform the annual award allocation to the members. The allocation criteria are mainly
about the tag values which a member tagged in his or her collection in term of overall or

specific contributions.

8.6.1 Overall Contribution Rankings

This use case demonstrates the ability of Qstack for the interactive rankings of multi-tags
based on the grouped-score combination. For the overall contribution award, there are
two types of prices including Best grouped-topic contribution - A and Best overall
contribution - B. Whereas price A considers the grouped-topics with the highest priority,
price B takes both the grouped-topics and the overall contribution into account. The

eligible candidates are the members who had the contribution to all of considered tags.
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Firstly, Emma enters seven considered tags of the year into the Qstack system for the data
load including garden, tree, flower, park, river, mountain, and sky. There are two grouped
topics: garden, tree, flower, park (T1) and river, mountain, sky (T2). For T1 of price 4,
once reviewing the tag value distribution, she uses the query panel to combine garden,
tree, flower, and park and ranks the members towards this group with the highest priority.
She enables the grouped-score calculation, clustering, and descending order to make the
view concentrated on the cluster where the members satisfy all the seven tags. Emma
customizes a brushing area to zoom in on the cluster and takes note three highest-ranked
members 6927, 3309, and 3387 for T'1 (see Figure 8.5). Then, she goes through the similar

tasks with river, mountain, and sky for the 72 allocation.

garden tree flower.park. river, mountain.sky || Load |

® Stacked "' Multiples || Flexible scales ¥ Grouped scores
Prionity

Entire E Group
_ 0 | __ 1]
Data  Sort Group Dis.(%2)

EEOEEC |

mountam

nlﬂ

flower

EEE
30 |
Total

Ascendmeg

Descendmg (®

Cluster |
Set navigation

Figure 8.5 The overall contribution ranking for price A.
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About price B, the final score of each member is the combination of the score on
the entire contribution and a grouped topic. In the beginning, Emma makes it simple by
giving the same priority (0.5) on the whole tags and the grouped tags for 77 (see Figure
8.6.a). The update shows that the three highest-ranked members involve 6927 who has
just received a price A. Emma carefully watches the visual pattern to analyze the scores,
and she recognizes the score of 6927 on the entire contribution is lower than a few others.
To encourage more members to access the prices, Emma adjusts a little higher priority
(0.6) on the entire contribution than the grouped topic (0.4) (see Figure 8.6.b). The result,
then, includes member 3256 instead of 6927. She takes note the result and does a similar

procedure for the 72 allocation.

8.6.2 Topic Contribution Rankings

This use case demonstrates the ability of Qstack for the flexible rankings of multi-
tags across categorized alternatives. The topic contribution awards are evaluated for the
members who at least took four of the seven considered tags (over fifty percent) of the
year, are not eligible for the overall contribution prices, and had the highest score of the
tag values for single topics. In order to filter the eligible members for the price, Emma
makes a brushing area cover all categories 4, 5, and 6 (see Figure 8.8). Once the members
are navigated, she uses the multi-baseline and flexible scale mode to make the view
suitable for the separate topic comparison. Emma adjusts the query options to sort the
result by each topic tag in descending order and selects the highest ones for the awards

(see Figure 8.7).
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Figure 8.7 The sorting view by tag park (red bars) and tag flower (green bars)
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Figure 8.8 The brushing across categories 4, 5, and 6.

8.7 Evaluation

Our goal is to measure the effectiveness of Qstack towards the tasks of comparing and
ranking the multi-tags based on the grouped-score combination within and across
categorized alternatives. According to our best knowledge, currently, there is no single
visualization tool with similar purposes of Qstack for multi-tag rankings; therefore, an
existing-tool comparison study is impossible to be conducted. In term of generalization
of Qstack approach, multi-attribute visualization tools including Excel (Microsoft 2017),
Tableau (http://www.tableau.com/ 2017) and LineUp (Gratzl 2013) are taken into
account. Although Excel and Tableau are powerful tools for regular data visualization on
diverse purposes, to access the solution for the addressed problem, much time, the
programming knowledge, and the tool usage experience are required. Those technical
activities make such tools inappropriate for casual users or novices to solve such

problems. LineUp, one of the current studies, is a task-driven visual technique which is
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the closest to the generalized purpose of Qstack. As with the target of LineUp, Qstack is
designed for the novices to deal with the multi-attribute comparison by simple tasks
without many technical requirements. Although LineUp can well support the attribute
combination, their approach has not considered the rankings using the grouped-score
combination for categorized alternatives. Due to all the reasons above, we conducted a
qualitative study on Qstack usage in order to assess its usefulness instead of comparing

to other techniques.

8.7.1 Study Setup and Procedure

We recruited six participants. Four of them were in computer science, and two were from
engineering. Through an informal survey before the experiment, it was known they all
had the Excel experience on basic tasks, but none of them had worked with Tableau
before. The participants were familiar with stacked bar charts, but they were novices in
the dynamic queries and the visual interaction on graphic charts. About the Qstack usage,
we designed nine tasks including all primary features of the tool as three types of tasks

below:

e Type 1: for data loading and the standard comparison and ranking,
e Type 2: for the multi-tag rankings using the grouped-scored combination,

e Type 3: for the multi-tag rankings across categorized alternatives.

For receiving the feedbacks from the participants, a questionnaire consisting of
twelve questions was constructed and based on Likert scale system with the range of
strongly-disagree and strongly-agree in the domain from / to 5. Besides, there was an
open question for the participants to comment benefits and drawbacks for the tool
improvement. After given a Qstack introduction and tutorial, the participants freely asked
and discussed to ensure they all understood the detail of the task requirements. Once

completing all the tasks, they used the questionnaire to express their feedbacks.

8.7.2 Result

Generally, most of the participants successfully and easily completed all the requests, and

two participants took a short interruption. The reason of the interruption was in type-3
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tasks since they customized a brushing rectangle to the wrong focus areas of categorized

alternatives.

The qualitative feedbacks indicated that all the participants felt confident in using
the tool to solve the addressed problems. The result was quite positive with 4.7(Mean)
for the ease of use, 4.5 for usefulness, and 4.2 for the interesting visualization. The open
comments showed a constructive opinion for the drawback regarding the zooming. In
addition to the featured horizontal zooming, the vertical zooming should be added to the
stacked display mode, which might reduce the users’ effort to recognize the patterns in

the case of the minimal-tag-value display.

8.8 Discussion

This chapter has introduced Qstack, an interactive visualization approach for multi-tag
rankings based on the grouped-score combination. The approach is to organize a series
of stacked bars in categories, display multi-tags in a double layer, and use a brushing
feature for the navigation on focus alternatives. This method enables users to analyze the
single tag values, the grouped scores, and the total rankings efficiently within or across
categories. Additionally, by performing the interaction on the dynamic query panel, users
are able to drive the rankings with a minimum of technical knowledge. A case study on a
photo award allocation has been presented for the Qstack demonstration, and according
to the qualitative study result, Qstack is probably a useful tool for the multi-tag visual

rankings.

Although the initial purpose of Qstack is for the tag data application, we believe
our visualization approach might be generalized to the multi-attribute or multi-criteria
rankings for general analytic data. In future, we will improve the data mapping module
in order to handle various input data and provide other navigation components for

enhancing Qstack benefits. Further experiments would be conducted to test the suitability

of Qstack for different kinds of data.
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Chapter 9 Conclusion
9.1 Summary

In summary, this dissertation has presented the models and techniques of interactive
visual queries for the relational data discovery, particularly in data models and multi-

dimensional data. The contributions of this dissertation are briefly condensed as follows.

Chapter 3 introduced a new relational data exploration framework with multiple
visual contexts, which could be used to design visual analytic tools and help users to
explore data with a minimum of effort on technical configuration. The framework focuses
upon the automatic interconnection between three relative contexts including data
models, multi-dimensional visualization, and pairwise analysis. We recommend
equipping such interconnection with the context transmission components, which would
be embedded into interactive techniques on the visual representations of data models and
data dimensions. This framework is a general guide throughout this dissertation for
designing and developing the techniques corresponding to the characteristics of

relational-data user interfaces.

Chapter 4 presented a new interactive visual query technique, named MCquery, for
data exploration based upon data models. This technique could help users to search,
retrieve information, and do further investigation continuously and directly on the
visualization of data models. The core of this technique is about modelling and building
dynamic tuple representation and relative visual queries on node-link graphics and Entity-
Relationship model. Thanks to the approach, the visualization of data models and query
results are synchronized in coordinating views that could support the manipulation of the

data discovery processes.

Chapter 5 presented two new interactive visual query techniques, named SumUp
and FigAxis, developed for multi-dimensional analytics, particularly for the quantitative
data exploration based upon parallel coordinates and scatterplots. These techniques could
help users to analyze the statistical facets and examine the correlation of data based upon

multiple dimensions and pairwise dimensions. The primary methods are the design of
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visual queries by using the brushing and zooming manipulation, which are adaptable and
directly embedded on the visual interfaces of parallel coordinates and scatterplots. These
approaches enable query making with flexible data support of multiple targets within and

across dimensions.

Chapter 6 introduced the evaluation procedures of the proposed models through
practical case studies. The case studies were mainly about how the proposed visual query
techniques, including MCquery, SumUp, and FigAxis, are separately used to support and
enhance individual data exploration tasks or functions and are either synchronously
combined or integrated together to provide benefits for non-stop discovery and further
analysis processes. The case-study outcome indicated that while independent application
of the proposed visual techniques had positive effects on objective issues of visual-query
direct manipulation, their integration based on the proposed framework was highly

possible in improving meaningful connection between data analysis visual contexts.

Chapter 7 presented the evaluation procedures of the proposed visual query
techniques through empirical objectives including space-efficient visualization,
distinctive features, and the friendliness of the techniques. The major methodologies used
were about performance analysis, feature comparison, and usability study. While the two
formers were for measuring space-saving rates with dynamic presentation, layering
display, and sharing axes on node link graphics, parallel coordinates, and scatter plots,
the latter was conducted for user-feedback-based assessment of all of the techniques. The
overall outcome indicated that the implementation and practical deployment of the

proposed techniques in this dissertation are useful and satisfy the goals of the research.

Chapter 8 introduced an extended work from previous proposed technique FigAxis.
This work was about a dynamic multiple-tag query tool. The tool was designed with
double layer display and sharing axes which could help improve multiple-tag visual

rankings activities.

9.2 Final Conclusion

In conclusion, this research has studied and examined the considered challenges with the

fulfillment of the defined goals. The developed interactive visual query techniques and
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the data exploration framework can successfully support reducing the users’ cognitive
effort in data discovery activities. These benefits are brought to the visual data analytics
and could be freely extended to be useful in any related fields of human-computer

interaction, especially in the area of intelligent-user-interface design.

In future, we are taking into account the study of intellectual query development
that can improve the exploration methods in big data mining in the collaborative
environment. The achievement of Artificial intelligence and Internet of things would play
a significant role in the study and development of the intellectual queries. Such new
queries would be able to perform self-learning and automatic-adapting on data
exploration activities from both systems and users. They could be available on cloud
services and digital devices which are featured advanced graphic user interfaces for
various using purposes, especially for query making and optimizing. Therefore, users
could benefit from the intellectual query interface and smart interaction methods and do

not need to worry about the technology complication of big data and network connection.

All of the techniques proposed in this dissertation would be further upgraded and

extended for the other possible application areas.
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