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Abstract

The large number of environmental problems faced by society in recent years has driven

researchers to collect and study massive amounts of environmental data. Such environmen-

tal datasets are often high dimensional and heterogeneous in nature, with complex temporal

and geospatial relations. The ability to understand and extract meaningful information from

such datasets is an essential step for effective decision making. However, reasoning about

the data and discovering knowledge in environmental datasets is a challenging problem

due to the complexity of the data. The goal of this research is to investigate techniques

to support exploration and analysis of environmental data. Such complex data could be

characterized as high dimensional heterogeneous geotemporal data.

The research focused on the design, implementation, and study of approaches that fa-

cilitate the exploration and understanding of such data. A number of visualization ap-

proaches have been developed and studied to support the exploration and analysis among

environmental datasets, including parallel coordinate plots, geovisualization, investigative

scatterplot, and multiple coordinated views. The result of this work was the development

of Geo-Coordinated Parallel Coordinates (GCPC), a geovisual analytics approach designed

to support the exploration of complex environmental data. Multiple coordinated views are

used to represent the high dimensional, heterogeneous, temporal, and geospatial aspects of

the data. The approach uses various interactions and analysis features to support exploring

and making sense of the data.
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Field trials were conducted to validate the benefit of the approach in the analysis of envi-

ronmental data with experts. Environmental analysts used the system to explore within two

real datasets in their domain. The results of the evaluation were very positive in general,

which provided evidence of the advantages of using the system in exploration among the

complex datasets. Domain experts were able to investigate the relations between multiple

heterogeneous factors while remaining aware with the geospatial aspect of the data. How-

ever, the environmental analysts saw the system as a preliminary exploration tool rather

than an analytical approach.
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Chapter 1

Introduction

Data is tremendously valuable when we are able to understand it and extract knowledge

from it. The ability to understand and discover knowledge from raw data is an essential step

for effective decision-making in any field. To gain insights and discover new knowledge

from the data, we need to synthesize information from multiple data sources, browse and

explore among the data, and identify meaningful and relevant information from within the

data. With the massive amount of data gathered in recent years, the process of analyzing

and understanding the data is increasingly becoming a challenging problem [75].

The volume of the data is not the only problem; the high dimensionality and the hetero-

geneousness of the collected data contribute to the complexity of the problem [71]. Addi-

tionally, with recent advancements in sensor, mobile, and GPS technologies, temporal and

spatial components are easily associated with data. The need to derive insights from this

massive data is driving researchers to design, develop, and study new tools and techniques

to support understanding and reasoning within the data [10, 104].

The purpose of this work is to develop a method to support the analysis and understand-

ing of complex patterns and trends within high dimensional heterogeneous geotemporal

data. This Thesis presents Geo-Coordinated Parallel Coordinates (GCPC), an approach

that integrates multiple visualizations and intuitive interactions to support exploration and
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reasoning about the data [43]. This Chapter presents an introduction for the Thesis and

explains the motivation for the research, the challenges of high dimensional heterogeneous

geotemporal data visualization, and a summary of the approach.

1.1 Motivation

With the current advances in data gathering and storage technology, we are generat-

ing data faster than our ability to use it [75]. In most fields and industries, the amount of

data produced is adding to the complexity of the decision making process [11, 25]. An-

alysts, researchers, and decision makers’ ability to generate solutions and solve problems

is highly dependent on their capacity to understand the collected data [11]. Analyzing and

understanding such data requires synthesizing data from multiple sources, exploring the

data in detail, identifying the patterns within, and making sense of the large volume of data

[75, 116]. This process of discovering knowledge and extracting meaningful information

from the data plays a critical role in the decision making process.

While the volume of the available data contributes to the problem, it is not the only

dilemma. With advances in sensor technologies and integration of multiple sources, col-

lected data has increased in both resolution and dimensionality [5]. The existence of high

dimensional data (i.e., N dimensions, where N is more than the dimensions clearly visu-

alized on a screen display w 4) has become ubiquitous to a wide range of domains such as

financial analysis, bioinformatics, and astronomy [40, 54, 94]. Analytical techniques used

to analyze and extract knowledge from a small set of dimensions does not scale well with

higher dimensions. Researchers are faced with an increase of complexity when dealing

with higher dimensional space. This increase in the number of dimensions complicates the

extraction of relevant and meaningful information from the data. In light of this increase

of high dimensional data, there is an increasing interest in tools that support analyzing and
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understanding such data [40].

Additionally, synthesizing various data sources often generate heterogeneous data with

multiple different data types. These date types could incorporate different factors such

as: textual, qualitative, quantitative, and ordinal data. Depending on the type and num-

ber of these factors, the process of analyzing and understanding the data changes tremen-

dously [45]. Due to the diversity of the factors, the process of making sense of the data and

the interrelations between these factors is a challenging problem. Although some research

has focused on tools to support the analysis of such data, there is a need to investigate

methods and techniques to address this problem [30, 57, 85, 117].

1.1.1 High Dimensional Heterogeneous Geotemporal Data

Geospatial data represents information that describes a particular geographical loca-

tion. Recently, geospatial data has become an important component in a wide range of

domains [19, 44, 86, 117, 132]. Fields such as environmental analysis, environmental

planning, and crisis management have a significant geographical and spatial aspect to the

domain [19, 117]. Additionally, the latest advances in technologies have increased the

access to personal geospatial data. This growth and availability of geospatial data are ex-

ploited in a wide range of scientific and industrial applications [9, 85, 86]. It is not only

the location information that is essential for such applications; in many cases the geospatial

data also have a vital temporal aspect.

With the increased integration of geospatial data in a wide range of applications, the

need to support such data has increased in the past few years. Adding temporal and

geospatial aspects of the data increases the complexity of understanding it. Geotempo-

ral databases often hold numerous diverse attributes associated with a particular spatial

location. For example, spatial data stored explains the geographical location of a specific

village, non-spatial data provides details about the population, activities of the villagers,
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and other statistical information at specific time period [104]. With the diversity of the

spatial and non-spatial data in geotemporal datasets, reasoning and understanding these at-

tributes without losing awareness of the geotemporal data associated with it is challenging.

With the growing complexity of geotemporal datasets, there is an increasing need for

tools to explore and make sense of such complex and diverse data. Although extensive

research has been carried out on the analysis of high dimensional data and the analysis of

geotemporal data separately [21, 124], research on understanding high dimensional data

with geotemporal aspects is still limited [85].

1.1.2 Environmental Data

In the history of human development, the last 50 years have the fastest and the largest

growth ever. This rapid human development is straining the Earth’s resources, resulting in

a negative impact on our environment [14]. The continuous and substantial demand we are

placing on the environment is affecting the natural equilibrium of ecosystems. Ecosystems

are communities of living organisms that interact with and affect the surrounding environ-

ment. This change to our environment and ecosystems has caused numerous environmen-

tal problems and the loss of biodiversity [14]. Environmental researchers are attempting

to mitigate these problems, while meeting the demands for necessary services provided by

ecosystems.

To address these environmental problems, researchers need to study how changes in

ecosystems and biodiversity are influenced by humans, and how humans are affected by

changes in ecosystems. Analyzing and understanding the ecosystem status is a fundamen-

tal aspect to improve ecosystem management techniques [82, 14, 113]. Developing envi-

ronmental management and analysis tools is a key aspect to support environmental decision

making processes [74].

However, these environments and ecosystems are dynamic systems that are undergoing
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continuous change and modification due to natural and human causes [95]. There are multi-

ple biological, ecological, economic, and environmental factors that influence ecosystems.

These influences appear in the environment at different spatial and temporal scales. Un-

derstanding the significance of these factors plays a vital role in addressing environmental

problems. However, there are multiple relations and connections between these different

factors, which impacts the environment differently. The complexity of multiple factors and

their influences make ecosystems complex systems to understand and manage.

While the relations between the diverse factors is complex, geospatial and temporal

aspects of the environmental data further complicate it. Recent satellite imaging and data

collection technology allow for acquiring data that is frequent and of high resolution [19,

78]. This high volume, multiple resolutions, and scale of geotemporal data contribute to

the complexity of environmental data.

In many cases, environmental data can be characterized as high dimensional hetero-

geneous geotemporal data. Understanding the different characteristics of the data with-

out loosing awareness of the geotemporal aspect is a challenging problem. The multiple

sources and datasets, the dimensionality of the data, and the heterogeneous factors con-

tribute to the problem. To gain knowledge from this complex data, researchers need to

explore and make sense of the large volume and diverse data with respect to the geospatial

and temporal aspects.
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1.2 Challenges of High Dimensional Heterogeneous Geotemporal Data

Analysis

With an increasing need for techniques to support analyzing and understanding of com-

plex data in recent years, information visualization has been commonly utilized as a mech-

anism for data exploration and analysis [126]. Visualizing data makes it clear and effort-

less to interpret it at a glance, which supports gaining knowledge and understanding large

amounts of data in an efficient way. Visual representation of the data facilitates identifying

relevant information and detecting patterns and trends in the data.

But to effectively understand visualizations, data should be correctly and effectively en-

coded to graphical representations. Moreover, understanding data requires more than just

visualizing them; the users have to able to explore and interact with the data, and manipu-

late the view to gain meaningful insights about the data. As the volume and the complexity

of the data increases, visualizations must be designed with careful consideration of appro-

priate visual representation, encoding, and interaction techniques to support analysis and

understanding of the data [127, 126].

Even though information visualization supports understanding of the of data, creating

visual representations of high dimensional data is a challenging problem by itself. The main

dilemma is how to represent high dimensional data in 2D display space without adding

extra visual clutter. Several approaches have been introduced to visually represent high di-

mensional data, but only a few of them are scalable [5, 18, 33, 55]. Additionally, challenges

include identifying patterns with large a number of dimensions, and following trends across

multiple dimensions.

For simple geospatial data, various visualizations have been introduced to display geospa-

tial data, such as: dot maps, choropleth maps, cartograms, network maps, and surface

maps [104, 126]. Each of these visualizations provides the users with different viewpoints
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of the data based on the type of data and the geographical features. To understand such

data, users are empowered to see the geographical distribution of the data, identify patterns

and trends, and compare the different information and locations [104].

With high dimensional data, the complexity of visualizing geotemporal data increases

tremendously. When the number of the dimensions increases, visualizing the data over

a map becomes a difficult issue that needs consideration. There are a limited number of

graphical properties that can be used in a visualization before it becomes hard to under-

stand. This limited visual properties and the limited display space make it hard to show

more than a handful of dimensions. Selecting dimensions to visualize means choosing

which dimension holds relevant information beforehand. Supporting user exploration of

geotemporal data is another problem. Traditional Geographic Information Systems (GIS)

approaches overlay multiple layers on the map to visualize the different dimensions in the

data [105, 113, 130]. Detecting and analyzing of patterns in multiple dimensions requires

merging and manipulating these layers. With a high number of dimensions, this process is

cognitively taxing.

The diversity and heterogeneity of the data is another complication. Supporting visual

exploration and analysis of data with various types requires multiple viewpoints and visual

encodings of the data. In order to facilitate reasoning, the different types of data should

be visualized appropriately [104]. For example, numerical information like population

over the map should be visualized differently than visualizing categorical information like

industries in the area.

Additionally, adding a temporal aspect to the geospatial data introduces multiple com-

plexities on how to display the change of time over the map. Due to the various charac-

teristics of both the temporal and geospatial data, analyzing geotemporal data is a complex

task. The multiple types and scales of geotemporal data makes it difficult to identify and

analyze the patterns and trends in the data over both space and time [13]. Additionally,
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these numerous characteristics introduce multiple relations and dependencies within the

data [13, 132].

This Thesis addresses challenges associated with the analysis of high dimensional het-

erogeneous geotemporal data. The main challenges addressed are: 1) the exploration and

analysis of high dimensional data with a mix of qualitative and quantitative data; 2) the

exploration and analysis of geotemporal data with multiple non-spatial attributes; and 3)

the exploration and analysis of environmental data as an example of such data.

1.3 Adopted Approach

The main aim of this research is to investigate, design, develop, and study a visual

and interactive approach to support the analysis and understanding of high dimensional

heterogeneous geotemporal data. A fundamental objective of this research is to support

the exploration of multiple factors within the complex heterogeneous data while remaining

aware of the geotemporal aspect of the data. Allowing users to recognize and identify

patterns and trends within such data permits users to affirm known information and discover

new knowledge. Motivated by challenges of analyzing environmental data, the study will

focus on such data as an example of high dimensional heterogeneous geotemporal data.

Providing an effective visual approach to support exploration within environmental data

could enhance current environmental decision making.

Visual Analytics (VA) is an emerging approach that is increasingly being employed to

support exploratory analysis of data [13, 75]. By combining information visualization, data

processing, data mining, and interactive interfaces, analysts are able to explore, analyze,

reason, and make sense of highly complex data [75]. Merging multiple visual and inter-

active representations help analysts to generate hypotheses, identify new lines of enquiry,
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understand patterns, and derive new insight from what is being shown. With these advan-

tages, decision support systems in various fields are commonly employing visual analytics

approaches [8, 78, 112].

Adding and involving the user in knowledge and understanding processes plays a vital

role in visual analytics. Intuitive interactions with the system provides users with means

to explore the data, locate information, confirm hypotheses, and gain new insights about

the data. Acquiring new knowledge becomes a continuous loop of interaction between the

user, the visualization system, and the data.

In this research, a visual analytics approach is employed to support exploring and ana-

lyzing various patterns and trends within the complex data. The research attempts to design

a system that could integrate various techniques to analyze high dimensional heterogeneous

geotemporal data. A geovisual analytics system called Geo-Coordinated Parallel Coordi-

nates (GCPC) is presented to support the analysis and reasoning about such data.

GCPC uses multiple coordinated views to show, examine, and explore high dimen-

sional heterogeneous geotemporal data. The core of the system is comprised of two tightly

coupled coordinated views: a parallel coordinates plot and a geovisualization. A parallel

coordinates plot is a visualization method that represents a large number of dimensions

using parallel axes [69]. The parallel coordinates are used to visualize the different types

of data such as: quantitative, qualitative, ordinal, and temporal data. As these dimensions

are represented in the parallel coordinates using parallel axes, the approach is very flexible

and scalable with respect to type and the dimensionality of the data. The geovisualization

shows the geographical distribution of the data to allow for exploration within the relations

of the multiple factors and the geospatial aspects of the data. The two main views allow the

system to represent the high dimensional, heterogeneous, temporal, and geospatial aspects

of the data simultaneously. Additionally, a scatter plot view allows analysts to interactively

investigate direct correlations between multiple factors.
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To support exploration among the complex data, these visual components are linked

in a type of multiple coordinated views using various interactions: filtering, zooming, and

highlighting the data. To allow a deeper insight into the complex high dimensional data,

micro-visualizations have been added to the parallel coordinates to represent the statisti-

cal properties of the data. Additionally, the system employs a high dimensional outlier

detection to help user identify points that are different than the general distribution of a

dataset.

Geo-Coordinated Parallel Coordinates is designed to enable the interactive analysis ac-

tivities described in Keim’s visual analytics mantra: “analyze first; show the important;

zoom, filter, and analyze further; details on demand” [75]. Following this mantra, the first

step is preprocessing to reformat and compute the initial distributions of the data. Next, the

system shows the initial view displaying the main aspects of the data. Multiple coordinated

views allow the user to investigate the data using zoom, filters, and other interactions across

the different visual representations. Additional analysis tools are provided to explore di-

rect correlations between factors, analyze outliers, and examine details about the statistical

information related to the data. A detail window and table view provide the user with raw

data and detail information on demand.

1.4 Structure of Thesis

This Thesis is composed of five chapters. Chapter 1 outlines the motivation and the

main problem under study. A literature review of the main topics relevant to this work

is presented in Chapter 2. The details of the GCPC system are presented in Chapter 3,

explaining the design goals and the system high level architecture, the details of each com-

ponent, and the implementation specifics. Chapter 4 presents and discusses the evaluation
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methods and the details of the field trials, including the analysis of the result of the inter-

views and focus group discussions during the field trials. Chapter 5 concludes the Thesis

and discusses the contribution of research, the limitations, and future work.
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Chapter 2

Literature Review

The use of visual analytics to support exploration, analysis, and knowledge discovery

within high dimensional geotemporal data is an active research domain with applications

in many fields [41, 70]. This Chapter provides a review of literature on the main topics that

are relevant to this work. Section 2.1 introduces information visualization highlighting its

main theories and principles. Visual analytics concepts are explained in Section 2.2. High

dimensional data visualization challenges and approaches are summarized in Section 2.3.

Section 2.4 explains recent approaches in geotemporal data visualization. Multiple coordi-

nated views are discussed in Section 2.5. Finally, environmental data analytics and recent

visual approaches for environmental data are reviewed in Section 2.6.

2.1 Information Visualization

Information visualization is defined as the use of graphical representations to present

and communicate abstract data [126]. Visualizing data provides mechanisms to transform

raw data into an intuitive visual format, which is easily interpreted by humans. It utilizes the

power of human perception system that naturally supports the perception and interpretation

of visual representations [127]. A single graph can hold a wealth of information that can

be interpreted by the humans in a short time compared to other format such as text and
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tables. This is because our perceptual system can process visual inputs in parallel, which

allows for such quick interpretation of information [126]. This efficiency of information

visualization supports users in gaining knowledge and understanding of large amounts of

data [122]. Moreover, information visualization provides a mechanism to share information

and communicate findings quickly [126].

Every visualization starts by transforming the data to graphical objects, rendering these

objects to a view on a display medium, and finally a user observing the rendered visualiza-

tion [126]. In each of these steps, several visualization theories and principles are employed

to design visualizations that are correctly and effectively understood by humans. Designers

need to pay careful attention to the type of data, what is best method to visually represent

each type of data, and how humans perceive and interpret visual representations.

To graphically represent data, we need to map data values to graphical objects and

properties of these objects. A number of visual features could be used to map the different

data values, including position, length, size, colour, orientation, and others. Selecting a

specific graphical property to encode data values depends on the type of the data and the

type of users’ task. Data types could be categorized into: numerical data that could be

discrete or continuous (e.g., population); ordinal data that covey some order or ranking

information (e.g., rating of a service or a product); categorical data with no specific order

(e.g., fish species); and arbitrary data (e.g., free-form textual information) [126]. Some

visual properties support better understanding of numerical data, while other properties are

better suited to distinguish between different categorical information. For example, length

can easily be utilized to rank numerical or ordinal data values meanwhile shape and texture

are effective for distinguishing between categorical data [127].

The effectiveness of a visualization is impacted by what the users want to extract from

the view and how the visualization supports their specific goals. Users’ goals could be:

to associate and identify similar data patterns; to rank and order data values; to detect
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anomalies in the data; or to recognize different trends in the data. Different visual properties

can be used to provide better support for these goals. For example, encoding data to colour

can facilitate the detection of similar data points as users will be able identify graphical

objects with the same colour easily if there are not too many other colours used in the

display [127].

Several models have been proposed to guide designers on how to select the best visual

features based on the type of the data or/and the goals of the user [126]. Figure 2.1 shows

the model developed by Bertin, which relates the visual property based on the task the user

is to accomplish [16]. The model classifies users’ goals to four categories: association,

selection, order, and quantity. Different visual properties are illustrated to show which

properties should be used for each task. For example, the model illustrates that colour is

best used for associations and selections of objects, while size is best used for selection,

ordering of the data, and quantifying values (Figure 2.1).

As such, the effectiveness of the visualization depends on how the data is encoded and

presented. Even a small change of what graphical properties are used to encode the data

can change how the user understands the data [126]. Therefore, careful attention should be

taken when visually encoding the data so as not to introduce patterns that do not exist in the

data. In other words, visual similarity in the presentation must correspond to a similarity in

the data, and any order in the visualization must convey an order in the data [118].

Understanding how human perception works is essential to design visualization that

are readable and understandable. The human perception system has two types of pro-

cessing: pre-attentive processing, which is parallel, fast (i.e., less than 250ms [126]), and

uncontrolled; or attentive processing, which is slower, controlled, and more focused pro-

cessing that occurs after pre-attentive processing [126]. Pre-attentive processing allows us

to quickly identify and perceive a wide range of visual features. Among the pre-attentively
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Figure 2.1: The model presented by Bertin [16] that shows different tasks and the visual
properties suited for each task.

processed features are colour, size, length, orientations, and other features. Using pre-

attentive processing we could easily identify an object if it is sufficiently different than its

surroundings in one of these visual features. An example of pre-attentive processing is

spotting a red object in a collection of objects that are green.

When the visual representation is more complex, more attention and cognitive effort is

required to process these representations, which is why the human perception system uses

attentive processing [126]. Searching for a red circle in a graph full of red squares and

blue circles is an example of such processing. The red circle will not be distinctive from

the surroundings elements to be detectable pre-attentively. A viewer will have to scan and

remember the objects to find and identify this specific target from its surroundings [127].

Colour is a fundamental factor to consider when choosing how to encode data. Colour

could be used to clarify and enhance the visualization or obscure and confuse users if
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used excessively [118, 119]. Even though colour is an important visual feature that can

easily be distinguish by pre-attentive processing, there are a multiple things to consider

when selecting a colour scale or range [118]. Depending on the type of data, selecting the

appropriate colour scale to support users’ understanding of the data is different. Categorical

data should be encoded using colours that are perceptually distinct from one another, but

ordered data should be encoded in colour range that is perceptually ordered.

The opponent process theory of colour [61] is a theory that allowed us to understand

how we perceive colour. The theory divides colours into pairs of opposing chromatic chan-

nels: yellow-blue, red-green, and black-white [61]. Based on this theory, humans can easily

distinguish colours from opposite chromatic channels. For example, a yellow object is eas-

ily identified in large group of blue objects. When representing distinct values, colours

should be selected from opposing chromatic channels rather than any type of arbitrary se-

lection. On the other hand, a monotonic variation in colour along one of these channel can

be used to produce a perceptually orderly scale [93].

The Gestalt Principles [77] are useful principles that explain how we perceive patterns,

foregrounds, and backgrounds. These principles demonstrate that we intuitively infer the

existence of relationships between graphical objects through proximity, similarity, con-

nectivity, and other visual organizations. These principles provide guidelines on how to

generate visualizations that interpreted correctly [127]. Even thought all the Gestalt Princi-

ples are important, the most relevant principles for this work are the principle of proximity

and similarity.

The proximity principle states that objects close to each are perceived as forming a

group [77]. This principle also implies that when visualizing objects near each other, indi-

viduals will perceive the group as whole (i.e., as one object). Another important principle

is the similarity principle, which suggests that visual objects that are similar are recognized

as a group [77]. The visual similarity could exist in multiple ways such as shape, colour,
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or texture. Visualizing objects with similar visual properties will allow the observer to

perceive them as part of a group and infer relation between these objects.

Supporting user interaction is essential for effective visualization. Information visual-

ization defines interaction as the transformation of what and how the data is displayed [126].

A small change in what is displayed on the screen gives users different views and insight of

the data [103, 104]. These interactions and changes allow users to have a dialogue with the

data [75], which supports them in gaining more insights and understanding of the data. To

support users in making sense of the data, any effective visualization should support multi-

ple interactions. There are many interaction techniques that transform, manipulate, encode,

and reconfigure the data differently, allowing user to search the data, locate patterns, and

identify known or new information to make sense of the data in multiple ways [104].

Some common interactions used in visualization system include: navigation, selec-

tion, filtering, connecting, and encoding [126]. Selecting and filtering are examples of

techniques used to select different subsets of the data. To select or filter data points, visual-

izations commonly allow brushing operations. Brushing is a term used to indicated moving

the mouse over the visualization to select a subset of the data [104]. Panning and zooming

are methods used to navigate through the presented information.

While navigation and filtering allow users to focus on a subset of the presented data,

connection and encoding interactions provide means to examine different aspects and rela-

tionships within the data. Encoding interactions permit users to change the visual encoding

of the displayed data, providing them with deeper insights exploring the different views

of the same data [126]. An example of such coordination is the interaction to control the

colour used to map the data on the views. Another interaction is connecting between mul-

tiple views, which allows users to identify relations between the different aspects of the

data [126].
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2.2 Visual Analytics

Visual Analytics (VA) is an emerging approach that is increasingly being employed

to support exploratory analysis of data [13, 75]. Visual analytics aims to facilitate rea-

soning and understanding of massive or complex datasets by merging interactive visu-

alizations with data transformations and analytical reasoning techniques [116]. Merging

multiple visual and interactive representations helps analysts to generate hypotheses, iden-

tify new lines of enquiry, understand patterns, and derive new insights from what is being

shown [75]. With these advantages, decision support systems in various fields are increas-

ingly employing visual analytics approaches [8, 78, 112].

The quality and type of data representation used in a visualization directly impacts our

understanding of the data. A key element of visual analytics is the utilization of data rep-

resentation, data transformation, and data mining techniques. To improve the analytical

reasoning process, visual analytics employs different techniques depending on the analyt-

ical task. Data transformation methods allow visual analytics to synthesize multiple data

sources, aggregate large and complex data collections, and convert raw data into more use-

ful forms [116]. For example, aggregation is widely used to summarize and reduce the size

of data handled by the visual interface [39, 65, 90].

While data transformation algorithms convert data to a more a useful form, data mining

algorithms use various techniques to extract new knowledge from the data. An example of

data mining used in visual analytics systems is sentiment analysis and classification. The

sentiment classes of text can be extracted from raw data. The system then visualizes these

sentiment classes instead of the actual raw texts [64].

Other data mining techniques commonly used in visual analytics include: clustering,

classification, and anomaly detection. Clustering algorithms are used in various visual

analytics systems to group the data, and facilitate pattern and trends detection [57, 115].
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Similar to clustering, classification algorithms are employed to label data into different cat-

egories. However, classification algorithms are usually used when the classes are known

beforehand (e.g., classification of sentiments [64]). Anomaly detection algorithms are uti-

lized in various systems to support users in finding interesting patterns in the data [90, 131].

A tight integration between the user interaction, data processing, and the visual repre-

sentation is a fundamental concept in visual analytics. Figure 2.2 shows this continuous

loop of automated analysis and visual exploration, which drives the visual analytics pro-

cess [76]. After the first step of data transformation, interacting with the visualizations and

modelling the data is controlled by the user to gain new insights about the data [75].

This visual analytics process supports the generic knowledge discovery process in the

making sense loop explained by van Wikj [122]. Figure 2.3 illustrates this sense making

loop for knowledge discovery in the context of the visual analytics process [122, 75]. The

process starts by using automated analysis algorithms to perform the preliminary process-

ing of the data. With the output of the initial analysis of the data, the next step is displaying

the data in the visualization. These visual representations should provide users with new

Figure 2.2: Visual analytics process [76].
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Figure 2.3: Sense making loop between the data, the visualization, and the user [122].

insight or knowledge of the data. The knowledge users gain should confirm known infor-

mation or allow them to create new hypotheses about the data. To pursue their hypotheses,

users should be able to and interact with the data by further exploring and analyzing the

data. Gaining new knowledge is the result of this iterative process of analysis, representa-

tion, interaction, and further analysis.

To support this sense making loop, the design and implementation of visual analytics

systems must allow users to go through the visual analytics process. Keim summarizes

these activities in the visual analytics mantra: “analyze first; show the important; zoom,

filter, and analyze further; details on demand” [75]. The mantra emphasizes the role of first

analyzing the raw data before the visualization step. The next step is rendering the analyzed

data and showing the most important features of the data. After that, the system should

allow users to interact with the data through zooming and filtering. To support reasoning

about the different subsets and aspects of the data, users should be able to interact, explore,

and analyze the data. This further analysis can either be user controlled or using automated
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analysis algorithms. Finally, to allow users to verify their findings within the raw data,

details of the data should be provided on demand.

2.3 High Dimensional Data Visualization

Data visualizations should be designed to make a clear and effective graphical repre-

sentation of the data. With a small number of dimensions, the choice of how to encode the

data to graphical objects is easier than with a large number of dimensions. To represent two

dimensional data, designers can use a simple scatterplot and encode the data into positions

relative to the x-axis and y-axis of the plot [126]. Additional dimensions could be encoded

to shape and colour of the points. However, there is a limited number of visual properties

that could be used to encode the data before it looses the clarity needed for effective visu-

alizations. As the dimension of the data increases, the ability to map the higher dimensions

to 2D display space on screen decreases. Visual clutter and complex graphical represen-

tations are a result of too many dimensions to display [118]. The problem of visualizing

higher dimensions without loosing clarity to support exploration and analysis of the data is

an ongoing dilemma.

Visualizing the data on the screen is not the only problem when dealing with high

dimensional data. Users have to be able to explore the different dimensions, identify in-

teresting patterns across multiple dimensions, and extract meaningful information from the

data. While a multitude of approaches have been developed over the years to visualize

high dimensional data, each has its limitations [55, 126]. With higher dimensions than

exist on the screen, researchers have tried to handle such problems using techniques such

as: dimensional subsetting, dimensional reduction, small multiples plots, force based plots,

glyph plots, and parallel coordinates [55, 126].
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2.3.1 Dimensional Subsetting Approaches

One of the simplest methods to visualize high dimensional data is just dropping dimen-

sions and displaying only a subset of these dimensions. Dimensional subsetting methods

use algorithmic techniques or user preferences to select a small subset of the dimensions to

visualize. The selected subset are then visualized using a 2D scatterplot or any other sim-

ilar visualization. Allowing users to interactively select the dimensions will support their

exploration of the multiple dimensions in the data [126].

However, the success of this approach is dependent on choosing which dimensions

contain the most relevant and useful information [126]. As the selection of the dimensions

is done prior to displaying the visualization, the information of the most relevant dimen-

sions is unknown at that time. Therefore, the process of determining which dimensions to

visualize becomes a significant problem to consider.

2.3.2 Dimensional Reduction Approaches

Dimensional reduction methods use computational techniques to transform the data to a

lower dimensional space while preserving the relative proximity between data points [34].

The goal is to maintain the relations between the high dimension data in the lower di-

mension space without adding any new relations that are not originally in the data. Tech-

niques such as principle component analysis (PCA) [72, 55], multidimensional scaling

(MDS) [3, 33], and Self Organizing Maps (SOM) [3, 57] are commonly used to transform

data to lower dimensions.

These methods project data from the high dimensional space to 2D or 3D space, which

allows the use of simple visualization methods (e.g., scatterplots) to display the projected

data. The process of transforming the data from higher to lower space provides additional

description to the data points (i.e., the principle components for each data point in PCA).
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The final projected space can be used to convey significant features such as clusters and

patterns [126]. For example, PCA computes the principal components from the original

data, which could be easily used to classify and cluster the data points. Figure 2.4 shows

an example of using MDS to visualize gene related chemical compounds in the PubChem

database [33].

The end result of using this approach is a visual representation of the data in a coor-

dinate space that may have no obvious geometrical correlation to the actual dimensions,

introducing complexity while exploring and understanding the data [34]. Additionally, as

the dimensionality of the data increases, the transformation process itself becomes compu-

tationally expensive and less efficient. It is harder to preserve the proximity to the actual

points and the uniqueness of the mapped points, which means that the mapping could in-

troduce new patterns and relations (e.g., a cluster of points, a specific trend) that do not

exist in the data [126].

Figure 2.4: Multidimensional scaling example [33]
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2.3.3 Small Multiples Approaches

Instead of selecting dimensions or mapping the data to other dimensions, other ap-

proaches have been developed to view all the information at once. One of the common

approaches in visualization is the use of small multiples to display multiple combination

of subsets of the dimensions of the data. The benefit of this method is that it does not hide

any aspect of the data, allowing users to compare different views of the data [118].

A scatterplot matrix is an example of small multiples that arranges scatterplots of pair-

wise dimensions into a matrix [128]. For data with N dimensions, this yields to N(N−1)
2

distinct scatterplots, which can be arranged in aN ∗N matrix (actually, a symmetric matrix

with each pairwise dimensions shown twice). Scatterplot matrix systems rely on the sim-

plicity of the scatterplot, allowing users to observe direct relationships between each pair

of dimensions. Figure 2.5a shows an example of a scatterplot matrix to visualize more than

10 dimensions.

The multiple plots allow users to see all the dimensions at the same time, but users need

(a) Scatterplot matrix

(b) Coordinated interaction in scatterplot
matrix

Figure 2.5: Two examples of scatterplot matrix. Figure 2.5a shows coordinations between
the different plots [126] and Figure 2.5b shows the use of scatterplot to visualize 16 dimen-
sions [128]
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to interact with the data to understand the relations across these multiple visualizations.

Any interaction applied in one view should be automatically applied and linked to other

views [126, 68]. Figure 2.5b shows an example of a scatterplot matrix that has a subset of

the data highlighted in all the small plots.

Usually the same type of view is used to construct the small multiple visualization. This

allow users to compare the different aspects and analyze the data in the same way. However,

when displaying data with mix of qualitative and quantitative dimensions, the same view is

not the best choice for analyzing each type of data. Depending on the type of data, it may be

better to use different visualizations when constructing the plot matrix. Figure 2.6 shows

screenshot of such an approach, with different visualizations for qualitative and ordinal

dimension in the data [68].

While showing all the dimensions using small multiples has it benefits, it could eas-

ily overwhelm users with the number of views. As the number of dimension increases,

the dimensions of the matrix increases making it difficult to observe the details in each

small view. Additionally, the process of following trends, comparing data, and recognizing

patterns across multiple dimensions becomes cognitively tasking.

Figure 2.6: General plot matrix (GPLOM) uses small multiples with different types of plots
to provide better support for multiple types of data [68]
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2.3.4 Force Based Approaches

Several studies show the use of force based layouts to visualize high dimensional data.

Force based techniques uses physics principles to layout points on the graph [125]. In these

approaches, the visualizations simulate multiple objects that are positioned using multiple

springs exerting forces on these objects. The object represents the data points and the forces

represent the value of the data in each dimension.

RadViz [66] places N dimensional anchors around a circle, then position the points in

the plot based on the forces exerted from these anchors. The distance of the point from the

each anchor is proportional to the force exerted (i.e., value of this dimension) on the point.

As the points will be laid out depending on the values of each dimension, usually all the

dimensions are normalized to values between 0 and 1 before the visualization. The result

is a visualization with all the points inside the circle, the location of each point depends on

the sum of values in all dimensions.

Force based methods allow for visualization of large number of dimensions, but they

have a number of disadvantages. The final arrangement of points could easily introduce

patterns, clusters, and trends that do not exist in the data. As the position of the data in

the plot depends on the forces from the anchors, the order of dimensions around the plot

changes the final location of points inside the plot. As the view will depend on the order

of anchors around the plot, the users’ insights and understanding of the data will change

accordingly. Additionally, even though they provide an overview distribution of the data

over the multiple dimensions, it limits users ability to explore the direct correlation between

the different dimensions.
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2.3.5 Glyph Plots Approaches

The use of glyph plots extends the use of scatterplots from displaying two dimension

to displaying a higher number of dimensions. The glyph plot encodes multiple dimensions

into graphical parameters in a glyph and then position these glyphs in a 2D plot [55]. For

example, one might encode some dimensions of the data to the length property of multiple

lines from a centre of a glyph (i.e., in star like shape). The resulting glyph could then be

used as a point in the scatterplot or placed discretely on the display space [22]. Figure 2.7

shows an example of a glyph encoding and the resulting plot.

The use of glyphs allows for the encoding of higher dimensional data to simple shapes.

The benefit of this method is that it is simple to create the graph by simply encoding data to

visual features [22]. Another advantage of using this approach is the use of the scatter plot

as the base visualization. As the scatterplot is a very powerful and common visualization

technique, displaying glyphs inside a scatterplot supports the user’s ability to explore and

analyze the data.

Figure 2.7: Example of glyph plot of high dimensional data [35].
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Although this approach is based on the usefulness of scatterplots, there is a limit to the

number of dimensions that can be visualized using glyphs before they become incompre-

hensible [35]. The type of the data is another problem to consider. With data that consists

of a mix of qualitative and quantitative data types, encoding data to glyphs has to care-

fully consider the different types of data, making the process of designing a suitable glyph

a complex task [22]. Additionally, as the complexity of the glyph increases, the cognitive

effort required to learn and understand it increases, limiting the advantages of the approach.

2.3.6 Parallel Coordinates Plot Approaches

A fundamentally different approach to the problem is the use of parallel coordinates,

where data are represented within a structure that maps each dimension to a parallel axis [69].

Parallel coordinates use parallel axes rather than the orthogonal axes that are expected in

the 2D or 3D Cartesian coordinates space. With the axes organized in parallel, the data

are represented by polylines intersecting these parallel axes at the appropriate locations. A

simple example of how a single point in the orthogonal space is mapped to a line in parallel

coordinates space is illustrated in Figure 2.8.

Representing N dimension points using parallel coordinates starts by laying out N par-

allel axes equidistantly on a plane. After that, eachN dimensional point Px(x1, x2, x3...xn)

is represented using a series of line segments L connecting between each two consecutive

Figure 2.8: Mapping a point from the 2D space to the parallel coordinates space [111].
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dimensions L1(x1, x2), L2(x2, x3).....Ln−1(xn−1, xn). The benefit of this configuration is

that the number of dimensions that can be visualized is only limited by the horizontal space

available (i.e., if the parallel axes are organized vertically ) [111]. Figure 2.9 shows an ex-

ample of two 6D points visualized using the parallel coordinates. Depending on the values

of the data in each dimension, the scale of each axis could be different.

With high dimensional data, the goal of visualizing data is to enable the users to rec-

ognize and identify the different patterns and trends in the data. For reasons of simplicity

of the explanation, a simple 2D dataset is used to illustrate how to recognize the various

patterns and trends in parallel coordinates. Figure 2.10 shows examples of the common

features in the data and how they are visualized in both an orthogonal scatterplot and par-

allel coordinates. A simple linear relation between the two dimensions is represented in

the parallel coordinates by a sequence of non crossing lines (Figure 2.10a). An inverse

relation can be easily identified inside the parallel coordinates by multiple crossing lines

(Figure 2.10b). A cluster of points can be recognized in the parallel coordinates by a group

of close intersecting lines (Figure 2.10c).

Figure 2.11 shows an example of high dimensional data visualized using the parallel

coordinates, where some patterns and relationships are clearly visible. The main advan-

tage of using parallel coordinates rather than the orthogonal coordinate system is that it is

Figure 2.9: A two 6D points mapped in parallel coordinates. The plot represents the two
points [0,0,0,3,0.8,1] and [2,-2,4,4,0.5,1]
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(a) Linear relation

(b) Inverse relation

(c) Multiple clusters

Figure 2.10: A scatterplot and parallel coordinates plot representing the same features in
the data [71]

flexible and scalable with respect to the number of dimensions visualized. A second ad-

vantage is that it provides a view of multiple dimensions at once, allowing users to gain

an overview of the data across all dimensions. This overview of the data permits users to
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Figure 2.11: A car dataset visualized using parallel coordinates. The figure shows the effect
of changing opacity based on the density of the data [71].

identify patterns over multiple dimensions at the same time.

Using parallel coordinates, the arrangement of the dimensions may seem strange at first.

However, multiple user studies [60, 73, 84, 111] have shown that, parallel coordinates are

easy to learn and users are able to quickly gain an understanding of the data. With the first

use of parallel coordinates, users learn how to read the visualization and understand how

the points and patterns are transformed from the familiar Cartesian space to the parallel

coordinates.

To further support users in their exploration and analysis of the data, users should be

able to interact with the data in parallel coordinates. Several interaction techniques have

been used in parallel coordinates to explore and manipulate the visualized data [60, 111].

Filtering, selecting, and navigation techniques are used to explore different subsets of the

data. The most common method to filter data in parallel coordinates is brushing over the

axes to select points that fall between the range of values selected. However, several other

types of brushing techniques have been introduced such as angular brushing [58] and 2wD
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brushing (i.e., rectangle brushing over the lines between the coordinates [91]). While fil-

tering the data will remove the excluded the data from the view, selecting data points will

highlight these specific points by either changing their colour or fading the rest of the data.

Exploration of the data is also possible using navigation techniques such as: zooming in,

zooming out, and panning through different subsets in the dataset. Other interactions in-

clude changing the display by manipulating the encoding or reconfiguring the data [60].

Even though parallel coordinates have multiple advantages, there are also a number

of important limitations. When a large number of data points are shown using parallel

coordinates, overplotting may occur, resulting in visual clutter. A simple solution to the

problem could be addressed by interactively highlighting the data points using brushing,

highlighting, or another selection methods [134].

Another solution to the problem is density plotting by drawing thinner or less opaque

lines, which results in darker regions at high density locations and lighter regions at low

density locations [71]. Others have tried to summarize or abstract the data to provide an

overview of the high volume of the data (see Figure 2.12) [97, 133]. Clustering and outlier

detection algorithms have also been used in order to reduce the amount of the shown data,

and to highlight those data points that are different from the norm [57, 134].

Overplotting also occurs when multiple data points intersect an axis at the same loca-

tion, which introduces ambiguity. This could be addressed by replacing the polylines with

curves or density functions, both of which make it easier to perceive and follow the data

points through the parallel coordinate structure [71, 60].

Also due to overplotting of data points in parallel coordinates, grasping the distribution

of the data and other statistical properties is difficult. Several approaches have addressed

this problem by adding statistical information to the parallel axes [62]. However, the extra

data on the axis but may further contribute to the complexity of the display.

While parallel coordinates display high dimensional data, finding relations across the
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Figure 2.12: Example of visual cluster [134]

large number of dimensions is not a trivial task. Direct relationships between pairs of

dimensions are easily noticed for adjacent coordinates, but relations between distant di-

mensions are not clearly identified. One of the powerful interactions employed in parallel

coordinates is interactively reordering the coordinates. By reordering the coordinates, users

are able to examine different relations and gain new insights. Automatic reordering algo-

rithms use correlation analysis between dimensions to arrange the coordinates [60, 111].

Other systems allow users to manually rearrange dimension to support exploration of the

data according to the users’ task.

When a particular dimension of the data represents discrete qualitative values, the am-

biguity and overplotting problems become even more acute. Parallel sets provide an al-

ternative for visualizing such categorical data, using ribbons between the coordinates to

represent the frequency of each category (see Figure 2.13) [79]. However, combining this

with traditional parallel coordinates when the data includes a combination of qualitative

and quantitative data is not feasible.

34



Figure 2.13: Parallel sets [79]

2.3.7 Hybrid Parallel Coordinates Approaches

Several systems tried to combine the power of parallel coordinates with other visualiza-

tion techniques. Force directed parallel coordinates tries to extend the interactive capability

of parallel coordinates by applying force directed interactions [125]. Others proposed coor-

dinating between multiple high dimensional visualizations at the same time. Examples of

such systems include combining the RadViz [17], or reorder matrix [110] with the parallel

coordinates.

These hybrid approaches propose benefits from integrating the different techniques.

The linking between the multiple views could provide deeper insights, but it is cognitively

challenging to interact with multiple high dimensional views especially if the visualiza-

tions are conceptually different. For example, in the parallel coordinates matrix [59], the

system displays multiple parallel coordinates in a matrix structure to show the different

axes orderings. The resulting visualization is much more complex than traditional paral-

lel coordinates, requiring significant cognitive effort from the users. Additionally, as the

multiple the different techniques will be displayed simultaneously, such systems are com-

putationally less efficient than each visualization by itself and consume more screen space.
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2.4 Geotemporal Data Visualization

Recent advances in GPS technologies have increased the access and collection of geo-

graphical information in nearly every field. This growth and availability of geospatial data

are exploited in a wide range of scientific and industrial applications [9, 85, 86]. The large

volume of geographical data and diversity of the sources increases the need for tools to

support analysis and exploration of geographical data.

Geographical databases combine a wide range of diverse spatial and non spatial at-

tributes to describe geographical locations. The spatial attributes describe the geographical

information about a particular location, such as the exact latitude and longitude of a specific

village. The types of vegetation, the population of the village, and percentage of employ-

ment are examples of the non spatial attributes. Due to the diversity of these attributes,

understanding and making sense of geospatial data is a challenging problem.

While displaying data over the map allows for relating the data to the important ge-

ographical context, the choice of what is displayed and how it is displayed over the map

affect the types of insight users get from the visualization [104, 126]. Various visual forms

have been developed to display geographical data, such as dot maps, choropleth maps, and

cartograms maps [104]. As each of these visualizations provide a different viewpoint of the

data, selecting the visualization to use depends on the type of geospatial data. Dot maps

are better suited for geographical point features, where a shape or symbol is placed at the

location of the data. Choropleth maps are mainly to visualize area features, where each dif-

ferent land area is shaded with values depending on the data presented [104]. Cartograms

distort the map depending on the values in the data, which allows for better representa-

tion for some statistical information such as population. These maps resize the regions

according to the values, but too much distortion makes relating to the geographical context

difficult [126].
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Dot maps display the non-spatial data by encoding them into visual properties of shapes

placed on the map. The advantage of this approach is that it allows for visualizing various

non-spatial attributes without losing the geographical context [126]. Displaying multiple

attributes requires encoding them into the visual properties of the shapes on the map. How-

ever, as the number of attributes increases, there are a limited number of visual properties to

use without complicating the view. In order to explore and analyze the data, users should be

able to easily choose the information to display, manipulate the view, and correlate between

the different forms and data presented [104].

Additionally, adding a temporal aspect to the geospatial data is another challenging

problem. The first issue is that temporal data provide another aspect to consider when

visualizing the data. Another problem is that geotemporal data have different scales and

relations between the geospatial and temporal aspects of the data [13]. In order to make

sense of the such data, users have to be able to explore and analyze the diverse factors

and their relations to space and time. Supporting visual analysis of geotemporal data is

a challenging problem that involves dealing with multiple tasks. While there are different

geospatial (i.e., area or path) and temporal data types, the focus of this research is geospatial

point data and single event temporal data.

Several approaches have been proposed to support interactive visual analysis of geotem-

poral data. Geographic Information System (GIS) is one of the earliest and most commonly

used technique to visualize and analyze geotemporal data [105, 113, 130]. Most GIS sys-

tems allow users to add layers to a map in order to show the spatial distribution of the

different factors. Utilizing GIS to detect relations within the data is a challenging process,

since it involves visually merging and comparing multiple layers [130]. When there are

a large number of dimensions to analyze, this process of selecting the layers and visually

comparing the data is inefficient and cognitively taxing.
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Another approach is using two coordinated visualizations, one to represent the tem-

poral aspect of the data and the second to represent the geospatial aspect of the data. A

temporal view such as a timeline may be used to display the temporal information. A sec-

ond view may show the geographical information on a simple map visualization such as

a dot map [70] or a choropleth map [57] depending on the type of geospatial data. This

allows the user to observe and inspect the different aspects of the data at the same time.

However, this approach relies on the users interacting with the visualization to support

their understanding, comparing, and connecting between the two aspects of the data. To

support exploration and analysis of the geotemporal data, the visualization must coordinate

between the different views and allow users to interactively manipulate the information

displayed on the map.

Rather than simply placing a glyph at the location, this glyph can also be used to rep-

resent an aggregation of the temporal data [9]. Displaying the temporal data on the map,

allows users to see the change over time for each location. Figure 2.14 shows a different

glyph for each week of traffic data overlaid on the map. With the support of interaction

techniques such as filtering and selection, users are able to analyze and understand com-

plex geotemporal patterns displayed on the map. However, using this method to display

the temporal aspect limits the ability to show different attributes and aspects of the data on

the map. Thus, it limits the number of multivariate attributes that could be visualized and

analyzed.

Figure 2.14: Example of showing a glyph to represent temporal data on the map [9]
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Another method specifically for geotemporal data is the space-time cube, where loca-

tion is represented in the map dimensions, and time is represented in the third perpendic-

ular dimension (see Figure 2.15) [80]. The approach has been used to visualize trajectory

and movement data, as it gives a clear view of the sequence of data over both space and

time [10, 52]. Due to the nature of the 3D views, the approach can not handle a large num-

ber of dimensions at the same time before visualization becomes crowded and occlusion is

a problem.

Small multiples have also been used to visualize geotemporal data by using multiple

small maps to show the change of geospatial data over time. It allows users to see the trend

of the data and compare the data across multiple views. The approach is used to show the

flow and the trend of the data from one location to the other by display a small map for each

time period [108]. The change in the data or trajectory data could be shown using arrows

over the map. While the approach provides a tool to compare the trends over the multiple

views, it limits the amount of details that could be clearly shown on the small views (see

Figure 2.15: Geospatial location is represented on 2D plane and the time is presented on
the third dimension [80]
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Figure 2.16). As the small multiples each represent specific time periods, the approach

limits users’ ability to analyze complex temporal patterns.

2.5 Multiple Coordinated Views

When data consist of both high dimensional attributes and geotemporal aspects, a single

visualization method may not be adequate to support exploration, comparison, analysis, and

knowledge discovery across the different aspects of such complex data [103, 106]. Multiple

views provide users with alternative viewpoints or perspectives of the data. These multiple

viewpoints allow users to gain different insight and understanding of the data. As a result,

the use of multiple visualizations can support the exploration of the complex aspect of the

data.

Multiple coordinated views (MCV) is defined as the use of multiple views displaying

different aspects of the same dataset at the same time. As the multiple views will show dif-

ferent aspects of the data, users must be able to link between the same data points in these

different views. One approach to link these views together is coordinating the interactions

Figure 2.16: Example of small multiples showing multiple maps to show the flow of the
data [108]
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between the views. Any interaction applied on one view (such as selection), is automati-

cally applied to all other views in the system. Coordinating between the multiple views is

essential to understand the relations between the data presented on the various views.

With the multiple views showing the data, the coordination between the views al-

lows the user to search the data, identify patterns and trends, and make sense of the

data presented. Several interactions have been used in MCV systems to link between the

views [104]. Selecting and filtering are examples of the techniques used to select subsets

of the data. Navigation techniques like pan and zoom allows users to navigate through

the data. Encoding and re-configuring interactions are techniques used to control the ap-

pearance and the representation of the data [104]. In order to effectively link between the

different views, all these interactions must affect all the views and the data equally. For

example, selecting a set of point in one view must be reflected in all the other views by

automatically selecting or highlighting the same set of points.

Over the last decades, several types of MCV systems have been developed to support

visual exploration. Roberts [103, 104] reviewed and classified the MCV approaches into

side-by-side views, overview details, context+focus, difference views, and small multiples.

To represent the different aspects of the data, side-by-side view systems use multiple views

beside each other. Such systems usually use different views to represent the various aspects

of the same data [57]. An example of this approach is VIS-STAMP [57], where a combi-

nation of multiple choropleth maps, re-orderable matrix, and parallel coordinates are used

to visualize complex geotemporal data.

Overview details and focus+context are similar as they both present two types of in-

formation: one view displays an overview of the data while the other view provides the

details [94, 108]. However, a lot of focus+context systems use a single view to display

context and the focus is achieved using distortion of the context view [104, 126]. The

benefit of this approach is that users have two levels of details of the data simultaneously,
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supporting the exploration of various aspects of the data. This permits users to explore the

details of the data while still retaining visual awareness the overall organization of the data.

For example, showing an overview of the data on the map and having the detailed table of

the data below it [57, 88, 108]. Such systems allow users to see the details of the data in the

tabular view while maintaining the awareness of the geographical distribution of the data.

Difference view systems focus on allowing users to compare between the data by pro-

viding views that explicitly show the difference. This approach focuses on supporting users

to identify the differences or changes in the data. GTDiff computes the changes over spec-

ified timeframes and visualizes these differences using small maps, allowing the users to

see at a glance where and when the data have changed [65].

The final approach for MCV is the use of small multiples views to show small visual-

izations of different dimensions or aspects of the data. The approach visualizes different

aspects of the data on multiple small views usually of the same visualization type (e.g., mul-

tiple scatterplots in a scatterplot matrix, or multiple choropleth maps) [104], allowing users

to follow the trends and compare multiple views of the data at the same time [57, 65, 108].

From a geospatial analysis perspective, the coordination between parallel coordinates

and geovisualization approaches have been studied for many years [7, 50]. However, there

remains a shortage of geovisual analytics systems that support interactive analysis of high

dimensional geotemporal data [12]. Furthermore, linking these approaches within an inte-

grated analysis of qualitative non-spatial attributes remains an open problem that we wish

to address in this research.

2.6 Environmental Data Visualization and Visual Analytics Approaches

Due to human development and natural hazards, the natural equilibrium and resilience

of the environment and ecosystems is continuously changing [95]. Additionally, the huge
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demand humans are placing on the environment is causing numerous environmental prob-

lems [14]. A wide range of factors are impacting the environment; understanding the sig-

nificance of these factors plays a vital role in addressing environmental problems. There are

multiple biological, ecological, economic, and environmental factors that influence these

environments and ecosystems. These factors are heterogeneous with multiple interrela-

tions, and with important spatial and temporal aspects at different scales. In order to under-

stand environmental problems and supporting better ecosystem management, researchers

need to synthesize large amounts of information and analyze the complex relations in the

data [82, 14, 113].

In the last two decades, a number of researchers have explored various environmental

analysis tools [4]. Several assessments and analytical techniques (e.g., Strategic Environ-

mental Assessment [98], Life Cycle Assessment [37], and Cost-benefit Analysis [20]) were

introduced to analyze the impact of the different factors on the environment [4, 46, 67].

These tools allow researchers to assess the environment and the impact of factors used in

the analysis. Similarly, several frameworks have been proposed to guide researchers in

understanding diverse environment factors. For example, the DPSIR framework [15] (i.e.,

Drivers, Pressures, States, Impact, Responses) is used to describe the interaction between

society and the environment. The framework has been adopted by the European Environ-

ment Agency [42] and it has been widely used to assess and manage the environment in

various socio-environmental problem settings [15, 32].

With the increase need for improving current environmental decision support systems,

researchers investigated various multi-criteria decision making frameworks. These frame-

works use multiple performance measures and analytical methods to guide the creation of

scenarios that allow for the exploration of different decision alternatives [6, 74]. Investigat-

ing these alternatives provides decision makers with the means to understand the impact of
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different factors in the environment. The goal of these approaches is to explore how sce-

narios and factors influence the generated alternatives. However, they do not provide tools

to explore and analyze the actual environmental data, limiting their value if the goal is to

understand the relationships within the data. While these approaches are useful for study-

ing the impact of specific environments, they have limited abilities if you want to analyze

geotemporal patterns and trends.

Geographic information systems have been commonly used in analyzing environmental

systems, supporting the visualization and analysis of geotemporal environmental data [105,

113, 130]. As previously discussed, GIS visualizes multiple factors by displaying layers

of information over the geographical locations. Understanding the relations between dif-

ferent attributes involves merging and running several optimization algorithms on these

layers. With multiple operations and analyses provided in current GIS commercial sys-

tems, various GIS-based approaches have been developed to support environmental analy-

sis [113, 121]. As analysts need to make sense of the multiple layers of data, the analysis

of numerous diverse factors is still a challenging problem in these systems.

To address these shortcomings, some have proposed decision support systems for en-

vironmental problems that focus on engaging decision makers in the analysis process by

adopting an interactive visual analytics approach [74, 87, 112, 129]. These approaches use

visual analytics to extend current environmental analysis tools. An example of these ap-

proaches is a system to explore species distributions and their relationship to environmental

data by extending traditional GIS systems using a taxonomy viewer and multivariate tabular

visualization [130].

Others have developed similar methods to support exploring among environmental data,

but with a focus on specific environmental problems or domains [78, 112]. A visual analyt-

ics system was proposed to explore and analyze elevation changes in coastal environments

over time [114]. Another system uses multiple coordinated views to explore hydrodynamic
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simulations of coastal environments [53].

These approaches allow researchers to explore and make sense of complex environmen-

tal data, but they suffer from one main disadvantage most of these systems are domain and

task specific. With the large number of diverse databases and problems that need to be ad-

dressed, it is time consuming and unfeasible to develop a visual analytics approach for each

problem. While there is a need to develop visual analytics systems to support analysis of

the complex environmental data, the ability to generalize these systems to multiple datasets

is essential. Additionally, a detailed evaluation of the analysis of multiple environmental

datasets using visual analytics systems has not been investigated.
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Chapter 3

Geo-Coordinated Parallel Coordinates

With the increasing amount of data collected and stored, the ability to explore and

understand this data is an essential step for effective decision making. While understanding

massive datasets are a demanding problem, understanding high dimensional heterogeneous

geotemporal data is also challenging. Visual analytics provides an approach that combines

automated analysis and computation with interactive visualization to support understanding

and reasoning about complex datasets [13, 75].

The fundamental objective of this research is to support data analysts to discover new

knowledge and make informed decisions about the data by providing them with tools to ex-

plore and understand high dimensional heterogeneous geotemporal data. A visual analyt-

ics approach is employed to support exploring and analyzing complex patterns and trends

within such data. The main purpose of this work is to support reasoning and exploring

among the data, with a focus on five main design goals:

Support for high dimensional geotemporal data The system should provide the means

to visualize and interact with high dimensional geotemporal data. Both the visualiza-

tion and interaction have to facilitate identifying direct and indirect relations between

the high dimensional data and geotemporal aspect of the data.

46



Support for different types of data The system must be able to support a mix of quan-

titative, qualitative, ordinal, spatial, and temporal data. This includes the ability to

identify, visualize, and handle different data types automatically.

Easy to communicate To support decision making and facilitate explaining patterns in the

data to officials and non-technical users, the system has to be easy to explain. The

visualizations must be easy to interpret and communicate with other parties. The

goal is to assist in information exchange and communicating insight gained from the

system.

Flexible The system should easily be used to visualize different datasets from various

environmental studies or regions. Each environmental study usually has its own set

of parameters and dimensions. The aim of the system is to provide a tool that can

be used in various studies to support the analysis of high dimensional geotemporal

data. This flexibility has to extend to various other features of the system. With a

high number parameters in environmental studies, the system should enable analysts

to focus on a small subset or provide an overview of the whole dataset.

Focus on interaction In general, the main tasks for any analysis is to synthesize infor-

mation, explore the data, derive insight, detect the expected, and discover new unex-

pected knowledge [75]. One goal of this work is to concentrate on providing multiple

interactions to support these tasks and enable exploration and understanding of the

data. The interaction of users with the data should provide a dialogue with the data

and allow analysts to take part in the analysis process [103].

This Chapter describes the design and the implementation details of this visual analytics

system, called Geo-Coordinated Parallel Coordinates (GCPC). GCPC uses multiple coor-

dinated views to show, examine, and explore high dimensional heterogeneous geotemporal

data. It has been designed to enable the interactive analysis activities described in Keim’s
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visual analytics mantra: “analyze first; show the important; zoom, filter, and analyze fur-

ther; details on demand” [75]. Following this mantra, the initial view of the system shows

the main aspects in the data after they have been preprocessed. Multiple coordinated views

allow the user to investigate the data using filters, zooming, and other interactions across

the different visual representations. Additional analysis tools are provided to explore di-

rect correlations between factors, analyze outliers, and examine details about the statistical

distribution of the data. A detail window and table view provides users with raw data and

detailed information on demand.

This remaining of this Chapter presents the key features of GCPC in detail. Section 3.1

provides an overview of the system architecture and the core modules. A system block

diagram is used to illustrate the connection between the different modules with a brief

description of each module. Next, the details of each module are explained in Section 3.2.

Finally, Section 3.4 discusses the system with respect to the stated research challenges and

design goals.

3.1 System Architecture

To support the analysis of the multiple aspects of high dimensional heterogeneous

geotemporal data, GCPC consists of multiple visualizations with various coordinated inter-

actions. The core of the system consists of two tightly integrated views: a parallel coordi-

nates plot and a geovisualization. The integration between the two views allows the system

to represent high dimensional, heterogeneous, temporal, and geospatial aspects of the data

simultaneously. An additional scatterplot view allows analysts to interactively investigate

direct correlations between different dimensions. Figure 3.1 illustrates the architectural

structure of GCPC.

Prior to using any dataset in the system, the data have to be preprocessed to a format
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Figure 3.1: The architectural diagram of GCPC

readable by the system. This step re-configures the data into a tabular format and converts

raw data to more useful configurations (e.g., converting location information from text

form to latitude and longitude). The results from this one time preprocessing phase are

then stored in a database system, which will be used to introduce data to the system.

Once the data are stored in the database, the next step is to load the data from the

database to the visualization. There are three main views: the parallel coordinates, the geo-

visualization, and the scatterplot. The high dimensional temporal, qualitative, and quanti-

tative aspects of the data are visualized using the parallel coordinates. The geospatial data

are presented by the geovisualization. The scatterplot allows the user to view direct and

indirect correlations between different dimensions. The coordinated filtering and manipu-

lation module is responsible for linking and connecting any filtering and interaction applied

in one view to all the other views.

The system includes multiple analytical components to provide automatic analysis for

the data. The first tool is the computation of statistical information for each dimension

visualized within the parallel coordinates view. The second component performs outlier

detection to allow users to investigate outliers in more detail or remove them from the

analysis. The full details of the data are provided by the data inspection module, which

allows users to drill down to details of the points to gain understanding of the context of
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the data.

The system was developed in three tier system architecture: data layer, logic layer, and

presentation layer. In the data layer, MongoDB [1] was used to store and handle the data

requests. PHP [56] was used to implement the logic tier in the system, running within the

Apache web server [48]. This layer is responsible for preprocessing the data, responding to

client requests, connecting to the database, and handling data manipulation. The last tier is

the presentation layer, which was implemented using JavaScript [47]. This layer represents

the interface and it is divided into the different components in the system (see Figure 3.1).

The interface was developed using the Data Driven Documents (D3) library [23] as the core.

Existing parallel coordinates [29] and geovisualization [2] plugins were used and extended

to add novel visual and interactive features. After the initial page is loaded, AJAX is used

to communicate between the interface layer and the web server.

3.2 Geo-Coordinated Parallel Coordinates

GCPC is composed of multiple views that are linked and coordinated with multiple

interactions. A parallel coordinates plot is used to visualize the high dimensional hetero-

geneous data. From within the parallel coordinates view, micro-visualization of statistical

information and encoding controls are displayed on top and bottom of each coordinate,

respectively. The parallel coordinates are tightly coupled with a geovisualization that dis-

plays the geospatial data using either a dot map or an aggregated hexagonal map. Figure 3.2

shows a screenshot of the system.

The scatterplot view allows analysts to interactively investigate correlations between

pairs of factors. The user could use the controls below each coordinate of the parallel

coordinates to choose the dimension visualized in the scatterplot. Data inspection is pro-

vided whenever the user selects a data point. The system includes a table view to support a
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Figure 3.2: The main view of the GCPC consists of parallel coordinates, micro-
visualizations of the statistical properties of each dimension, interactive controls for config-
uring the visualizations, a geovisualization of the geospatial distribution of the data, and the
investigative scatterplot. Here, the data is filtered for specific values on the first dimension
and coloured based on the values in the sixth dimension.

detailed inspection of multiple data points at the same time.

To support exploration within the data, one of the main features in GCPC is the tight

coupling between the multiple views using a highly coordinated interactions. To allow

users to explore the data in multiple ways, the core modules are linked through various

coordinated interactions: navigation and zooming, filtering, highlighting, and reconfiguring

the visualization.

Navigating through the data is supported on all views by allowing user to pan and zoom

into a subset of the data. Filtering and selecting subsets of the data are also supported in all

visual representations. While navigation and filtering are used to focus on a subset of the
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data, allowing users to change how the data is visualized also supports the understanding

of different patterns and features in the data. The system allows users to reconfigure the

visual encoding of the data based on any dimensions.

3.2.1 Preprocessing

Preprocessing is a fundamental step when one is dealing with heterogeneous raw data

from multiple sources. Raw data is often noisy, inconsistent, redundant, and erroneous,

therefore they normally need cleaning, transforming, and normalization before any analysis

step. With the goal of supporting the analysis of various datasets, we need to preprocess

the data to clean and format it before introducing it into the system.

To clean the data, a semi-automated process is used to check the data for inconsistent

values and categories (e.g., using different words for the same category, different units for

the same numerical data). In some cases, categorical data could be represented in the data

by numerical values (i.e., 0 and 1 instead of yes and no questions). This representation will

limit users’ ability to analyze and understand such data. Thus, based on the meta informa-

tion provided with the data, such numerical values are mapped to the correct categorical

data.

A PHP script has been developed to implement this process, which takes the raw data

and maps it to the correct categorical form. Data can be introduced to the script in various

formats. Comma separated values (CSV) could be used to input the raw data values. The

script requires that all data points have the same number of dimensions and that the geo-

graphical location dimensions are clearly marked (i.e., the name of the dimension has “geo”

for example geolatitude or geoaddress). The data must include a code book that contains

descriptions and the meaning of the categorical values for each dimension. This is used to

convert the values in the data to the correct category from the code book. The description

of the dimension and the type of data is then extracted and saved in the database.
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After the cleaning process, the data is transformed into a tabular format. Next, qualita-

tive dimensions of the data are converted into categorical or ordinal data if the data repre-

sents a specific order. Descriptive statistics about the quantitative dimensions are computed

to speed the initial processing of the data. When no metadata is provided with the data, the

type of each dimension is extracted from values and meta-data of the data are created and

stored.

Normally, geotemporal datasets have the exact geographical coordinates provided, but

some datasets just have a textual reference to locations (e.g., Canada or San Francisco

Bay). This text representation of the locations has to be transformed to exact geographical

coordinates. Therefore, the final preprocessing step is to run a geo-encoding algorithm [38]

to encode location information in the data to the exact geographical information and save

it to the database.

3.2.2 Parallel Coordinates Plot

A fundamental requirement of the system is to visualize and analyze numerous hetero-

geneous dimensions. Parallel coordinates plot is a visualization method that has multiple

advantages for analyzing high dimensional data [60]. Parallel coordinates use parallel axes

rather than orthogonal axes to organize the dimensions. The data are represented by lines

intersecting these parallel axes at the appropriate locations.

Due to the scalability of parallel coordinates with respect to the number of dimensions,

GCPC utilizes parallel coordinates as one of the main visualizations of the system. Another

advantage of employing parallel coordinates is that it permits users to follow the trend of

the data over multiple dimensions at the same time. Additionally, the use of parallel axes

in the view facilitates adding or removing dimensions dynamically.

To support heterogenous data in GCPC, the parallel coordinates is used to visualize the

quantitative, qualitative, ordinal, and temporal data. Numerical and quantitative values are
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rendered in a continuous scale over the coordinates. Qualitative data are represented in the

parallel coordinates with discrete points on the coordinate, which is ordered alphabetically

if the data is categorical or ordered appropriately if the data is ordinal. As a given dataset

may contain multiple different temporal aspects, it was decided to not provide a single

timeline to filter the data, but instead to include these within the parallel coordinates. This

allows the temporal features to be studied, filtered, and manipulated in the same way as

other aspects of the data.

To support exploration and interaction of the complex data, GCPC provides users with

multiple controls within the parallel coordinates. Figure 3.3 shows an overview of the

parallel coordinates view as displayed inside the GCPC. The name of the dimension and the

statistical distribution of the data are shown above each coordinate. The multiple controls

displayed under each coordinate allows users to manipulate and interact with this specific

dimension.

With high dimensional data, identifying patterns and trends in the parallel coordinates

across multiple dimension is not a trivial task. It requires following the data over multiple

coordinates and trying to understand the represented visual patterns. Another problem is

the difficulty of following the data polylines or trend with qualitative data because they fall

into discrete values. These discrete values will have a lot of lines coming into and out of the

Figure 3.3: An overview of the parallel coordinates view as seen inside the GCPC.
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same location and it will be difficult to follow a specific value across multiple dimensions.

To support detecting these trends, the system allows users to encode the colour of the data

in parallel coordinates based on a selected dimension.

Users can choose a dimension to colour by clicking on the “colour” control under each

coordinate. Figure 3.4 shows the data in the parallel coordinates coloured using the values

in the eighth dimension. To enable users to perceive the connection between various aspects

of the data, selecting a dimension to encode colour will change the colour used to render

the data. The change in colour is reflected in the parallel coordinates and in all the other

views (i.e., the geovisualization and investigative scatterplot). The coordination of colour

encoding between these views allows users to understand the different aspects of the data

and link them together.

In order to ensure proper interpretation of the colour encoding, the encoding scheme is

different for each data type. Quantitative data is encoded with a continuous colour scale

on a perceptually ordered scale [61, 127]. The perceptually ordered scaled is generated by

varying the brightness component of a colour (i.e., empirically selected purple). To encode

the data into brightness, the data are normalized from the raw data range to values between

(0 − 100) which are then used as brightness values. The ordinal data (which are discrete

in nature) are encoded with a discrete perceptually ordered scale. Similar to quantitative

data, ordinal scale vary the brightness component of the colour but at discrete intervals

depending on the number of possible values on the ordinal scale.

Encoding qualitative data using the same colour scale will result in interpreting the

data as ordered values. To provide a better understanding of such data, qualitative data

are encoded with perpetually distinct colour that are easy to distinguish from each other.

The distinguishable colours are selected by varying the hue component of the colour and

selecting colour on opposite chromatic channels. The number of distinct values in the data

is used to divide the hue channel in the HSB colour space and select the colour at equal
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(a) Colour encoding of quantitative data

(b) Colour encoding of qualitative data

Figure 3.4: Figure a) shows the colour encoding of quantitative data in the parallel coordi-
nates. In the figure, the eighth dimension is used to encode the colour of data. Figure b)
shows the colouring of qualitative data inside parallel coordinates.

intervals from the opposite chromatic channels.

These colour scales were chosen with an awareness of colour theory and the human

interpretation of colour [127], using ColorBrewer [24] as the starting point for the spe-

cific scale selections. Section 2.1 provides more details about colour selection and Oppo-

nent Process Theory of Colour [61]. Figures 3.4a and 3.4b show the parallel coordinates

coloured based on quantitative and categorical dimensions respectively.

While there are numerous advantages for using parallel coordinates, there are also a few

disadvantages. One of the main disadvantage is over-plotting and the resulting occlusion

when rendering a large dataset. Adding interactivity to the parallel coordinates addresses
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part of the problem by allowing users to investigate different configurations and subsets

of the data. Filtering and zooming are two of the main interactive features to explore

data in any visualization systems. In GCPC, investigating interesting subsets of the data

is supported by filtering the data using brushing operations on the coordinates. The user

could drag the mouse over any dimension to start the brushing operation, which will filter

the data using the selected values. The system supports multiple filtering and brushing at

the same time to allow for investigating multiple dimension.

Filtering and selecting data allows users to narrow down the data based on some values.

However, if the data is highly skewed or tightly coupled with a small range of values, filter-

ing will not provide users with more details about the data. Detailed analysis of such data is

supported in GCPC by allowing users to zoom-in on the brushed data. When users want to

zoom-in to the values, they can just click on the “zoom-in” icon under the dimension they

want. Zooming-in on the data will re-scale the data displayed in the parallel coordinates

based on the selected subset of the data, which will expand the data from a narrow range to

the whole range of the parallel coordinates (see Figure 3.5). This allows users to examine

a subset of the data that is tightly clustered within a narrow range of values.

Another disadvantage is that due to the nature of the parallel coordinates, detecting di-

rect correlation between the dimensions is limited. While it is easy to identify relations

between two successive coordinates, it is hard to recognize direct relations between distant

coordinates. This means that the order of the coordinates within the parallel coordinates

impacts whether the users can identify relations between dimensions and understand the

general trends. The system provides users with the ability to reorder the coordinates to

support identifying relations for multiple dimensions. Users may drag a coordinate from

one location in the parallel coordinates and drop it in another, which will move the coordi-

nate and all its controls to the new location. The system immediately re-renders the data to

reflect the new order of coordinates, allowing users to see direct relations.
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(a) View before zooming in

(b) View after zooming in

Figure 3.5: Figure a) shows the view before zooming in. Figure b) shows rescaling of all
the dimensions after zooming in to the data.

When the number of dimensions increases tremendously (i.e., more than 50), it be-

comes extremely difficult to analyze such a large number of dimensions at the same time.

To support users in focusing on the most relevant dimensions for their analysis, GCPC

allows users to select the dimensions to be included or excluded from the visualization.

Based on the system configuration, the initial view of the system could either show the first

15 dimensions in the dataset or a model window allowing users to select which dimension

to visualize. During the analysis users may click on the “settings” icon on the left corner

of the parallel coordinates to add or remove dimensions from the analysis. The selection

dialog contains all the available dimensions in the dataset, permitting users to choose which

58



dimensions to add or remove from the analysis. After selecting and saving the dimension

to analyze, the system will re-render the parallel coordinates using only the dimensions

that have been selected. The set of selected dimensions is saved in GCPC to continue the

analysis at a later time.

3.2.3 Geovisualization

To allow users to observe and interpret the spatial distribution of the data, a geovisual-

ization is used to visualize geospatial aspect of the data. This is an essential part of GCPC,

allowing for the exploration among the relations between multiple factors and the geospa-

tial aspects of the data. Displaying different views of the same data on both the parallel

coordinates and the geovisualization, allows users to understand the relations between the

different aspects of the data. Detailed analysis and understanding of various relations is

supported by tightly coupling the parallel coordinates and the geovisualization using mul-

tiple coordinated interactions.

GCPC contains two main modes of displaying geospatial features on the map: a dot

map, and an aggregated hexagonal view. The dot map shows the raw spatial point location

using circles at the appropriate location. Settings below the parallel coordinate plot allow

for the manipulation of two visual variables within the geovisualization: the colour and size

of the circle. To coordinate between the multiple views of the system, the colour scale used

in the geovisualization is the same as the one used in the parallel coordinates. Depending

on the type of data, the scale will either be perceptually ordered or perceptually distinct

colours. To encode data to the size (i.e., to the radius of the circles) without adding visual

clutter on the map, the data is normalized to values between (1− 10).

With large data sets, it is beneficial to have an aggregated overview of the data rather

than be distracted by the raw data. The aggregated view allows users to quickly assess

the location of a high number of points or grasp the low and high level of distribution of
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the data. GCPC provides overview of the geospatial data using the hexagonal binning that

represents aggregated such a spatial data using an hexagonal grid. Figure 3.6 shows an

example of both view modes.

While the process for producing the dot map is straightforward, there is some complex-

ity in the creation of the hexagonal bin map. A grid of hexagonal polygons is layered over

the map, and the data are aggregated based on which bin it falls into [28, 101]. Based on the

raw location of each point of data, the point is aggregated to a specific hexagon. The default

is to simply count the number of data points in each bin, but more complex aggregations

such as total or average of a given dimension of the data are also possible. The sizes of the

hexagons are then used to encode the number of data points aggregated within the bin.

When the data is aggregated in the hexagonal bins, the colour and size encoding cannot

be used directly. Instead, the size is used in the binning algorithm to reflect the number

of points inside the hexagon and the colour is used to encode the combined value of the

aggregated data [28]. The final colour of each hexagon is determined by the average value

of quantitative data or the most frequent value of qualitative or ordinal data. As ordinal and

temporal data are encoded with a discrete perceptually ordered colour scale, the colour of

the hexagons will be determined as in quantitative data by the average of the aggregated

(a) A dot map view (b) The hexagonal binning view

Figure 3.6: Example of the dot map and the hexbinning views
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data.

The initial view of the data will be zoomed out to give an overview of the whole data

extent. The normal pan and zoom operations on the map allow users to view more closely

the geospatial relationships among the data. The zoom-in and zoom-out of the hexagonal

view will recompute the grid based on the zoomed area, which allows users to get an

overview of the data in the zoom out view then get more details when they zoom in.

One of the main coordinated interactions between the parallel coordinates and the geo-

visualization is the filtering. Any filtering or zooming on a parallel coordinates view auto-

matically filters the data on the geovisualization. The coordination support users to explore

and analyze multiple aspects of the data by focusing on a subset of the data in all views.

Allowing users to select and filter data based on geospatial location from the map provides

them with further exploration capabilities. In order to support the investigative analysis of

the data, the geographical filter is automatically coordinated to all the other views. Users

can select interesting geographical patterns to focus on and then explore the high dimen-

sional aspect of the filtered data.

Due to the natural irregularity of geographical locations, geospatial data visualized over

a map are hard to select and group using regular rectangle filters. For example, selecting

data points mapped over Europe without adding extra points could not easily be achieved

using regular rectangle selection tools. To allow users accurate selection of interesting

geospatial data, the system provides an arbitrary shape geospatial filter. Users can activate

the geographical filter and select a geographical location to investigate. The system allows

users to draw polygons to create an arbitrary shape that overlaps a region of interest (see

Figure 3.7). The filter will remove all data points outside of the drawn shape, both within

the geovisualization and also from the other visual representations. However, GCPC will

only allow users to draw closed polygons to filter the data.

Another interaction that allows users to link the geospatial data to the high dimensional
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Figure 3.7: Example of using the geospatial filter to filter the data based on arbitrary shape

aspect of the data is the coordinated highlighting. The coordinated highlighting allows

users to select specific data points within the map in order to highlight their attributes

in the other dimensions. When users hover over a point on the map, the point will be

highlighted (i.e., visually encoded using a different colour than the rest of the view) in all

the other views and the tooltip is displayed. If the hexbining view is active, all the data

points aggregated in the hexagon will be highlighted. Additionally, hovering over a point

on the map links to the parallel coordinates and vice versa, providing users with quick

investigative tools to analyze the relations between the different aspects of the data.

These interactions features enable the co-exploration of the data within both the high-

dimensional elements and the geospatial elements. Users will be able to relate the different

aspects of the data by seeing and interacting with the same data on different visualizations.
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By combing multiple filtering and encoding operations between the geovisualization and

parallel coordinates, complex geotemporal patterns and trends can be isolated and analyzed.

3.2.4 Investigative Scatterplot and Correlation Analysis

Investigating the correlation between different factors and dimension is essential to un-

derstanding the complex relations within the data. While the order of the dimensions in the

parallel coordinates may be manipulated to observe the patterns or relationships, analysts

may wish to investigate such relationships in more detail and in a more fluid and interactive

ways. A scatterplot is a powerful technique used to investigate direct and indirect relations

between different dimensions of the data [73].

A scatterplot is a 2D visualization with horizontal and vertical axes to represent two

dimensions. Datapoints are represented by points scattered in the 2D space with respect

to their values in each dimension. Using the scatterplot, the clusters, trends, and direct

correlations of the two dimensions are easily identifiable [73, 126]. Traditionally the scat-

terplot visualizes two dimensional data using orthogonal axes, but more dimensions could

be encoded in the graphical properties of the points. Using colour and size to encode other

dimensions of the data in the scatterplot provides users with a means to identify indirect

relations between the encoded dimensions. By allowing users to select which dimension to

encode in the scatterplot, the visualization provides a tool that support detailed investiga-

tions of the different correlations between multiple dimensions.

In order to support such exploration of the possible relations between various dimen-

sions, GCPC allows users to select and visualize up to four dimensions at the same time.

Users may start their analysis by choosing the two dimensions of the data to plot using the

controls under the parallel coordinates. Doing so results in the creation of a scatterplot of

the data. By selecting to encode specific dimension on the x- and y- axes, the scatterplot

enables a direct and intuitive analysis of the correlation between these selected attributes.

63



The system also allows users to select which dimension to encode as colour, size, or both,

allowing for the interactive visualization of four dimensions of the data. In order to easily

coordinate between the multiple views in GCPC, both the colour and size scale are the

same throughout the system. As in the parallel coordinates and the geovisualization, the

colour scale is based on the type of data. As users can easily change which dimension are

displayed in the scatterplot, correlations can be investigated quickly and easily.

Figure 3.8 shows how users could interact and use the investigative scatterplot. Figure

3.8a shows using the scatterplot being used to visualize the “Area” and the “Population” of

barangay (i.e., a village). A number of interesting clusters and patterns can be easily identi-

fied from the scatterplot. Adding another dimension to the visualization may provide more

understanding of the underlying data. For example, users may then add another dimension

either by encoding it as colour (see Figure 3.8b) or as size (see Figure 3.8c). Figure 3.8b

shows that by encoding “Conflict” to colour, it is clear that there is more conflict in regions

with low population and smaller areas than in larger regions. Looking at Figure 3.8c, users

could recognize the relation between “Population” and “Employment rate”. Using both

colour and size, the scatterplot could be used to confirm or deny any relation between these

dimensions (see Figure 3.8d). By allowing users to dynamically select the dimensions,

users are able to investigate the different relations in the data. Permitting users to examine

and confirm the multiple possible relations within the data will help them to identify the

various patterns and trends in the data.

Following the same coordinated interaction within the other views of the data, the scat-

terplot provides multiple interactions that are automatically coordinated to the other views.

Users may use the scatterplot to filter data based on specific clusters or regions in the

scatterplot. A rectangular filter is utilized by brushing over a region of the interest in the

scatterplot. The brushed points are highlighted in the scatterplot view and filtered from the

other views. The user activates the brush by clicking on the “crop” icon over the scatterplot,
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(a) Scatterplot encoding 2D (b) Scatterplot encoding 3D

(c) Scatterplot encoding 3D (d) Scatterplot encoding 4D

Figure 3.8: Example of using the investigative scatterplot (a) Shows the encoding of 2
dimensions (i.e., area of and population of barangay) to the x-axis and y-axis. (b) Shows
the encoding of 3 dimensions (i.e., the area of barangay, the population of barangay, and
conflict) to x-axis, y-axis, and colour. (c) Shows the encoding of 3 dimensions i.e., the
area of barangay, the population of barangay, and employment rate) to x-axis, y-axis, and
size. (d) Shows the encoding of 4 dimensions (i.e., the area of barangay, the population of
barangay, conflict, and employment rate) to x-axis, y-axis, colour, and size.

then brushes over the region inside the scatterplot to filter the data. All points outside this

rectangle region are removed from all the other visualizations. The user can remove the

filter by clicking on the “crop” icon for the second time. Selecting individual points will

highlight their counterparts within the parallel coordinates and the geovisualization.

Another interaction supported in the scatterplot is highlighting of point when users

hover over a point in the plot. Hovering over a point on the scatterplot will show the

tooltip on the scatterplot and highlight the data point in both the parallel coordinates and

the geovisualizaiton. This allows users to connect and relate the point in the scatterplot to

the other views, which supports users in exploring and investigating the different aspects
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of the data that are not shown in the investigative scatterplot.

3.2.5 Statistical Descriptors

One main criticism of using parallel coordinates is the difficulty in identifying the dis-

tribution of the data on a given dimension. The problem is more evident with large datasets

where a large number of lines are drawn in the parallel coordinates. The compact nature

of the parallel coordinates may result in overplotting and visual clutter, making it difficult

to identify the precise number of data points going through a given value on a specific di-

mension. As a consequence, it is hard to spot frequent values for specific dimensions or

recognize other statistical properties of the data.

To address this limitation, micro-visualizations have been added to each parallel coor-

dinate to illustrate the statistical properties of the data. While others have explored sim-

ilar solutions by overlaying the statistical descriptors on the coordinates themselves [62],

GCPC provides these on top of each coordinate, allowing the information to be observed as

needed without interfering with the interpretation of the data shown in parallel coordinate

plots.

Depending on the data type, the important statistical information is different. Quan-

titative data could be described using average, standard deviation, and similar statistical

descriptors. On the other hand, qualitative data are better described by the frequency of

occurrence in the data. To support analysis of the different types of data, the format of

these statistical descriptors depends on the type of data they describe.

Tukey box plots [120] are a common visual encoding that provides a compact represen-

tation of the distribution of a set of numerical values. Quantitative data is visualized using

the Tukey box as it represents a convenient method to display statistical properties about

a set of data. It makes it easy to observe distribution properties which includes: average,

max, median and quartiles information. Figure 3.9 illustrate how to read a box plot and
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Figure 3.9: Example of a Tukey box plot

where to find the different quartile information. The box boundaries represent the lower

1/4 and upper 3/4 quartile of the data. The median is displayed by a horizontal line inside

the box of the plot. The whiskers show the fifth and ninety-fifth percentile of the data. Data

outside the fifth and ninety-fifth percentile are shown as points.

Using the plot for multiple dimensions makes it easy to estimate the spread of the data

and allows users to compare its distribution. It is a concise way to compare distributions as

it allows observing if the data is symmetrical, if there is a skew in the distribution, or how

tightly the data are grouped. Figure 3.10 shows an example of the box plot across multiple

dimensions. It is easy to identify the dimension where points are distributed evenly, the

dimension with large spread over the values, or the dimension tightly grouped in lower

values.

For qualitative and ordinal data, measuring the quartile and median is meaningless;

therefore another graphical representation is needed. A histogram of the distributions is

used instead, to allow users to observe the frequency of each category. A micro-histogram

is represented using a bar chart to visualize the frequency of specific values inside the data.
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Figure 3.10: Tukey box plot for multiple dimensions

Figure 3.11 show an example of the histogram plot over the dimensions of three parallel

coordinates.

While the initial computation of the statistical information is important to provide an

overview of the distribution of the data, any filtering or zooming on the data from any view

will change the values displayed and along with it the distribution of the data. Recalculating

and rendering the statistical properties whenever users filter the data provides the users up-

to-date statistical properties of the filtered data. The changes between the distributions of

different subsets of the data allows users to investigate various relationships and patterns in

the filtered data.

Figure 3.11: Example of histogram plot for multiple dimensions
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3.2.6 Outlier Detection

An outlier is defined as a data point that is notably different from the rest of the

dataset [3]. Algorithms that detect outliers generally create a model of the normal pat-

terns and data distribution, which they use to label data points that do not fit the model as

outliers [3]. Outliers are important as they may represent noisy data, significant abnormal

incidence, or erroneous data points.

One of the criticisms of parallel coordinates is the difficulty in identifying outliers, due

to the significant visual weight that is given to the dominant pattern within the data [60, 96].

As a result, it is difficult to visually isolate data points that are different from the norm. In

some cases, such outliers may be uninteresting, and there may be a desire to remove these to

reduce the additional visual clutter they cause. In other cases, the outliers may be important

for the analysis at hand, and there may be a desire to highlight them. In order to support

outlier analysis, GCPC includes an automatic outlier detection algorithm. The algorithm

detects the outliers in a given dataset and then allows users to manipulate them.

A variety of methods have been developed to detect outliers in a given dataset. Ex-

treme values methods are simple techniques where the normal probability distribution of a

dataset is computed and an outlier is detected if it lies in the extreme ends of the normal

distribution [3]. Cluster based methods group points to multiple clusters and considers a

point without a cluster an outlier [3]. Distance based models try to compute the distance

of each point to the nearest k clusters or distribution. If the distance is larger than a pre-set

threshold then the point is considered an outlier [26].

While there have been multiple algorithms to detect outliers, most of these algorithms

lose accuracy when they try to model high dimensional data [3]. Extreme values are harder

to detect in high dimensional data even if the algorithm uses probability distribution to

model the extreme values. Clustering based method will rely on the ability of the clus-

tering algorithm to group high dimensional points. Few outlier algorithms adapt to high
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dimensional data effectively [81, 109, 26].

GCPC employs an outlier detection algorithm that is designed specifically for high

dimensional data. Angle based outlier detection a (ABOD) is based on the comparison

of the angle between high dimensional vectors [81]. This approach is useful as it reduces

the effect of the curse of dimensionality by using the angles between vectors instead of

other distance measures. A second advantage of this method is it does not require prior

knowledge of the data distribution or training on a sample dataset to detect outliers.

The algorithm computes an outlier score based on the variance of the angle between

pairs of high dimensional vectors [81]. The algorithm is based on the observation that a

point inside a cluster will be surrounded by other points. This causes the angle between the

vectors from this point to other pairwise points to be wider than a point outside the cluster.

As the point will be surrounded by multiple points in all directions, the angle between it

and all other pairwise points will have a wide range of values. On the other hand, in the

case of a point outside a cluster, the point will be farther and the angle of pairwise points

will be smaller. As the outlier point will be further away from the other points, this angle

between vectors will have small variance with respect to other points.

Figure 3.12 illustrates the observation where angle γ (i.e., from the outlier point) is

smaller than angle β (i.e., from the point on the border of the distribution), and both are

smaller than angle α (i.e., from a point inside the distribution). A closer look at the outlier

point in the Figure shows that the variance of angles between the outlier point and all other

pairwise points will be small relative to the other points.

Prior to computing the outlier score, the angle between two vectors from a point A in

the dataset to all pairwise points (i.e., points B,C) is computed. The statistical variance of

the computed angle for each point in the dataset indicates the location of the point in the

distribution. This variance is computed for every point in the dataset and used as outlier

score. The points that are inside the distribution will have high variance as they will have
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large differences in the angles to other points. In contrast, outlier points will have a smaller

variance indicating the low difference in angles between different pairwise points.

The angle based outlier detection ABOD score of point A is computed as follows:

ABOD(A) = V ARA,(B,C)εD

(
〈ĀB, ĀC〉

‖ ĀB ‖2‖ ĀC ‖2

)
Where A,B, and C represent data points in the dataset D, and V AR is the variance of

point A. 〈ĀB, ĀC〉 is the angle of the high dimensional vectors from point A to points B

and C (i.e, ĀB and ĀC). V AR is the statistical variance of the angles between point A

and all pairwise B and C in the dataset D. The length of vectors ‖ ĀB ‖, ‖ ĀC ‖ are used

to normalize the computed angle, which gives more weight to the score if points B and C

are nearer to point A. The ABOD(A)is computed for every point A in the dataset D.

Once the variance is computed for each point, the system ranks the points based on

this computed score and use it as the outlier score. Following this ranking, the points are

labelled as outlier if the score is lower than an empirically set threshold (i.e., 5% of the

maximum score in the dataset).

Figure 3.12: The observation behind angle based outlier detection algorithm [81]
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As the system supports high dimensional heterogeneous data, mapping the different

types of data to numerical values is required before running the algorithm. The algorithm

computes the angle between high dimensional data, but for accurate computation of the an-

gle the values need to be numerical. Although not entirely accurate, the system normalizes

qualitative and ordinal data and maps them to numerical values between (1 − 100). This

allows the algorithm to compute the angle between different qualitative values, but these

angles may not entirely accurate.

Because this algorithm must compare each data point to all pairwise points, it is com-

putationally expensive (O(n3)). While classifying the data using an algorithm such as

k-nearest neighbors can speed up the approach [81], for our purposes, it is not necessary to

calculate these outliers in realtime. Instead, the outlier scores and ranking can be calculated

during the preprocessing step and stored as part of the data, but keeping the cutoff threshold

for outlier classification as an interactive parameter.

GCPC allows users to explore the outliers in multiple ways. Users may start the outlier

analysis by clicking on the outlier button. Users may then choose whether to use this to

filter out the outliers or highlight them for detailed investigation. Filtering the outliers will

remove them from the current view in the parallel coordinates. Highlighting the outliers

will select them in the view and allow users to further explore them using GCPC. This

allows users to investigate the details of the outliers and check if they are actually interesting

before either removing them from the analysis or keeping them as they are.

Users may then choose how sensitive to make the outlier detection, a slider is provided

so users can change the cut off threshold of the outlier algorithm. The slider controls the

threshold that labels the outliers based on the ranking of the ABOD algorithm. Users can

move the slider to change the threshold and see the change in the selected outliers view, or

remove additional outliers from the view.
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3.2.7 Data Inspection

During the exploration of the data, it is important to maintain the ability to drill down

to the raw data in order to allow users to inspect the actual values. This inspection may be

used by users to confirm what has been shown visually. The details should provide users

with ability to see the context of the data and investigate the visual representation of the

data.

The system provides users with various methods to inspect and view the raw data. The

first is the tooltip that appears when users hover over a single point either on the map or the

scatterplot. Hovering and selecting a single line from the parallel coordinates using a mouse

is difficult and error prone. Therefore, we did not attach a tooltip to the parallel coordinates

lines. The tooltip displays the value of the location and any dimension selected (i.e., from

the parallel coordinates controls) to encode a visual parameter. Selecting and clicking an

individual point in either the map and scatterplot views will highlight the point in all the

views and show the details window. The system populates the details window with the

complete set of data from this point to provide all the information about the specific point.

Figure 3.13 shows a section of the inspection window, which displays a table with the

complete data.

The second data inspection tool available to users is the detail table of the dataset. The

Figure 3.13: Inspection window

73



table permits users to display information in a tabular format which could be easily exported

and copied to other systems. The table format enables users to get the exact values of every

point in the data that is currently being shown (i.e., based on filtering operations). To

adhere with our goal of displaying details only on demand, users could show or hide the

detail table.

To support the exporting of the results of the analysis to another system, the table view

is coordinated with all the other views. The table will only show the details of the subset

of the data that are displayed in the other views. Any filtering of the data in the parallel

coordinates plot, map, or/and scatterplot will be reflected in the table view. Highlighting

and selecting points are also coordinated with the table view. In all the views, when users

hover or select a point the respective row in the table will be highlighted.

3.3 Exploration Scenario

This section describes an exploration scenario of a dataset from the fisheries domain.

The dataset was provided by the Too Big To Ignore (TBTI) research project, whose goal

is to document and study the impact and importance of small scale fisheries around the

world [51]. It consists of 127 data points over nineteen dimensions that include quantitative,

qualitative, ordinal, temporal, and geospatial attributes that describe the small-scale fishing

industry around the world.

Before displaying the visualization, GCPC processes the data to organize it in the ap-

propriate format and compute the initial statistical information. The initial view of the

system allows for an overview of the data, which will show the important high dimensional

and geotemporal aspects of the data (see Figure 3.14a). One aspect of the data that can be

readily observed from the overview is that it is highly irregular, with a small number of

extreme values that extend the range of some coordinates (e.g., Inshore Fishing Area (third
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parameter), and Fishers Count (sixth parameter)).

The system permits users to filter, zoom, and explore the data in multiple ways. Using

the built in mechanisms in GCPC, the interactive focusing, filtering, and zooming features

on the coordinates of interest can address this problem. To focus on the data in the Inshore

Fishing Area dimension, the researcher needs to drag a bounding box over the coordinates

to filter the data on this dimension. Clicking on the zoom icon will cause the selected range

to fill the available space for the coordinate in question. To focus on countries with a low

number of fisheries, the researcher can filter the lower part of the Fishers Count coordinate.

The results of filtering and zooming operations can be seen in Figure 3.14b.

To further analyze the data, the researcher may be interested in the development and

testing of an hypothesis that relates Total Catch, Boats Count, Fishers Count, and Total

Landings. A first step in such an examination is to re-order the coordinates such that they

are adjacent to one another (see Figure 3.15a). More complex relationships can be observed

using the investigative scatterplot, mapping these attributes to the x-axis, y-axis, colour, and

size options. (see Figure 3.15b). Since the colour and size parameters are also represented

on the map, the locations where the Total Landings and Fishers Count are large can be

observed (see Figure 3.15b).

After the previous observation and exploration, suppose the researcher wishes to study

the gender distribution of small-scale fishers between Europe and Africa. The map can be

zoomed to these regions independently, and then free-form shapes can be drawn around the

areas of interest. Doing so filters the data shown in the parallel coordinates, which may be

further filtered, perhaps in order to focus on the gender distribution in the most recent data

(Figure 3.16a and 3.16b).
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(a) First view of the system

(b) Zooming in to main values

Figure 3.14: Exploration scenario: overview and zoom
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(a) Reoerdering the dimensions

(b) Using the investigative scatterplot

Figure 3.15: Exploration scenario: furthur analysis
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(a) Geofilter on Europe

(b) Geofilter on Africa

Figure 3.16: Exploration scenario: exploring using the geofilter
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3.4 Discussion

Understanding high dimensional data that has multiple aspects is a complex task that

requires linking and analyzing the relationships between these aspects. While analyzing

heterogeneous high dimensional data is a complex task, adding geotemporal aspects of the

data is even more challenging. Analyzing and understanding the wide range of diverse

dimensions or factors and their complex relations with the geotemporal aspect of the data

is an ongoing research problem. This work addresses challenges in analyzing high dimen-

sional heterogeneous geotemporal data. The research focuses on problems in exploring

and analyzing environmental datasets, as an example of geotemporal data with a mix of

quantitative, qualitative, ordinal, and temporal data.

This work presents Geo-Coordinated Parallel Coordinates, a system to support the anal-

ysis of complex environmental data. The design and implementation of GCPC address

challenges of high dimensional heterogeneous geotemporal data analysis by adopting a

visual analytics approach. By combining information visualization, data processing, and

interactive interfaces, users are able to make sense of the highly complex data [75]. The

design of the system adheres to a set of design goals, which focused on supporting visual

exploration of high dimensional heterogeneous geotemporal data with multiple coordinated

interaction, flexibility with respect to supporting a board range of datasets, and easy com-

munication for the gained insights.

GCPC employes multiple visualizations to depict the various aspects of the complex

data. Tightly coupled parallel coordinates and geovisualization allow users to view the

high dimensional heterogeneous and geospatial aspects of the data at the same time. Ad-

ditionally, an investigative scatterplot is used to support interactive analysis of correlations

between user specified multiple dimensions. The tight coupling between all the views of

the system allows users to relate and understand the different aspects of the data.
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Additionally, to support the analysis of different types of data, the techniques for han-

dling each type are different throughout the system. For example, to ensure proper in-

terpretation of colour, the colour encoding scheme is different for each type of data (e.g.,

perceptually orders colours for ordered data). Additionally, the statistical properties are

displayed using different visual encoding for each discrete or contentious data. The dif-

ferent micro-visualization formats allow the analyst to quickly observe and interpret the

different types of data, providing an overview of the features of the dataset.

The coordination between these views allow users to explore different subsets and as-

pects of the data. While navigation and filtering allows users to explore and focus on

subsets of the data, allowing users to change how the data is visualized also supports the

understanding of patterns and features in the data. Using multiple interaction and combin-

ing the different filters provides users with powerful analysis capabilities, allowing them to

understand the complex patterns and trends in the geotemporal data.

Engaging the user in the analysis process is a fundamental requirement of any ex-

ploratory data analysis approach. GCPC is designed to support users in their knowledge

discovery through the visual analytics process. The system follows Keim’s visual analyt-

ics mantra “analyze first; show the important; zoom, filter, and analyze further; details on

demand” [75], as previously discussion in Section 2.2.

Before displaying the visualization, GCPC processes the data to organize it in the ap-

propriate format and compute the initial statistical information. The initial view of the

system allows for an overview of the data previously preprocessed data, which will show

the important high dimensional and geotemporal aspect of the data. The system permits

users to filter, zoom and explore the data in multiple ways. These interactions and manip-

ulation of the data are reflected in all views to provide users with a deeper understanding

of the different aspect of the data By combining these multiple interactions in the system,

users are able to explore the different subsets of the data and investigate their hypotheses
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in more detail.

Users will be able to further analyze the data using their interaction with the system and

using the multiple automated analysis methods provided by the system. Interacting with

the investigative scatterplot allow users to investigate the correlation between the different

dimensions. Additionally, the outlier detection algorithm will permit users to automatically

detect outliers points and examine if they are beneficial to their analysis. There are various

methods that the system uses to provide users with details of the data, allowing them quick

and easy access to details on demand.
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Chapter 4

Field Trial Evaluations

4.1 Introduction

An integral part of research is evaluating the work to ensure that the proposed solution

addresses the main challenges, and to assess the benefits of the proposed approach. In infor-

mation visualization and visual analytics, user studies are one method of evaluation that al-

lows researchers to validate the design choices and confirm or reject their hypotheses [27].

In this Thesis, a visual analytics approach was presented to support the exploration and

analysis of complex environmental data. The goal of the evaluation was to assess the value

of the approach and to understand how the system supported visual analysis and reasoning

about the data. It ensured that the proposed approach addressed the previously identified

challenges in the analysis of environmental data. Additionally, the field trial methodology

used in this user study provided an understanding how domain experts use the system to

explore within environmental data.

A number of hypotheses were prepared to predict user performance, validate the ap-

proach, and guide the evaluation. The user study evaluation focused on how environmen-

tal analysts use the system to explore and analyze the data. This user study provides an

understanding of the usability and effectiveness of the system and its different features
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with respect to the analysis task analysts are performing. Qualitative methods based on

field observations and interviews were used to assess how the system supports analysts in

knowledge discovery and decision making.

The evaluation makes basic assumptions about the software, the data, and the partici-

pants. The first assumption is that the software and all the features are working correctly.

The second assumption is about the data, the evaluations assumes that the data is correct

without any mis-labelled data points or values. To evaluate how experts will use the sys-

tem, it is assumed that the participants have at least general knowledge in the domain of

the data.

4.2 Hypotheses

Several evaluation methods are widely accepted to evaluate information visualization

systems [27]. In the absence of a baseline or similar systems, researchers have used multi-

ple techniques to guide their evaluation process [83]. Field trial studies are evaluations that

are conducted by studying how target users will use the system in a real work setting and

with real users. By studying real users’ activities, researchers are able to understand the

system and improve their visualizations and approaches. In this Thesis, a field trial study

with domain experts was conducted to evaluate the proposed approach. The user study

evaluation was guided by three main hypotheses about how effective the approach is in

addressing the main challenges of data analysis. To assess and measure these hypotheses,

participant’ feedback was assessed using multiple measures adopted from various infor-

mation visualization evaluation methodologies [83, 92]. The extension of the Technology

Acceptance Model (TAM2) [123] was also used to measure participant experiences. This

evaluation process was guided with hypotheses focused on data exploration, knowledge

discovery, and user experience. The details of each of these hypotheses are as follows:
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Hypothesis 1 (H1):

The system supports data exploration of high dimensional heterogeneous geotemporal

data. One of the fundamental goals of this research was to support the visual exploration

of complex data. Exploring the data plays an important role in understanding and gaining

insights about such complex datasets. This hypothesis mainly states that GCPC supports

the exploration of high dimensional heterogeneous geotemporal data.

GCPC was designed to support users to explore different subsets and aspects of the data.

Displaying the data on the parallel coordinates and geovisualization allows users to explore

the different aspects simultaneously. The multiple filtering and navigation interactions in

both views permit users to select and investigate different subsets of the data. As multiple

filters may be applied at the same time, the system provides users with multiple tools to

explore and select complex subsets of the data. The coordinated interactions between the

multiple views support exploration of the different aspects of the data. Additionally, the

investigative scatterplot facilitates exploring and inspecting the correlations between the

dimensions.

Hypothesis 2 (H2)

The system supports knowledge discovery of high dimensional heterogeneous geotem-

poral data. Understanding high dimensional heterogeneous geotemporal data is a chal-

lenging problem. Allowing users to analyze the data and gain insights about the data plays

an important role in knowledge discovery. GCPC was designed to support multiple analysis

activities through the various features in the system. The multiple interactions available in

parallel coordinates allow users to analyze the high dimensional heterogeneous data. The

coordinated interactions between the parallel coordinates and the geovisualization helps

users to identify patterns and relations within the complex data. The investigative scatter-

plot allows users to examine the correlations between the different factors.
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One of the main design goals of developing GCPC is to support the visual analysis

of complex environmental data. The system analyzes the data to format and compute the

initial statistical information. After this first analysis, GCPC displays the data in the parallel

coordinates and the geovisualization. Users are able to filter, zoom, and interact with the

system to analyze the data. Further analysis tools are provided to the user to support their

analysis. To allow user to confirm or reject their findings, the system provides details when

users hover or select a specific data point.

All these analysis tools provided in the system should permit users to confirm known in-

formation and discover new unexpected knowledge. With the design of GCPC focusing on

analysis of complex environmental data, the expectation is that GCPC supports discovering

knowledge in such data.

Hypothesis 3 (H3):

The system provides a good user experience while analyzing high dimensional hetero-

geneous geotemporal data. Users’ abilities to use the system effectively and easily is

the main requirement for adopting any new technology. In visual analytics systems, users’

interactions with the system is one of the main components of the system. To visually an-

alyze data using the system, GCPC must provide a good user experience. This hypothesis

is divided into three sub hypotheses as follows:

H3a: The system is useful to analyze high dimensional heterogeneous geotemporal

data. The perceived usefulness is defined as the extent to which users’ believe that using

a system will help with their tasks [123]. This perceived usefulness impacts the experience

users have with the system. The usefulness of GCPC is determined by how users believe

that the system supports the analysis of the environmental data. As one of the main goals of

this work is to support the analysis of complex environmental data, the perceived usefulness

of GCPC is an important hypothesis to validate.
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GCPC employs a visual analytics approach to support users in their analysis tasks. Us-

ing the various interactions and analysis tools in GCPC, users are able to visually explore

and analyze the complex data. The system provides multiple visualizations and interaction

techniques to support the analysis of the various aspects of the high dimensional heteroge-

neous geotemporal data. The coordination between the parallel coordinates and the geo-

visualization allows for understanding the different relations within such complex data. In

order to support the heterogeneous data types, the system visually encodes and handles the

different data types in different ways. Additionally, the micro-visualization of statistical

information helps users to understand the distribution of the data.

H3b: The system is easy to use to analyze high dimensional heterogeneous geotem-

poral data Users’ abilities to use the system easily to achieve their goals is another aspect

of user experience. The ease of use is defined by the degree to which a user believes that

using the system is effortless [123]. The interaction and analysis in GCPC must be easy to

use in order to allow users to focus on the analysis of the complex datasets.

GCPC was designed to be user friendly and provide intuitive interactions for the users.

With the multiple visualizations developed to be effective, users should be able to quickly

understand and correctly interpret the presented data. The system employs familiar inter-

faces to implement the interactions used in the system. For example, the system provides

easy to use click and drag to filter the data in the parallel coordinates. To reorder the di-

mensions in the parallel coordinates, the system uses the familiar drag and drop to allow

users to easily change the location of one coordinate in the parallel coordinates. To change

the visual encoding of the data, users need to simply click on the controls below each coor-

dinate. Similar to other interfaces, tooltips and additional details are displayed by hovering

over the elements in the interface. When a user hovers over a point in GCPC, the point is
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highlighted and a tooltip is displayed providing additional details. This use of familiar in-

teractions and interface elements allows users to effortlessly use the system in their analysis

activities.

H3c: The system provides a good output quality and dissemination of information

Explaining the results and findings of the analysis to other collaborators and researchers

is essential in any research. The system should provide good quality output, which can

be easily understood by all the stakeholders. To design effective visualizations that are

correctly perceived by users, information visualization concepts should be applied during

the design process.

This research employed various information visualization and visual analytics concepts

in the design and development of GCPC. The colour scales used in GCPC were selected

with the awareness of the opponent process theory of colour [61] and how human per-

ceive colour. While quantitative and ordinal data are encoded by a perceptually ordered

colour scale, qualitative data are encoded using a perceptually distinct colour scale. The

Gestalt similarity principle [77] was employed to ensure the correct interpretation of the

patterns across the various views in the system. This effective use of visual encoding al-

lows researchers to easily communicate the findings, which supports the dissemination of

information.

4.3 Evaluation Methodology

Due to the complexity of visual analysis of the data, evaluating information visualiza-

tion and visual analytics systems is a challenging problem. The evaluation of such systems

not only assess the software, but also the users and their activities while using the soft-

ware [27]. Choosing the best evaluation method to use depends on the type of analysis task,

the type of system, and the domain of the analyzed data [27]. Evaluation methods may be
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categorized as either qualitative, quantitative, or a combination of both methods [27, 107].

Currently, various evaluation methods are accepted to assess and validate visual analytics

systems. Researchers are encouraged to use multiple evaluation methods to provide a better

understanding of their systems and strengthen their evidence [27, 63, 107].

As visual analytics systems are designed to support the analysis of data from specific

domains, one of the challenges of choosing an evaluation method is the availability of

domain experts to assess these systems. Another problem to consider when selecting an

evaluation method is the availability or absence of baseline systems to compare against. In

this work, qualitative evaluation methods were used to evaluate the system. A field trial

methodology was used to conduct a user study in a realistic setting with a small group

of domain experts. This methodology allows investigators to observe users’ activities to

provide an understanding of how they use the system. Additionally, open end analysis

tasks can be easily used in field trials, allowing users to explore and analyze data in a more

realistic setting.

In the field trials, two real environmental datasets were presented to the domain experts

to study how analysts used GCPC to analyze and understand the data. To realistically vali-

date hypothesis H1 (i.e., GCPC supports exploration of data) and H2 (i.e., GCPC supports

discovering knowledge), the field trial used open end analysis tasks. Users were asked

to freely use the system to explore and analyze the provided datasets in any manner they

wanted. The field trials were conducted in Annapolis, MD, within an interdisciplinary

research group using data collected by Pollnac et al. [99, 100]. As the field trials was or-

ganized at a research meeting, the study was conducted as a focus group. The focus group

allowed the investigator to measure the use of the system in a collaborative setting with

domain experts conducting group analysis of the data.

During the field trials, the investigator collected data in the form of: questionnaires,
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group discussion, video and audio recordings, and observations. The analysis of the col-

lected data provided an understanding of the analysis activities of the researchers, the ef-

fectiveness of the system, and the usefulness and ease of use of the software. With the

absence of baseline systems and the small number of participants in the study, quantitative

analysis and evaluation of the system was not possible. Qualitative analysis of the use of

GCPC is more relevant to the field trial methodology because of the participants’ domain

experiences and the limited number of individuals participating. Several qualitative anal-

ysis methods were used to interpret the collected data (details are in Section 4.3.4). Even

with a small number of participants, the evaluation with real analysts provided trust-worthy

evidence about the real value of the system.

4.3.1 Coastal Resilience Data Set

Environmental systems are characterized by multiple complex relations between var-

ious social, ecological, and economical factors. These multiple complex factors and re-

lations drive researchers to develop environmental management solutions that can handle

this complexity [31]. Coastal environments are an example of environmental systems that

are influenced on different scales by multiple social, economical, ecological, and oceano-

graphic factors [95]. The various natural and man made hazards that impact coastal envi-

ronment, are a growing concern for reducing vulnerability and increasing the resilience of

these environments [95].

Coastal resilience research focuses on improving responses and reducing vulnerabil-

ity to natural and man hazards in coastal environments. It is a problem that requires an

understanding of the multiple social-ecological factors that could directly or indirectly in-

fluence these environments. In this evaluation, environmental data from the field of coastal

resilience were used in the field trial.
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The data were provided by environmental researchers, collected from 45 coastal com-

munities adjacent to multiple Marine Protected Areas (MPA) in the Philippines [99, 100].

The data describe various factors, providing an overview of the economical, social, eco-

logical, and other environmental aspects of these communities. The data provides details

about the population, villagers’ activities, households, fishing gear, various threats, MPA

violations, etc.

Two different datasets were provided by the researchers, both both having details about

the same coastal communities. The first dataset contained 220 dimensions measured for

each of the 45 communities. The second dataset presented an additional 50 dimensions

containing a different set of factors for the same communities. Even though the second

dataset had a different set of dimensions, the data types in both datasets were the same.

The data contained a mix of quantitative, qualitative, and ordinal data types. Geospatial

data in the datasets consisted of the address of the village or community and the actual

geographical location information. Although there were no specific temporal dimensions

in these datasets, the data contained multiple dimensions that could be associated with a

specific temporal periods (e.g., the population of the village at different time periods such

as: population in 1985, population in 1990, and population in 1995).

4.3.2 Study Procedures

Before the beginning of the field trials, informed consent was obtained from all the

participants. As part of the consent process, the investigator explained the goals and the

procedures of the study.

The study was divided into multiple phases: pre-task questionnaire, presenting the sys-

tem, using the system to analyze the data, post-study questionnaire, and open group discus-

sion. While the study was conducted as a group activity, the study employed an individual

data collection approach. To allow participants to assess the software individually, all the
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participants in the field trials had a chance to drive the software.

At the beginning of the study, the investigator asked all participants to answer a pre-task

questionnaire to get demographic information about the participants. The questionnaire

was designed to obtain information about the participants’ experiences with coastal envi-

ronment domains, data visualization, geographic information systems, and similar software

systems.

During the demonstration of the system, the investigator introduced GCPC to the partic-

ipants and gave a short demonstration of the key features of the system and how to use them

to analyze environmental data. A sample dataset (i.e., same dataset used in Section 3.3) was

used to explain how to use the system to explore and analyze the different aspects of the

data. Participants were encouraged to ask questions about anything in the system or try to

operate the system by themselves.

After demonstrating the system, the investigator provided the group with the two envi-

ronmental datasets used in the study. The group started exploring and analyzing the data

in an open ended analysis. As the study was conducted as a focus group, participants were

given the opportunity to take turns using the software. While the participants were using

the software, the investigator observed the participants’ activities and assisted them using

the software when they needed. This was followed with a similar group analysis of the sec-

ond dataset with a larger number of dimensions. During the use of GCPC, the discussion

and use of the system was video and audio recorded. This data was used by the investigator

to analyze participants’ performance and their interactions with the system.

After the group finished with the two analysis activities, each participant was asked to

complete a questionnaire about the system and its key features. The questions focused on

measuring their impression of the exploration and analysis ability, and the usefulness and

ease of use of the main features of the software. The questions to measure users explo-

ration and analysis were adopted from research on qualitative evaluations of information
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visualization systems [83, 92]. These questions were selected to measure the exploration

and analysis activities of the users to validate the evaluation hypotheses (H1 and H2). The

questions about the usefulness and ease of use were adopted from the extension of the

Technology Acceptance Model (TAM2) [123], which is a model commonly used to verify

hypotheses about the user’s experience (H3). In order to help the participants answering

the questionnaire, the questions were divided into groups and a five point Likert scale was

used to measure their responses.

In the final step of the study, the investigator initiated a group discussion about the

software. The participants were given an opportunity to elaborate on their impressions of

the positive and negative features of the system, how they think the system might support

analysis of environmental data, and how they might be able to integrate the system in their

work.

4.3.3 Participants

The study employed convenience sample from within a specific interdisciplinary envi-

ronmental science research group. The participants were multidisciplinary research collab-

orators from Canada, USA, and Australia as part of a socio-environmental research group.

The research group’s activities are focused on coastal environment and methods to improve

coastal resilience. The participants represented domain experts who were able to provide

valuable insights into the usefulness of the system, ease of use, and how effective the sys-

tem is in supporting exploration and reasoning for their analysis tasks on environmental

data. The investigator invited members of the research group and the participants agreed to

participate voluntarily in the study.

Five participants denoted by Participant 1, Participant 2, Participant 3, Participant 4,
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Participant 5 participated in the study. Table 4.1 shows participants’ responses to the ques-

tions in the pre-task questionnaire. Participants had moderate to high experience with en-

vironmental data analysis, and a board range of experiences and prior knowledge with

coastal environment domain and GIS tools. Additionally, three participants show moderate

knowledge of visualization and visual analytics tools.

The pre-questionnaire provided adequate information for the investigator to understand

the differences in analysts responses. As most participants were experts within the domain

of environmental data analysis in general, their use of the system in the field trials provided

an estimation of using the system in real world tasks. With the use of real datasets and

Table 4.1: Demographic of participants in the field trials

P1 P2 P3 P4 P5
Experience with
environmental data
analysis

High High Medium Medium High

Experience with the target
domain (i.e., Coastal
Environments/Resiliency)

High High High Low Low

Experience with
Geographic Information
Systems (GIS)

High Low Low Medium High

Experience with
visualization systems and
methods

High Medium Medium High Medium

Experience with analyzing
environmental data using
visualization systems

Medium Low None Medium Medium

Experience with parallel
coordinate plots?

Medium Low None Medium Low

Preferred tools to analyze
data

GIS,
remote
sensing,
and R

Range of
statistical
and
geospa-
tial
tools

Statisti-
cal
software
and
Nvivo

Develop
my own
analysis
tools

Regres-
sion and
GIS tools
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experts within the domain of the data, their activities showed real world analysis and their

responses are considered reliable.

4.3.4 Data Analysis Methods

During the study, different types of data and feedback were collected from the partici-

pants. These included: post study questionnaires, focus group discussions, and investigator

observations. Each data type required a different analysis and results presentation approach.

The post study questionnaire consisted of multiple measures to obtain users’ feedback

about using the system to analyze the data. The questionnaire collected this feedback for

the system as whole and for each of the main features in the system. These features are:

the parallel coordinates, the geovisualization (i.e., dot map and hex-binning), the micro-

visualization of statistical information, the interactive analysis features (i.e., the investiga-

tive scatterplot and dynamic encoding), and the outlier detection. The questionnaire was

divided into multiple sets of questions for each measure (see the full questionnaire in Ap-

pendix B). Table 4.2 shows the number of questions for each measure in the questionnaire.

To asses user’s perspective about the test hypotheses, each hypothesis was evaluated using

one or more of these measures. To evaluate each feature and analysis tool in the system,

the full set of questions and measures were repeated for each of these features, following

the TAM2 framework [123].

As the study was conducted as field trials study with an open-ended use of the system,

each participant analysis and use of the system was different. While controlled task each

participant performs the same analysis task, in the open-ended use of the system every

participant is free to perform their own analysis. Due to this uncontrolled nature of the

field trials study, aggregating the participants’ responses is not appropriate. Additionally,

participants used the various features in the system in different ways, thus it is not suitable

to aggregate the responses for the different features. Thus, the responses of each of these
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features are analyzed and presented separately. Participants’ responses were collected by

a number of questions for each measure using a 5-point Likert scale. The percentage of

each response for each participant was computed for each measure. All the results for each

feature are displayed in a divergent stacked bar chart [102] and presented in Section 4.4.1,

Section 4.4.2, and Section 4.4.3.

During the group analysis of the data, the participants were engaged in an open group

discussion. To allow the investigator to gain more understanding of the participants’ ac-

tivities, these discussions were audio and video recorded. The investigator analyzed the

different opinions and responses by grouping the similar responses and coding them into

categories [36]. The responses were coded based on the type of the comment as: negative

responses, positive responses, and responses suggesting new features. A detailed analysis

of these responses is discussed in Section 4.4.4.

In addition to participant responses, their activities and interactions with the system

were also video recorded. The recording was used to observe and analyze how the partici-

pants used the system to analyze the environmental data. These activities provided further

Table 4.2: Detailed information about each measure used in the evaluation

Measure Number of
questions

Hypothesis Reference

Perceived usefulness of the
system in data exploration 5 H1

Adopted from information
visualization evaluation
literature [83, 92]

Perceived usefulness of
the system in the detailed
data analysis and
knowledge discovery

9 H2
Adopted from information
visualization evaluation
literature [83, 92]

Perceived usefulness (i.e.,
general usefulness) 6 H3a Adopted from TAM2 [123]

Job relevance 2 H3a Adopted from TAM2 [123]
Perceived ease of use 6 H3b Adopted from TAM2 [123]
Output quality 6 H3c Adopted from TAM2 [123]
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understanding on how the different features in the system were used to explore the data.

Section 4.4.5 explains the investigator’s observations about the participants’ activities

4.4 Results

Using the post study questionnaire, each of the evaluated hypotheses was validated

using one or more measures. The questionnaire consisted of 6 sets of questions for each

of the following measures: perceived usefulness of the system in a general exploration of

the data, perceived usefulness of the system in detailed analysis and knowledge discovery

of the data, job relevance, perceived usefulness of the system as a whole, perceived ease of

use, and output quality.

The next three sections explain how these measures were used to assess each hypothesis

and discuss the results. Each hypothesis is presented in a separate section, which explains

the results of GCPC as a whole and after that presents the results of each feature.

4.4.1 H1: Data Exploration

The first hypothesis is based on the expectation that data exploration is an essential

element of visual analytics systems. To support this hypothesis, the system should allow

users to explore the data in a variety of ways. GCPC is designed to allow users to explore

the data through visual analysis processes by interacting with the parallel coordinates, the

geovisualization, and the investigative scatterplot. Users can filter, zoom, and dynamically

change the visual encoding of the data.

The responses the participants gave regarding the exploration of the data in the system

are presented in Figure 4.1. Most participants’ responses agree or strongly agreeing with

statements related to the support of data exploration in GCPC. These generally positive

responses show that the participants see the value of using GCPC to explore the data.
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A more detailed analysis of how the different features of GCPC supports exploration

is illustrated by examining participants responses for the different features. Figure 4.2

presents the results of each of the main features in the system.

Similar to the overall system results, the participants’ responses for parallel coordinates

are positive. Figure 4.2a shows that responses are divided between agreeing and strongly

agreeing with the statements about the usefulness of parallel coordinates in exploring the

data.

Similarly, Figure 4.2b shows that the majority of the participants agree or strongly

agreeing with statements confirming the usefulness of exploration using the geovisualiza-

tion. Participants were able to view, filter, and explore the geospatial data displayed in the

geovisualization.

The similarity of the participants’ responses for the GCPC, the parallel coordinates, and

the geovisualization indicates that the usefulness of these two views impacted the results

of the whole system. As the parallel coordinates and the geovisualization are the two main

components of the system, this is understandable. While exploring the data in the field

trials, participants focused on using the parallel coordinates to examine different subsets

of the data and used the geovisualization to investigate the geospatial relation of the high

dimensional data.

Figure 4.1: Perceived usefulness of GPCP in data exploration
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(a) Parallel coordinates (b) Geovisualization

(c) Micro-visualization of
statistical information

(d) Investigative scatterplot
and dynamic encoding

(e) Outlier detection

Figure 4.2: Perceived usefulness of the different features in data exploration

Figure 4.2c shows that only one participant (Participant 3) gave neutral responses about

the exploration usefulness of micro-visualization of statistical information, while all other

participants tended to agree or strongly agree with exploration of this feature. The neutral

responses of Participant 3 is a result of this individual not using this specific feature, as

the participant was more concerned with using the parallel coordinates and the geovisual-

ization. Additionally, Participant 3 was very experienced in using professional statistical

analysis tools, which could indicate some disappointment at not seeing advanced statistical

tools in this prototype.
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Figure 4.2d shows that Participant 4 had mixed responses with the statements for the

analysis features. Participant 4 was an expert user of visualization software so this individ-

ual perhaps had a higher expectation of this GCPC prototype. Another reason for mixed

responses could be because the investigative scatterplot and dynamic encoding are mainly

features that support the analysis rather than an exploration of the data.

As shown in Figure 4.2e, the participants had mixed responses on the outlier detection

feature in supporting exploration of the data. The result is explainable as distrust of the

detection algorithm was openly expressed by Participant 1 during the field trials. This

resulted in other participants distrusting the automatic detection algorithm as well.

These responses show that the participants saw the value of using GCPC in general

to explore environmental data, supporting the acceptance of Hypothesis 1. The results

also show that some features support the hypothesis and exploration of the data more than

others.

4.4.2 H2: Knowledge Discovery

Hypothesis 2 is based on the principle that discovering knowledge is a challenging

process that involves locating new information, identifying patterns and trends, and under-

standing the different correlations. With the integration of multiple coordinated views and

various analytical tools, GCPC was developed to support a knowledge discovery process

through a visual exploration of the data.

The participant responses to questions regarding the analytical ability of GCPC ap-

proach are reported in Figure 4.3. The figure shows a diversity in participants responses

about this measure. The majority of the participants agree that GCPC is useful in data

analysis and supports the knowledge discovery process. Participant 1 was in strong agree-

ment regarding the benefits of the system in the analysis of data. Other participants saw
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Figure 4.3: Perceived usefulness of GPCP in detailed data analysis and knowledge discov-
ery

the value of using GCPC in exploring and investigating relations between high dimen-

sional data. However, they indicated that GCPC is more valuable as an exploration tool

or primary analysis tool. The participants explained that other professional statistical and

analysis tools are better suited for detailed analysis of the data.

Comparing the different features of knowledge discovery, Figure 4.4 shows mixed re-

sponses from the participants. Figure 4.4a shows the results for the parallel coordinates.

The weakest affirmation of this feature came from Participant 5, likely because of this

individual’s lack prior knowledge of the data.

Most participants agree or strongly agree with the usefulness of geovisualization in

analyzing the data (Figure 4.4b). Notably, since Particpant 4 had prior experience in using

advanced visualization tools, the participant had high expectation of the geovisualization

analysis tools, and their responses ranged from disagreement to neutral.

The results of the micro-visualization of statistical information also show mixed re-

sponses. Figure 4.4c shows a mixture of moderate agreement with the statements, dis-

agreement of some statements, and neutral responses. Notably, Participant 3 did not test

this feature so provided a neutral response, consistent with the participant response in the

previous hypothesis. However, all other participants tended to agree with the value of sta-

tistical information in analyzing the data.
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(a) Parallel coordinates (b) Geovisualization

(c) Micro-visualization of
statistical information

(d) Investigative scatterplot
and dynamic encoding

(e) Outlier detection

Figure 4.4: Perceived usefulness of the different features in detailed data analysis and
knowledge discovery

Participants had mixed responses on the analytical abilities of the investigative scatter-

plot and dynamic encoding. Figure 4.4d details the participants’ responses. The mixed

responses for Participant 3 were likely due to this participant’s experiences with profes-

sional statistical analysis tools. The participant commented that seeing a correlation in the

system is different than understanding it, which requires external statistical analysis tools.

Participant responses to the analysis capability in the outlier detection show neutral and

more disagreement than to other features in the system. Figure 4.4e shows that Participant 1

disagreed with the benefit of the outlier detection in analyzing the data and this influenced
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the responses from the other participants.

These responses show that the participants appreciated the benefit of using GCPC in an

analysis of the data, but only as initial exploration tool. The results show that Hypotheses

2 is supported by the system in general, but some the separate features do not provide the

same support for analyzing the data. This is understandable as the power of the visual

analytics approach is the merging of multiple different visualizations and techniques to

support users’ analysis. The results also show that the outlier detection feature did not

support the analysis of the data for these participant, and thus the hypothesis is rejected for

this feature.

4.4.3 H3: User Experience

The user experience hypothesis was divided into three sub hypotheses that were mea-

sured separately using four measures. These measures were perceived usefulness, job rel-

evance, ease of use, and output quality of the software.

Perceived Usefulness

Perceived usefulness was defined as the extent that users’ believe the system is useful

for their tasks [123]. The different features in the system were designed to facilitate user

interaction with the system and aid their analysis of the data. Hypothesis 3a states that

analysts will find the system useful. The extension of the Technology Acceptance Model

(TAM2) [123] proposes that perceived usefulness is also affected by how relevant the sys-

tem is for users’ tasks. To assess H3a we asked participants about each of these measures.

Figure 4.5 and Figure 4.6 show the results of the job relevance and perceived usefulness

of the GCPC system, respectively. The answers to the questionnaire show that all partic-

ipants believed that GCPC is relevant to their analysis. The responses on the usefulness

of the system were divided between agreeing and strongly agreeing to the usefulness of
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Figure 4.5: Job relevance of GCPC

Figure 4.6: Perceived usefulness of GCPC

the system. The participants found it useful to use the system to explore and analyze the

data. The interactive features in the parallel coordinates and the coordinations between

the multiple views allowed participants to explore multiple relations in the data. Notably,

Participant 3 provided more neutral responses, likely because of their familiarity with pro-

fessional statistical analysis tools.

The responses to job relevance and usefulness of the different features are presented in

Figure 4.7 and Figure 4.8 respectively. For the parallel coordinates, participants found it

relevant to their analysis (see Figure 4.7a). Figure 4.8a shows that participants are tended to

agree with the usefulness and effectiveness of the parallel coordinates in the data analysis.

As previously explained Participant 3 viewed the using GCPC as primarily an exploration

tool; the participant responses are more neutral in all the features.
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(a) Parallel coordinates (b) Geovisualization

(c) Micro-visualization of
statistical information

(d) Investigative scatterplot
and dynamic encoding

(e) Outlier detection

Figure 4.7: Job relevance of the different features

Similar to the results of usefulness of parallel coordinates, most participants agreed

with the usefulness of the geovisualization feature (see Figure 4.7b and 4.8b). Consistent

results were also obtained for the micro-visualization of statistical information and the

analysis tools (i.e., investigative scatterplot and dynamic encoding). With the exception

of Participant 3, all participants found the micro-visualization relevant to the analysis (see

Figure 4.7c). From the data in Figures 4.8c and 4.8d, it is also noted that participants found

the usefulness of the micro-visualization and analysis features to be generally positive.

The results confirm the observations that the users were able to apply the various analysis
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(a) Parallel coordinates (b) Geovisualization

(c) Micro-visualization of
statistical information

(d) Investigative scatterplot
and dynamic encoding

(e) Outlier detection

Figure 4.8: Perceived usefulness of the different features

features to understand and analyze the data.

The results in Figure 4.7e show that most participants have neutral responses about

the relevance of outlier detection to their work. Figure 4.8e shows participants’ responses

regarding the usefulness of the outlier detection. Due to the expressed doubts about the

effectiveness of the automatic algorithm and insufficient use of the outlier detection during

the field trials, as described above, the mixed responses for the perceived usefulness of this

feature are understandable.

These responses show that the majority of the participants believed that GCPC and
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the main features are useful. They found the system relevant to their analysis tasks and

useful for the analysis of complex environmental data. Based on the responses from the

participants, H3a is accepted. Additionally, the results also show that all the features,

except the outlier detection, support the hypothesis.

Ease of Use

While the usefulness of the software is concerned with its helpfulness and effective-

ness, the ease of use is more about how users believe that using the software is effortless.

GCPC supports users in the analysis of complex environmental data using multiple visual

interfaces and interactions. The system was designed to focus on user interactions with

the system. Straightforward interactions are used in a web-based interface to facilitate the

analysis of the data. Users can change encoding, reorder dimensions, filter and navigate

to analyze the different aspects and subsets of the data. It was anticipated that participants

would find the software easy to use during their analysis activities.

Observing the results in Figure 4.9, three participants agreed that using GCPC to ana-

lyze environmental data was effortless. The other two participates were neutral about the

ease of using the software. Participant 5 was not familiar with the operating environment

and this presented some difficulty in using the software. Overall, these findings support the

hypothesis that GCPC is easy to use.

An analysis of the participants’ views on the individual features provide more clear

agreement on the ease of use than of the whole system. Figure 4.10 shows the participants’

responses regarding the ease of use for each feature.

During the field trials, participants’ activities focused on using the parallel coordinates

and the geovisualization to explore the data. As the participants were able to interact with

the parallel coordinates using familiar interactions, the perceived ease of use of the feature

was mostly positive. Responses presented in Figure 4.10a show that most participants

106



Figure 4.9: Perceived ease of use for GCPC

agreed with the ease of use of the parallel coordinates.

The result of ease of use of the geovisualization feature is similar to the parallel co-

ordinates. Figure 4.10b shows that all participants, except Participant 5, either agreed or

strongly agreed with the ease of use of the geovisualization. Participant 5’s responses indi-

cate that the participant did experienced difficulty in operating the software, as it was not

easy to use in an unfamiliar operating system.

The micro-visualization of statistical information feature was also perceived as easy to

use by most participants. The results in Figure 4.10c show that participants were divided

between agreeing and strongly agreeing with the ease of use of this feature. Participant 3

remained consistently neutral about this feature due to the participant’s limited interaction

with it.

Figure 4.10d illustrates the responses of the participants on the ease of use of the inves-

tigative scatterplot and dynamic encoding feature. The majority of the participants agreed

that these analysis features were easy to use. Participants were able to easily use the scat-

terplot to explore relations between different dimensions.

Similar to other measures, the outlier detection features seemed to get mixed reviews,

eliciting neutral and disagree feedback (see Figure 4.10e). As participants were not confi-

dent about the efficacy of the automatic algorithm and since the feature was not adequately
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(a) Parallel coordinates (b) Geovisualization

(c) Micro-visualization of
statistical information

(d) Investigative scatterplot
and dynamic encoding

(e) Outlier detection

Figure 4.10: Perceived ease of use of the different features

tested, these results are understandable.

Overall, the results show that the participant found GCPC easy to use. All the features,

except the outlier detection, evoked positive feedback on the ease of use of the features.

These results suggest that the system is easy to use for analysis of environmental data.

Thus, the results accept Hypothesis 3b.
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Output Quality

Hypothesis 3c states that the system provides a good output quality and dissemination

of information. Users’ perception of the output from the system plays a vital role in un-

derstanding the data they are analyzing. The quality of the output of the system is based

on users’ belief that the output of the software is useful for their analysis tasks and easy

to explain to other parties. GCPC design choices were made with awareness of informa-

tion visualization theories and concepts. The opponent process theory of colour [61] was

used to guide the choice of colour scales used in the system. Additionally, the Gestalt

Principles [77] were considered to ensure users’ understanding of the patterns in the visu-

alizations.

Responses to the output quality measures for GCPC are reported in Figure 4.11. The

results show that the majority of the participants had positive feedback and agreed that

the system has high output quality. Further analysis shows that Participants 4 and 5 had

positive opinions on the quality of output of the system, but neutral responses to how easy

it was to communicate this output. In contrast, Participant 3 expressed strong agreement to

the use of the GCPC to explain and communicate the output.

Mixed responses are noticed in the answers to the output quality of parallel coordi-

nates. The overall responses were positive, but Participant 2 and Participant 5 had a mix of

Figure 4.11: Output quality for GCPC
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(a) Parallel coordinates (b) Geovisualization

(c) Micro-visualization of
statistical information

(d) Investigative scatterplot
and dynamic encoding

(e) Outlier detection

Figure 4.12: Output quality of the different features

disagreeing and neutral responses. These results are shown in Figure 4.12a.

The results for the geovisualization are slightly better as the participants’ responses

tend toward agreeing with the high quality of the system output. Figure 4.12b shows that

Participant 1, Participant 3, and Participant 4 agree or strongly agree with the output quality

of the geovisualization. These results are better than the parallel coordinates, which could

be due to the experience of these participants in GIS systems and geographical interfaces.

Figure 4.12b also shows that Participant 2 and Participant 5 were cautious about the output

quality and gave neutral responses.
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Participants’ responses regarding the output quality of the micro-visualization of the

statistical information feature were generally in agreement, but there were a few disagree-

ments. Figure 4.12c shows the participants’ responses for the output quality of this feature.

While the majority of the participants agreed with the quality of the output, Participant 2

and 4 disagreed on the ability to explain the output of this feature.

The results presented in Figure 4.12d shows that the majority of the participants agreed

on the output quality of the investigative scatterplot. Participants found the result of the

investigative scatterplot easy to understand and communicate to other participant. The

dynamic encoding of the data allowed participants to understand the distribution of the

data points. These analysis features provided participants with high quality output that

could be easily communicated to other parties.

On the other hand, the output quality of the outlier detection garnered negative re-

sponses, arising from doubts about the output of the automatic outlier detection algorithm

(Figure 4.12e). With the exception of Participant 1, who disliked the quality of the out-

put of the outlier detection, the other participants did not have strong opinions about this

feature.

In summary, the results show that most participants believed that the GCPC produced

high-quality output, in support of Hypothesis 3c. Since mixed responses were recorded for

the individual features within the Output category, the hypothesis was neither rejected nor

accepted for the different features.

4.4.4 Focus Group Discussion

Since this study was conducted as a focus group, the participants were engaged in un-

structured discussion during their use of the system. After the group finished the analysis,

the investigator initiated another semi-structured discussion regarding their opinions about
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the use of the system (see Appendix B for the discussion questions). Three types of com-

ments were noted while analyzing these discussions. Participants had positive responses

to the system and how they could use the system. The second type of response was neg-

ative responses about the difficulty of using the system. The final type of responses was

suggestions for new features and improvements to the system.

Positive Responses

The analysis of the conversation during the group discussion provided qualitative feed-

back about participants’ opinions of the system. The participants agreed with multiple

comments about the system. All the participants were positively engaged with the system,

mentioning the benefit of the system data. Participant 2 commented on the value of the

GCPC by saying it was “ extremely valuable”.

The participants agreed on the benefit of the system as a preliminary analysis tool. The

participants saw the value of the system in exploration of the data more than an analysis

tool. As Participant 2 put it “I see this as a discovery and exploration tool, then moving

the data into spatial statistical package like GeoDa to look at [the] statistical relationships

between variables.” Participant 1 commented that “I think the way to really do this is if we

can do an export to a geo-referenceable database, then [perform] analysis” and Partici-

pant 3 added “I would see it bing more [valuable on] the communication side rather than

even analysis.” Another participant agreed with this statement saying “that is what I see

too”. These responses from the participants provided further evidence for Hypothesis 1,

but less support for Hypothesis 2.

Participant 2 responding to the question of how they will use GCPC in their work men-

tioned that it could be used “to explore complex relationship”. Participant 5 elaborated on

the analysis ability to detect relations in parallel coordinates, saying “because there is so

much flexibility, [moving] this [coordinate] to this [location], [the view] can change every
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single time. You can start looking for a much more complex relationship much more easily

than you could [using other systems] ”.

As the analysis progressed the participants were asking about using the system in their

work. Participant 3 stated that “to me this will be an awesome tool to be able to take to the

Mekong River Commission and let them play with it.” Participant 5 commented as “You can

imagine this as driving some type of statistical approach, where you are using it to identify

key [dimensions]”.

Negative Responses

During the field trials, the participants faced some difficulties using the system. As

the dataset consisted of more than 200 dimensions, selecting a subset of the dimensions to

analyze was an exhausting task. Participants took a long time to search and find interesting

dimensions to investigate. Participant 3 commented on the dimension labels “it is difficult

to know what they are”. Participant 4 suggested an improvement to list the dimensions

alphabetically. However, Participant 5 replied that this is not the best representation nothing

that“the problem with alphabetical ordering is that once they lose their friends above or

below, it is actually a little bit harder to figure what some of them are”. Another suggested

adding a search feature. While this presented difficulty for the participants during the

analysis, it was more an issue with the data itself and some missing meta information about

the data.

Another difficulty was missing values in the dataset, which were interpreted in the sys-

tem either as zero values or empty values (i.e., an empty string or ‘?’) for qualitative data.

The representation of missing values is a well known limitation of parallel coordinates be-

cause each data point is represented with a polyline intersecting the coordinates. In GCPC,

missing information is replaced with Zero or an empty string according to the type of the

data which allow them to be visualized in the parallel coordinates. However, this presented
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a problem as it misled the participants to investigate some points that they believed were

interesting but were just results of missing information in the data. One participant noticed

a pattern in the data asked “Why is there a large jump in the data” but after examining the

details of the datapoints participants found it was missing information that created this pat-

tern. After a similar investigation one participant commented “(missing data) is going to

be a problem” another participant agreed, saying “we have to do something about missing

data.”

New Features or Improvements

While the participants used the system to analyze the data, they made comments on

improvements and suggested features they would like to add to the system. These im-

provements are summarized as bellow:

Modifications were suggested included adding some additional improvements to the

parallel coordinates to allow participants to fix issues in the dataset dynamically. For ex-

ample, the data contained some dimensions that were wrongly identified as numerical even

though they represented categorical data. Similarly, binary data that did not have metadata

associated with it was identified as numerical data. A participant suggested a new function

to change the data values interactively. Participant 5 said “you can just take the data and

change the axes yourself, to just get rid of all the non integer values ”.

Another suggestion came from the geographical researchers to add more spatial context

to the geovisualization. Participant 5 commented while referring to the MPA (Marine Pro-

tected Areas) near the villages in the datasets “I think we will need a separate map that just

shows the MPA in the area.” Participant 2 asked if there was a shapefile (i.e., a common file

type for geographical data) that could be used in the system. Participant 1 added a similar

comment mentioning that there is no topology saying “I think we can overlay layers on

here, but there is no encoding of topology, which we need [in order] to do spatial analysis.”
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Another recommended improvements focused on the size of the selected or filtered

subsets of the data. While the participants were filtering and highlighting different subsets

of the data, the number of selected datapoints were not displayed. The participant thought

this information could be useful and wanted to know the number of datapoints in their

current selection.

4.4.5 Observations

While the group discussion provided important feedback from participants, observation

of their activities while using the system provided an understanding of their choice of tasks.

Due to the nature of the focus groups, participants used the system in a group analysis.

However, each participant had the chance to drive the software and conduct the analysis

activities . While the participants pursued multiple analysis tasks, the investigator observed

the patterns in which they used the system.

Each analysis task started by the participant selecting a subset of dimensions from the

full set of dimensions. Due to the large number of dimensions in the dataset, this step took

a long time for each new analysis. After they selected the dimensions, the participants ex-

amined the parallel coordinates and tried to find obvious patterns in the data. After that,

the participants tried to rearrange the axes of the parallel coordinates to gain more under-

standing of the correlations between their chosen dimensions. At this point an interesting

pattern in the data began to emerge and the participant then began filtering down the data

from one of the parallel coordinate dimensions.

With the filter applied to the parallel coordinates, participants usually wanted to get

more details on the exact points. They focused their attention on the map and tried to get

the details of each displayed point. The small number of data points helped the participant

in this step and allowed them to check the details of each point easily.

While most of analyses used these steps, Participants 1 and 3 wanted to investigate the
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geographical relations in more detail. Both participants changed the colour encoding of

the data using multiple dimensions to examine various relations between the data. In most

cases, this was followed by investigating the scatterplot to search for correlations between

these different dimensions. Although the majority of the participants focused on using the

dot map and filtering the parallel coordinates, Participant 1 and 4 were interested in the geo

filtering capabilities of the software and tried to use it to investigate different aspects of the

data.

During the use of the system, participants were able to generate hypotheses and used

the system to either confirm or reject these hypotheses. The participants were able to

identify interesting relations and explore various patterns of parallel coordinates interaction

and geovisualization. For example, participants investigated the relationship between the

amount of trash and population and concluded that there is no obvious relations between

these factors.

All the participants in the group were enthusiastic about the software and its ability to

explore different datasets. Even thought the field trials were conducted as a group study,

every participant was able to use most of the main features of the system. As one participant

expressed doubt about trusting the automatic outlier detection algorithm, this feature was

not sufficiently used by all other participants.

4.5 Discussion

The goal of this research was to address challenges in high dimensional heterogeneous

geotemporal data. The research focused on the analysis of environmental data as an exam-

ple of such data. To evaluate the validity of the system, the evaluation hypotheses focused

on the exploration and data analysis of the approach.

In the evaluation, field trial methodology was used to allow participants to use the
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system freely in a real world situation. The open end task allowed participants to use

the system as they would in their daily work. The participants were targeted due to their

knowledge in the dataset’s domain. One of the main assumption of the evaluation was the

participants’ knowledge in the data. This is an important assumption as it ensured that the

participants knew what the data means and were be able to use the system to make sense

of the data. During their exploration of the data, the participants were able to confirm or

reject their own hypotheses about the data from their knowledge of the domain.

As target users of the system are environmental researchers, selecting participant from

this domain ensured that the reliability of participants’ responses and the findings. They

were able to provide a more realistic assessment of the system than non domain expert

user. Additionally, a variety of methods were used to assess and analyze the data from the

evaluations. As each method has its advantages, using mixed methods provided additional

credibility for the findings of the evaluation. The results of all the method were consistent,

which confirm and increase the validity of the findings.

A summary of the results of the evaluation is presented in Table 4.3 and it appears as if

the GCPC either accept or supports all the hypotheses (i.e., H1, H2, H3a, H3b, and H3c).

Table 4.3 also summarizes the supported hypothesis for each feature in the system. The

parallel coordinates feature supports all the hypotheses except the output quality hypothe-

sis, which had mixed responses. The misleading representation of missing values could be

the reason for the mixed responses on output quality of the parallel coordinates. As some

participants were experienced GIS users, their expectations for built-in spatial analysis is

reflected in their responses to the geovisualization. A diversity of responses was reported in

both the data exploration and output quality hypotheses for the geovisualization feature. In

addition, since most participants were familiar with more sophisticated statistical analysis

tools, they saw the micro-visualization of statistical information feature easy to use (i.e.,

117



Table 4.3: Summary of the evaluation results

Features H1 H2 H3a H3b H3c
GCPC Accepted Supported Accepted Accepted Supported
Parallel coordinates Accepted Supported Accepted Accepted Mixed
Geovisualization Supported Mixed Supported Accepted Supported
Micro visualization of
statistical information

Supported Mixed Supported Accepted Mixed

Investigative scatter-
plot

Mixed Mixed Supported Accepted Supported

Outlier detection Mixed Rejected Mixed Mixed Rejected

H3b) but not as useful (i.e., H3a). Additionally, participants found the investigative scat-

terplot useful as an analysis tool (i.e., H3) but not so as an exploration feature (i.e., H1).

During the field trials, one participant expressed doubt about the result of the automatic

outlier detection algorithm. As the field trials were conducted within a single focus group,

this opinion is clearly reflected in the outlier detection results.

There are certain problems with the use of focus group evaluations. One of these is

that participants’ opinions could be biased by the statement of others, as it happened in the

discussion of the outlier detection. However, the group discussion enabled the participants

to understand the data more easily. As the analysis was conducted as a group activity, the

group discussion was enriched by the various comments and suggestion from each partic-

ipant. Additionally, to ensure that each participant was able to use the system sufficiently

to evaluate it, each participant was asked to drive the system for part of the time.

The results of the evaluation indicate the benefits of the system for the exploration

of environmental data. The evaluation provided evidence of the advantages of using the

system for analyzing complex datasets, including high dimensional heterogeneous datasets.

The evaluations showed that participants were positively engaged with the system and use

to explore the data in various methods.

Explanation of the benefit of the system contributed to the growing body of knowledge
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the advantages of using the visual analytics approach and the visual exploration process.

The use of the visual analytics approaches with a focus on interaction between users and

the data allowed the system to provide useful and easy to use tools to analysts. Designing

the system with an understanding of information visualization concepts and colour theories

helped analysts to interpret the data more effectively. Researchers were able to explore the

different aspects and subsets of the data.

Another valuable aspect of GCPC is the interactive investigative ability of the system.

Participant were able to interactively investigate the relations between the different dimen-

sions easily and quickly. During the field trials, participant acknowledged the flexibility

of moving coordinates around, selecting dimension for the scatterplot, and changing the

visual encoding. This flexibility allowed them to quickly explore and search for patterns

and trends in the complex data.

The system supported participants in discovering information using a visual analytics

process as proposed by Keim: “analyze first; show the important; zoom, filter, and analyze

further; details on demand” [75]. The preliminary analysis of the data is performed by the

system before displaying the data. Researchers were able to filter and zoom to explore the

data in the main window. Further analysis was enabled by the system through the multiple

coordinated interactions, dynamic encoding, and investigative scatter plot. Providing the

details on demand helped researchers to get the information they needed to confirm or reject

their hypotheses.

Another reason for the participants perception of the value of the system is the absence

of similar software available to the researchers. GIS and other statistical analytical tool

are examples of such tools, but these tools provide limited exploration capabilities for high

dimensional heterogeneous data. With high dimensional data, GCPC provides an easy to

use tool for data exploration while maintaining awareness of the geospatial aspect of the

data. Participants saw the value of using the system as a preliminary analysis tool for high
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dimensional data. Part of the discussion focused on how to use the system on different

datasets and how each researcher could use the system in their work.
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Chapter 5

Conclusions and Future Work

This Thesis presented Geo-Coordinated Parallel Coordinates, a geovisual analytics ap-

proach designed to support the exploration of high dimensional heterogeneous geotemporal

data. A parallel coordinates plot tightly coupled with a geovisualization provides the main

component of the system. The coordinated interaction between these two views allows

the user to explore multiple aspects of the complex data. The parallel coordinates plot is

equipped with multiple interactions to allow the user to analyze and understand complex

patterns and trends in the high dimensional heterogeneous data. Additionally, the system

contains a scatter plot view to support direct visual correlation analysis of multiple dimen-

sions at the same time.

5.1 Research Contributions

The fundamental contribution of this research is the design, development, and study of

a system that integrates multiple visualizations to support exploration and analysis of high

dimensional heterogeneous geotemporal data. To address the challenges in exploring and

analyzing the complex data, the research focused on developing an approach to address the

challenges of visual exploration of high dimensional heterogeneous data, complex geotem-

poral data, and environmental data as an example of such data. The goal of the research
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was to investigate the design of various visual analytics methods to support the exploration

and reasoning of such data. During this research, a prototype of a geovisual analytics sys-

tem was implemented to study the approach for analyzing and exploring among complex

environmental data.

The study confirmed previous research about the value of integrating multiple visual-

ization and interaction methods [57, 89, 104]. With the goal of supporting the analysis of

high dimensional heterogeneous geotemporal data, this research contribution provides evi-

dence of the value of integrating the specific visualization and interaction methods that are

used in the system. This fundamental contribution can be divided into the following: 1) the

benefits of using of multiple visualization and interaction techniques to support exploration

of the multiple aspects of the complex data, 2) enhancements to the parallel coordinates to

support analysis of the high dimensional heterogeneous data, 3) the development and im-

plementation ideas of GCPC prototype software, and 4) the study of the work and findings

of the evaluation conducted by environmental researchers .

The first contribution of this work is the integration of multiple visual analytics tech-

niques to address the research challenges. The presented approach supports exploration

and reasoning about high dimensional heterogeneous geotemporal data. The system has

merged multiple techniques to permit users to identify and explore the complex patterns

and trends in the data. The tightly coupled parallel coordinates and geovisualization allow

users to explore the high dimensional data while maintaining awareness of the geospatial

aspect. The multiple coordinated interactions between the two views support users to detect

and understand the different relationships within the data.

The research shows the value of supporting different data types in the analysis of envi-

ronmental data. To support the analysis of a mix of qualitative, quantitative, and temporal

data, the system identifies the type of the data and uses different visual encoding and anal-

ysis for these types. The use of different encoding for different types allowed for a deeper
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understanding of each dimension based on its type.

The second contribution of the system is the various enhancements to the parallel co-

ordinates. These improvements provide users with better support for analyzing and under-

standing the high dimensional heterogeneous data. Micro-visualizations of the statistical

information about the data are added to the parallel coordinates to allow users to easily ob-

serve the distribution of data. The proposed technique allows users to compare the various

dimensions and get an overview of the data with a single glance.

Another improvement to the parallel coordinates is the integration of a high dimen-

sional outlier detection in the system. The outlier detection permits users to detect data

points different from the general distribution, which are difficult to identify in the parallel

coordinates. In GCPC, the outlier detection recognizes and labels outlier points in a dataset.

Users could investigate the outlier in more detail or remove them from the view if they are

not interesting. Finally, the parallel coordinates is extended using multiple controls to filter

and select the colour to encode the data.

The third contribution is the implementation of the GCPC prototype software. GCPC

has been developed as a web based application using a three tier architecture. Several

input scripts have been implemented to transform raw data to acceptable format of the

system and store it in the database. The system has been deployed on a web server and

several environmental datasets has been loaded to the database. Multiple D3 [23] plugins

were utilized, modified, and extended to implement the main interface and the coordinated

interactions.

The final contribution of this work is the outcome of evaluating the system domain

experts using environmental datasets. Using a field trial methodology, the system was

evaluated by multidisciplinary environmental scientists to explore and analyze multiple

datasets. With the diverse number of factors, environmental researchers benefited from

using the system to explore and examine the different aspects and relationships in the data.
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The system allowed them to explore the high dimensional data while remaining aware with

the geospatial aspect of the data. The participants found that the system allowed them to

easily communicate and explain the finds of their exploration and analysis. They reported

the value, usefulness, and ease of use of the system in their initial exploration and analysis

of the complex geotemporal data.

5.2 Limitations

Even though this Thesis demonstrated the benefit of GCPC, there are a number of limi-

tations. One of these limitations is the lack of support for datasets with complex structures.

Hierarchical data is an example of a complex data structure that is not supported by the

GCPC. The use of parallel coordinates as one of the main views in the system limits the

ability for displaying datapoints that have multiple hierarchical levels. This is a known

drawback of using parallel coordinates, where each point in the data is represented using a

single line intersecting the parallel coordinate at the appropriate location. One approach for

supporting hierarchical information is to split the polyline to represent the sub-hierarchy,

and then converging it again, but this adds ambiguity and result in significant visual clut-

ter [49, 111].

Another data type that is limited by the system is the support for handling complex

temporal structures. The system supports analysis of temporal information associated with

data by allowing temporal fields to be analyzed in the parallel coordinates. However, GCPC

lacks the ability to deal with temporal data that consists of multiple temporal values or

temporal periods.

A third type of data that is hard to visualize within the parallel coordinates is relational

data. Relational data where one factor consists of multiple values of another dimension

creates a problem. Similar to hierarchical data, relational data represented by splitting
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datapoints at the coordinates adds complexity to the visualization. Missing values and

fields with multiple values are additional examples of data types which GCPC does not

handle well.

Another limitation of the system is the difficulty to detect clusters and similar patterns

over multiple dimensions using the parallel coordinates. Even though we endeavoured to

address some fundamental limitations of parallel coordinates in GCPC, it is still difficult to

visually group and recognize similar patterns within the parallel coordinates. However, al-

though these patterns are not automatically detected by GCPC, the investigative scatterplot

could help users to recognize such patterns. By making a good choice of the dimensions

used in the scatterplot, users will be able to identify patterns that are hard to see within the

parallel coordinates.

A third limitation of the system is that the current implementation of the GCPC assumes

the geospatial data are point data. The system does not support other types of geospatial

data, such as area or line. Representing more geospatial types will generalize the approach

and provide support for multiple datasets. Currently, the system replaces any polygon infor-

mation with a point at the geometrical centre of mass of the polygon to represent geospatial

region data. For example, a geospatial location of Prince Edward Island is represented as a

single point located at the centre of the province.

Additionally, there are some limitations to the evaluation method used which limits the

findings of the research. Due to the lack of similar baseline systems for environmental

data, the study was not able to reliably compare the system to any other alternative. The

small sample size and limited evaluation time did not allow for extensive evaluation of the

system. This limited the collection of information on long term usefulness of the system

in a real situations, or how the researchers will benefit from the system in their daily work.

The evaluation was conducted as focus group evaluating the system and discussing the

findings at the same time. This limited each user’s ability to evaluate the ease of use of the
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system as they used it as a group. It allowed users to discuss their analysis at the same time,

but it does not provide data from each user as it is more of a group analysis.

5.3 Future Work

Addressing the limitations of the system should include further enhancement to the

parallel coordinates plot. One of the limitations is the support for more complex data

types. Addressing this limitation will allow the system to support a wide range of datasets.

To represent relational dimensions, the user should be able to identify the coordinates of

these dimensions easily. New interactions should be added to support manipulation of the

multiple values at these coordinates.

Another enhancement to the parallel coordinates is improving the outlier detection to

provide a more precise mapping of qualitative and ordinal dimensions. The automatic

anomaly detection algorithm could be supplemented with pattern matching algorithms such

as clustering in order to allow similarities over the large number of dimensions to be iso-

lated and evaluated. As users in the field trials were not confident of the outlier analysis,

future study could investigate the use of an algorithm that could be easily explained to users

or provide users with more control over the anomaly analysis.

With the proposed approach, only point geospatial data is supported. Future research

should be carried out to add support for other geospatial features (i.e., area or line features).

In terms of supporting various geospatial features, environmental researchers will benefit

greatly from improving the current geospatial analysis. By adding support for area and line

data type, more accurate geographical analysis could be conducted. Additionally, a larger

number of environmental datasets will be supported by the system.

The analysis of geotemporal patterns was addressed by providing the user with multiple

interactions between the parallel coordinates and geovisualization. The proposed approach
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allows user to explore the different geotemporal patterns. However, multiple temporal peri-

ods (i.e., events that occur in a substantial amount of time) are not supported by the system.

Due to multiple values (i.e., start and end of each period) and granularity of the different

temporal periods, such temporal data type adds complexity to the current representation.

Further research might explore adding a separate view of the temporal data. Extending

the system by adding another view for complex temporal data will enable users to analyze

different types of temporal data and identify complex temporal patterns and trends.

Although the results of the field trials were positive in general, there is room for further

evaluations. While the focus group study provided sufficient evidence of the value of the

approach, it may be of value to investigate how individuals will use GCPC in their work.

Additional studies to evaluate the approach by environmental researchers in a type of lon-

gitudinal studies will provide further understanding of the benefit and the usefulness of the

approach in real-world setting. Further investigation of the approach using various datasets

from multiple domains will illustrate the flexibility of GCPC.

The evaluation showed the benefit of using the system to explore the environmental

data. As a group of researchers collaborated to examine the data, the benefit of supporting

collaborative analysis was evident by observing their analysis activities. The collabora-

tion allowed researchers to generate multiple hypotheses about the data at the same time,

quickly identify various pattern, and share any gained insight about the data. Further re-

search should be carried out to explore how to support collaborative analysis in a visual

analytics system. Such investigation will focus on approaches to enable multiple analysts

to view, explore, discuss, and analyze the same set of data.
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visualization toolkit for geovisual analytics. In Proceedings of SPIE Conference on

Visualization and Data Analysis, volume 7868, pages 22–42, 2011.

135

http://php.net/


[63] Orland Hoeber. User evaluation methods for visual web search interfaces. In Pro-

ceedings of the International Conference Information Visualisation, pages 139–145,

2009.

[64] Orland Hoeber, Larena Hoeber, Laura Wood, Ryan Snelgrove, Isabella Hugel, and

Dayne Wagner. Visual twitter analytics: Exploring fan and organizer sentiment

during Le Tour de France. In Proceedings of the VIS, Workshop on Sports Data

Visualization, pages 1–7, 2013.

[65] Orland Hoeber, Garnett Wilson, Simon Harding, René Enguehard, and Rodolphe
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ios in selected tools for environmental systems analysis. Journal of Cleaner Produc-

tion, 16(18):1958–1970, 2008.

[68] Jean-François Im, Michael J. McGuffin, and Rock Leung. GPLOM: The generalized

plot matrix for visualizing multidimensional multivariate data. IEEE Transactions

on Visualization and Computer Graphics, 19(12):2606–14, 2013.

[69] Alfred Inselberg. The plane with parallel coordinates. The Visual Computer,

1(2):69–91, 1985.

136



[70] Stefan Jänicke, Christian Heine, and Gerik Scheuermann. GeoTemCo: Comparative

visualization of geospatial-temporal data with clutter removal based on dynamic De-

launay triangulations. In Proceedings of the International Conference on Informa-

tion Visualization Theory and Applications, pages 160–175, 2013.

[71] Jimmy Johansson. Efficient Information Visualization of Multivariate and Time-
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DEPARTMENT OF COMPUTER SCIENCE Participant Consent Form  
   
Project Title:   Field Trials for Geo-Coordinated Parallel Coordinates (SESYNC Focus Group) 
 
Researcher:  Maha El Meseery  

M.Sc. Student 
Department of Computer Science 
University of Regina 
elmeseem@uregina.ca 
306-515-1357  

 
Supervisor:      Dr. Orland Hoeber  

Associate Professor 
Department of Computer Science 
University of Regina 
306-585-4590 
orland.hoeber@uregina.ca 

 
Purpose(s) and Objective(s) of the Research:  

• This focus group will be conducted to evaluate the usefulness and effectiveness in supporting 
exploration and analysis of environmental data using Geo-Coordinated Parallel Coordinates 
(GCPC).  

 
Procedures:  

• An electronic copy of this consent will be emailed to all participants in this focus group when 
they agree to participate in this study. At that time, the specific date and time for the focus group 
session will be arranged.  

• At the beginning of the study, you and all participants will be given the two-printed copies of this 
consent form. You will be asked to read and review the document, and will be encouraged to ask 
any questions you might have about the study procedures, your role within the study, and the goal 
of the study.  

• Once you are satisfied with the information you have received about the study and you agree to 
continue participation in the focus group, you will be asked to sign the two copies of the consent 
form. The researcher will sign and date both copies, keep one copy with the study documents, and 
give you one copy for your records.   

• Before using the system, the researcher will ask all participants to answer a pre-task questionnaire 
to get more information about their experiences with coastal environment domain, data 
visualization, geographic information systems, and similar software systems.  

• The researcher will then introduce GCPC to the group and give a short demonstration of the key 
features of the system and how to use them to analyze environmental data. Participants are 
encouraged to ask any question about anything in the system or try to operate the system by 
themselves.  

• The researcher will provide the group with an environmental dataset related to their research 
domain. Participants will be given the opportunity to take turns using the software to explore 
among the data and discuss what has been found. This will be followed with a similar group 
analysis of a second dataset with a larger number of dimensions.  

• During the use of GCPC, the discussion and use of the system will be video and audio recorded. 
The camera will be positioned behind the group, so that the participants will not be readily 
identified from the video and the focus of the video will be on the computer screen. This data will 
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be collected so that the discussion of the system features and the interaction with the system can 
be analyzed at a later date. The researcher will also act as a facilitator for the discussion and will 
be responsible for taking notes about the main ideas expressed by the group.   

• After the group finishes with the two analysis activities, you will be asked to complete a 
questionnaire about the system and its key features. The questions will focus on measuring your 
impression of the usefulness, ease of use, and exploration and analysis ability of the software.  

• In the final step of the study, the researcher will initiate a group discussion about the software. 
You will be given an opportunity to elaborate on your impressions of the positive or negative 
features of the system, how you think the system might support analysis of environmental data, 
and how you might be able to integrate the system their work.  

• It is expected that entire study will take between 60 - 120 minutes, depending on how long the 
group chooses to use the software to analyze data provided and how long the group discussion 
takes.   

 
Funded by:  
                   This research is funded as part of the Too Big To Ignore (TBTI) project with grant from the 
Social Sciences and Humanities Research Council of Canada (SSHRC).  
 
Potential Risks:  

• There are no known or anticipated risks to you or any participant in the group by participating in 
this research beyond normal work activities of using a computer, filling out paperwork, and 
answering questions. 

  
Potential Benefits:  

• Your participation in the study will help determine the value of GCPC in supporting 
environmental data analysis. We will be able to determine which feature of GCPC are helpful in 
analyzing environmental data and which features require modification or refinement.  

• The findings of the study will provide evidence of the general value of visual analytics 
approaches to environmental data analysis and research.  

• This study may allow you to discover interesting features and aspect of environmental data in 
your domain. It will permit you to experience the power of combining visualization and 
automatic analysis to explore complex heterogeneous data.  

 
Anonymity 

• Due to the natural of group activities, other participants in the focus group will know your 
identity and your responses during the analysis and group discussions. However, beyond the 
participants of this study you will not be identified or linked to the result.  

• Other than signing this consent form, you will not be required to identify yourself on any other 
documents. 

• All information that identifies you as a participant in this study (emails to coordinate participation 
date and time, this consent form) will be kept completely separate from the collected data, and no 
connection between the two will be possible. 

• The details of your participation will not be explicitly shared with anyone outside of the research 
team (the student researcher/investigator and her supervisor).  

• You will be asked to respect the privacy of the other group members, and to not disclose any 
personal opinions of other members of the group activity. However, it is important to understand 
that other people in the group with you may not keep all information private and confidential.  

Confidentiality: 
• All raw data collected in the course of this study will be kept confidential, and will only be used 

by the researcher and the researcher’s supervisor. 
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• All raw data will be transported and stored in a secure manner (carry on luggage during 
transportation, a locked filing cabinet in a locked faculty office at the University of Regina, and 
on password protected computers/data archives). 

• Raw data will be kept for five years after the conclusion of the study, and will then be discarded 
in accordance with university policy for secure document and file destruction. 

• Individual participants will be not identified or linked to the result; anonymous opinions and 
quotations will be used instead.  

• Aggregate data from the questionnaires, anonymous quotations from the discussions, and 
observations from the video recordings will be used in the publication and reporting of the study. 

 
 
Right to Withdraw:  

• Whether you choose to participate or not will have no effect on your relation with the researcher 
or the supervisor or how you will be treated. 

• During the course of the focus group session, you may choose to not answer any question or 
perform any activity that makes you uncomfortable. 

• You may choose to withdraw from the study for any reason, at any time before or during the 
focus group without explanation or penalty of any sort. 

• Should you choose to withdraw, you may exit the study room and we will continue the group 
activities without you. However, we will not be able to remove any data we have collected from 
you because of the difficulty of isolating your activities from those of other participants in the 
group. 

 
Follow up: 

• After the conclusion of the study, the researcher will post all publications based on the study on 
the project websites and supervisor webpage.  

• To obtain the results from the study, please visit the project website: 
http://demo.vista.uregina.ca/GCPC/publications 

 
Questions or Concerns:    

• If you have any questions about this project, feel free to contact the researcher or supervisor using 
the information at the top of the first page of this consent form. 

• This project has been approved on ethical grounds by the UofR Research Ethics Board on (13 
July 2015).Any questions regarding your rights as a participant may be addressed to the 
committee at (306-585-4775 or research.ethics@uregina.ca). Out of town participants may call 
collect. 

 
Consent: 
 
My signature below indicates that I have read and understand the description provided. I have had an 
opportunity to ask questions and my questions have been answered. I consent to participate in the 
research project.       
 
 
 
  
     

Name of Participant  Signature  Date 
 
______________________________      _______________________ 

Researcher’s Signature   Date 
 
A copy of this consent will be left with you, and a copy will be taken by the researcher. 



Field	  Trials	  of	  Geo-‐Coordinated	  Parallel	  Coordinates	  	  	  	  	  	  

	   1	   	  
	  

Pre-‐Task	  Questionnaire	  

Participant	  ID:	  ___________	  

These	  statements	  are	  related	  to	  your	  experience	  in	  environmental	  data	  analysis	  and	  familiarity	  with	  similar	  
software	  systems.	  Your	  answer	  to	  these	  questions	  will	  allow	  for	  accurate	  analysis	  of	  the	  data	  collected	  during	  
the	  study.	  	  

	  

1. How	  would	  you	  rate	  your	  experience	  with	  environmental	  data	  analysis?	  	  
	  	  	  	  ☐None	  	  	  	  	  	  	  	  	  ☐Low	  	  	  	  	  	  	  	  	  	  	  ☐Medium	  	  	  	  	  	  	  	  	  	  ☐High	  
	  

2. How	  would	  you	  rate	  your	  experience	  with	  the	  target	  domain	  (e.g.,	  Small	  Scale	  Fisheries	  or	  Coastal	  
Environments/Resiliency)?	  

	  	  	  	  ☐None	  	  	  	  	  	  	  	  	  ☐Low	  	  	  	  	  	  	  	  	  	  	  ☐Medium	  	  	  	  	  	  	  	  	  	  ☐High	  
	  

3. What	  are	  your	  preferred	  tools	  for	  analyzing	  data	  in	  your	  domain?	  

____________________________________________________________________________________	  

____________________________________________________________________________________
	   	  

4. How	  would	  you	  rate	  your	  experience	  your	  preferred	  analysis	  tools?	  	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ☐Low	  	  	  	  	  	  	  	  	  	  	  	  ☐Medium	  	  	  	  	  	  	  	  ☐High	  
	  

5. How	  would	  you	  rate	  your	  experience	  with	  Geographic	  Information	  Systems	  (GIS)?	  	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ☐None	  	  	  	  	  	  	  	  	  	  ☐Low	  	  	  	  	  	  	  	  	  	  	  ☐Medium	  	  	  	  	  	  	  	  	  ☐High	  
	  

6. How	  would	  you	  rate	  your	  experience	  with	  visualizations	  systems	  and	  methods?	  	  
	  	  	  	  ☐None	  	  	  	  	  	  	  	  	  	  ☐Low	  	  	  	  	  	  	  	  	  	  	  ☐Medium	  	  	  	  	  	  	  	  ☐High	  	  
	  

7. How	  would	  you	  rate	  your	  experience	  with	  analyzing	  environmental	  data	  using	  visualization	  systems?	  	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ☐None	  	  	  	  	  	  	  	  	  	  ☐Low	  	  	  	  	  	  	  	  	  	  	  	  ☐Medium	  	  	  	  	  	  	  	  ☐High	  
	  

8. How	  would	  you	  rate	  your	  experience	  with	  parallel	  coordinate	  plots?	  	  
	  	  	  	  ☐None	  	  	  	  	  	  	  	  	  ☐Low	  	  	  	  	  	  	  	  	  	  	  	  ☐Medium	  	  	  	  	  	  	  	  ☐High	  

	  

	  



Post-‐Task	  Questionnaire	  
Participant	  ID:	  ___________	  

Parallel	  Coordinates	  -‐	  High	  Dimensional	  Visualization	  	  
These	  statements	  are	  related	  to	  your	  use	  of	  the	  parallel	  coordinates	  that	  visualize	  high	  dimensional	  data,	  along	  
with	  the	  features	  to	  brush/filter	  the	  data	  across	  multiple	  dimensions,	  zoom	  in/out	  on	  multiple	  dimensions,	  
reorder	  the	  dimensions,	  and	  highlight	  individual	  data	  points.	  	  	  	  
	  

General	  exploration	  of	  the	  data	   Strongly	  
Disagree	   Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
I	  was	  able	  to	  explore	  different	  subsets	  of	  the	  high	  
dimensional	  geotemporal	  data	  using	  the	  parallel	  
coordinates.	  

1	   2	   3	   4	   5	  

The	  parallel	  coordinates	  helped	  me	  to	  understand	  the	  high	  
dimensional	  geotemporal	  data.	   1	   2	   3	   4	   5	  

The	  parallel	  coordinates	  helped	  me	  to	  explore	  the	  high	  
dimensional	  geotemporal	  data.	   1	   2	   3	   4	   5	  

The	  parallel	  coordinates	  helped	  me	  to	  detect	  patterns	  and	  
trends	  in	  the	  high	  dimensional	  geotemporal	  data.	   1	   2	   3	   4	   5	  

Using	  the	  parallel	  coordinates	  allowed	  me	  to	  find	  relevant	  
information	  in	  the	  high	  dimensional	  geotemporal	  data.	   1	   2	   3	   4	   5	  

	  

Detailed	  analysis	  of	  the	  data	   Strongly	  
Disagree	   Disagree	   Neutral	   Agree	   Strongly	  

Agree	  

I	  was	  able	  to	  understand	  relations	  between	  dimensions	  in	  
the	  data	  using	  the	  parallel	  coordinates.	   1	   2	   3	   4	   5	  

I	  was	  able	  to	  understand	  the	  distribution	  of	  the	  data	  using	  
the	  parallel	  coordinates.	   1	   2	   3	   4	   5	  

I	  was	  able	  to	  identify	  information	  that	  I	  already	  knew	  using	  
the	  parallel	  coordinates.	   1	   2	   3	   4	   5	  

I	  was	  able	  to	  locate	  new	  information	  that	  I	  didn't	  previously	  
know	  using	  the	  parallel	  coordinates.	   1	   2	   3	   4	   5	  

I	  was	  able	  to	  distinguish	  between	  different	  data	  points	  and	  
objects	  in	  the	  data	  set	  using	  the	  parallel	  coordinates.	   1	   2	   3	   4	   5	  

I	  was	  able	  to	  compare	  different	  parameters	  (dimensions)	  
using	  the	  parallel	  coordinates.	   1	   2	   3	   4	   5	  

I was able to compare different data points using the parallel	  
coordinates.	  

1	   2	   3	   4	   5	  

I was able to identify relations between multi-dimensional data 
and their geo-locations using the parallel	  coordinates.	  

1	   2	   3	   4	   5	  

I was able to understand the correlations between different 
parameters using the parallel	  coordinates.	  

1	   2	   3	   4	   5	  
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Job	  relevance	   Strongly	  
Disagree	   Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
I	  found	  the	  parallel	  coordinates	  relevant	  when	  analyzing	  
high	  dimensional	  geotemporal	  data.	   1	   2	   3	   4	   5	  

I	  found	  the	  parallel	  coordinates	  important	  when	  analyzing	  
high	  dimensional	  geotemporal	  data.	  	   1	   2	   3	   4	   5	  

	  

Perceived	  ease	  of	  use	   Strongly	  
Disagree	   Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
My	  interaction	  with	  the	  parallel	  coordinates	  is	  clear	  and	  
understandable.	   1	   2	   3	   4	   5	  

I	  find	  the	  parallel	  coordinates	  easy	  to	  use.	  	   1	   2	   3	   4	   5	  
It	  was	  easy	  for	  me	  to	  become	  skilful	  at	  using	  the	  parallel	  
coordinates.	  	  	   1	   2	   3	   4	   5	  

I	  found	  it	  easy	  to	  get	  the	  parallel	  coordinates	  to	  do	  what	  I	  
wanted	  it	  to	  do.	   1	   2	   3	   4	   5	  

Learning	  to	  operate	  the	  parallel	  coordinates	  was	  easy	  for	  
me.	   1	   2	   3	   4	   5	  

I	  found	  the	  parallel	  coordinates	  to	  be	  flexible	  to	  interact	  
with.	   1	   2	   3	   4	   5	  

	  

Perceived	  usefulness	  	   Strongly	  
Disagree	   Disagree	   Neutral	   Agree	   Strongly	  

Agree	  

Using the parallel	  coordinates	  improves my performance in 
analyzing high	  dimensional	  geotemporal	  data.	   1	   2	   3	   4	   5	  

Using the parallel	  coordinates to analyze high	  dimensional	  
geotemporal	  data increased my productivity.	   1	   2	   3	   4	   5	  

Using the parallel	  coordinates enhances my effectiveness in 
analyzing high	  dimensional	  geotemporal	  data.	   1	   2	   3	   4	   5	  

I find the parallel	  coordinates	  useful in analyzing high	  
dimensional	  geotemporal	  data.	   1	   2	   3	   4	   5	  

Using	  the	  parallel	  coordinates	  made	  it	  easier	  for	  me	  to	  analyze	  
high	  dimensional	  geotemporal	  data.	   1	   2	   3	   4	   5	  

Using	  the	  parallel	  coordinates	  in	  my	  analysis	  of	  high	  
dimensional	  geotemporal	  data	  enabled	  me	  to	  accomplish	  my	  
tasks	  more	  quickly.	  

1	   2	   3	   4	   5	  

	  

Output	  quality	   Strongly	  
Disagree	   Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
The quality of the output I get from the parallel	  coordinates	  is 
high.	   1	   2	   3	   4	   5	  

I have no problem with the quality of the parallel	  coordinates 
output.	   1	   2	   3	   4	   5	  
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I have no difficulty telling others about the result of using the 
parallel	  coordinates.	   1	   2	   3	   4	   5	  

I believe I could communicate to others the consequences of 
using the parallel	  coordinates.	   1	   2	   3	   4	   5	  

The results of using the parallel	  coordinates are apparent to 
me.	   1	   2	   3	   4	   5	  

I would have difficulty explaining why using the parallel 
coordinates may or may not be beneficial.	   1	   2	   3	   4	   5	  
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Geo-‐visualisation	  (Thematic	  Map/	  Hex-‐binning)	  	  	  	  	  	  	  	  	  	  
These	  statements	  are	  related	  to	  your	  use	  of	  the	  geo-‐visualization,	  which	  visualizes	  the	  geospatial	  distribution	  
of	  the	  data	  both	  as	  a	  thematic	  map	  and	  using	  hex-‐binning.	  This	  includes	  the	  features	  to	  zoom,	  pan,	  and	  filter	  
data.	  	  	  	  
	  
General	  exploration	  of	  the	  data	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
I	  was	  able	  to	  explore	  different	  subsets	  of	  the	  high	  
dimensional	  geotemporal	  data	  using	  the	  geo-‐
visualization.	  

1	   2	   3	   4	   5	  

The	  geo-‐visualization	  helped	  me	  to	  understand	  the	  high	  
dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

The	  geo-‐visualization	  helped	  me	  to	  explore	  the	  high	  
dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

The	  geo-‐visualization	  helped	  me	  to	  detect	  patterns	  and	  
trends	  in	  the	  high	  dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

Using	  the	  geo-‐visualization	  allowed	  me	  to	  find	  relevant	  
information	  in	  the	  high	  dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

	  
Detailed	  analysis	  of	  data	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
I	  was	  able	  to	  understand	  relations	  between	  dimensions	  in	  
the	  data	  using	  the	  geo-‐visualization.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  understand	  the	  distribution	  of	  the	  data	  using	  
the	  geo-‐visualization.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  identify	  information	  that	  I	  already	  knew	  
using	  the	  geo-‐visualization.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  locate	  new	  information	  that	  I	  didn't	  
previously	  know	  using	  the	  geo-‐visualization.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  distinguish	  between	  different	  data	  points	  
and	  objects	  in	  the	  data	  set	  using	  the	  geo-‐visualization.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  compare	  different	  parameters	  (dimensions)	  
using	  the	  geo-‐visualization.	  

1	   2	   3	   4	   5	  

I was able to compare different data points using the geo-‐
visualization.	  

1	   2	   3	   4	   5	  

I was able to identify relations between multi-dimensional 
data and their geo-locations using the geo-‐visualization.	  

1	   2	   3	   4	   5	  

I was able to understand the correlations between different 
parameters using the geo-‐visualization.	  

1	   2	   3	   4	   5	  

	  
Job	  relevance	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
I	  found	  the	  geo-‐visualization	  relevant	  when	  analyzing	  high	  
dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

I	  found	  the	  geo-‐visualization	  important	  when	  analyzing	  
high	  dimensional	  geotemporal	  data.	  	  

1	   2	   3	   4	   5	  
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Perceived	  ease	  of	  use	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
My	  interaction	  with	  the	  geo-‐visualization	  is	  clear	  and	  
understandable.	  

1	   2	   3	   4	   5	  

I	  find	  the	  geo-‐visualization	  easy	  to	  use.	  	   1	   2	   3	   4	   5	  
It	  was	  easy	  for	  me	  to	  become	  skilful	  at	  using	  the	  geo-‐
visualization.	  	  	  

1	   2	   3	   4	   5	  

I	  found	  it	  easy	  to	  get	  the	  geo-‐visualization	  to	  do	  what	  I	  
wanted	  it	  to	  do.	  

1	   2	   3	   4	   5	  

Learning	  to	  operate	  the	  geo-‐visualization	  was	  easy	  for	  
me.	  

1	   2	   3	   4	   5	  

I	  found	  the	  geo-‐visualization	  to	  be	  flexible	  to	  interact	  
with.	  

1	   2	   3	   4	   5	  

	  
Perceived	  usefulness	  	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
Using the geo-‐visualization	  improves my performance in 
analyzing high	  dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

Using the geo-‐visualization to analyze high	  dimensional	  
geotemporal	  data increased my productivity.	  

1	   2	   3	   4	   5	  

Using the geo-‐visualization enhances my effectiveness in 
analyzing high	  dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

I find the geo-‐visualization	  useful in analyzing high	  
dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

Using	  the	  geo-‐visualization	  made	  it	  easier	  for	  me	  to	  
analyze	  high	  dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

Using	  the	  geo-‐visualization	  in	  my	  analysis	  of	  high	  
dimensional	  geotemporal	  data	  enabled	  me	  to	  
accomplish	  my	  tasks	  more	  quickly.	  

1	   2	   3	   4	   5	  

	  
Output	  quality	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
The quality of the output I get from the	  geo-‐visualization	  
is high.	  

1	   2	   3	   4	   5	  

I have no problem with the quality of the geo-‐visualization 
output.	  

1	   2	   3	   4	   5	  

I have no difficulty telling other about the result of using 
the	  geo-‐visualization.	  

1	   2	   3	   4	   5	  

I believe I could communicate to others the 
consequences of using the	  geo-‐visualization.	  

1	   2	   3	   4	   5	  

The results of using the geo-‐visualization are apparent to 
me.	  

1	   2	   3	   4	   5	  

I would have difficulty explaining why using the	  geo-‐
visualization may or may not be beneficial.	  

1	   2	   3	   4	   5	  
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Visualization	  of	  the	  Micro-‐Statistical	  Information	  	  
These	  statements	  are	  related	  to	  your	  use	  of	  the	  visualization	  of	  the	  micro	  statistical	  information	  (on	  top	  of	  the	  
parallel	  coordinates)	  along	  with	  the	  features	  to	  re-‐compute	  the	  statistics	  with	  each	  change	  in	  the	  parallel	  
coordinate	  filtering.	  	  

General	  exploration	  of	  the	  data	   Strongly	  
Disagree	  

Disagree	   Neutral	   Agree	   Strongly	  
Agree	  

I	  was	  able	  to	  explore	  different	  subsets	  of	  the	  high	  
dimensional	  geotemporal	  data	  using	  the	  visualization	  of	  
the	  micro-‐statistical	  information.	  

1	   2	   3	   4	   5	  

The	  visualization	  of	  the	  micro-‐statistical	  information	  
helped	  me	  to	  understand	  the	  high	  dimensional	  
geotemporal	  data.	  

1	   2	   3	   4	   5	  

The	  visualization	  of	  the	  micro-‐statistical	  information	  
helped	  me	  to	  explore	  the	  high	  dimensional	  geotemporal	  
data.	  

1	   2	   3	   4	   5	  

The	  visualization	  of	  the	  micro-‐statistical	  information	  
helped	  me	  to	  detect	  patterns	  and	  trends	  in	  the	  high	  
dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

Using	  the	  visualization	  of	  the	  micro-‐statistical	  information	  
allowed	  me	  to	  find	  relevant	  information	  in	  the	  high	  
dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

	  
	  
	  

Detailed	  analysis	  of	  data	   Strongly	  
Disagree	  

Disagree	   Neutral	   Agree	   Strongly	  
Agree	  

I	  was	  able	  to	  understand	  relations	  between	  dimensions	  in	  
the	  data	  using	  the	  visualization	  of	  the	  micro-‐statistical	  
information.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  understand	  the	  distribution	  of	  the	  data	  using	  
the	  visualization	  of	  the	  micro-‐statistical	  information.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  identify	  information	  that	  I	  already	  knew	  using	  
the	  visualization	  of	  the	  micro-‐statistical	  information.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  locate	  new	  information	  that	  I	  didn't	  previously	  
know	  using	  the	  visualization	  of	  the	  micro-‐statistical	  
information.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  distinguish	  between	  different	  data	  points	  and	  
objects	  in	  the	  data	  set	  using	  the	  visualization	  of	  the	  micro-‐
statistical	  information.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  compare	  different	  parameters	  (dimensions)	  
using	  the	  visualization	  of	  the	  micro-‐statistical	  information.	  

1	   2	   3	   4	   5	  

I was able to compare different data points using	  the	  
visualization	  of	  the	  micro-‐statistical	  information.	  

1	   2	   3	   4	   5	  

I was able to identify relations between multi-dimensional 
data and their geo-locations using the visualization	  of	  the	  
micro-‐statistical	  information.	  

1	   2	   3	   4	   5	  
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I was able to understand the correlations between different 
parameters using the visualization	  of	  the	  micro-‐statistical	  
information.	  

1	   2	   3	   4	   5	  

	  
Job	  relevance	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
I	  found	  the	  visualization	  of	  the	  micro-‐statistical	  
information	  relevant	  when	  analyzing	  high	  dimensional	  
geotemporal	  data.	  

1	   2	   3	   4	   5	  

I	  found	  the	  visualization	  of	  the	  micro-‐statistical	  
information	  important	  when	  analyzing	  high	  dimensional	  
geotemporal	  data.	  	  

1	   2	   3	   4	   5	  

	  
Perceived	  ease	  of	  use	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
My	  interaction	  with	  the	  visualization	  of	  the	  micro-‐
statistical	  information	  is	  clear	  and	  understandable.	  

1	   2	   3	   4	   5	  

I	  find	  the	  visualization	  of	  the	  micro-‐statistical	  information	  
easy	  to	  use.	  	  

1	   2	   3	   4	   5	  

It	  was	  easy	  for	  me	  to	  become	  skilful	  at	  using	  the	  
visualization	  of	  the	  micro-‐statistical	  information.	  	  	  

1	   2	   3	   4	   5	  

I	  found	  it	  easy	  to	  get	  the	  visualization	  of	  the	  micro-‐
statistical	  information	  to	  do	  what	  I	  wanted	  it	  to	  do.	  

1	   2	   3	   4	   5	  

Learning	  to	  operate	  the	  visualization	  of	  the	  micro-‐
statistical	  information	  was	  easy	  for	  me.	  

1	   2	   3	   4	   5	  

I	  found	  the	  visualization	  of	  the	  micro-‐statistical	  
information	  to	  be	  flexible	  to	  interact	  with.	  

1	   2	   3	   4	   5	  
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Perceived	  usefulness	  	   Strongly	  
Disagree	  

Disagree	   Neutral	   Agree	   Strongly	  
Agree	  

Using the visualization	  of	  the	  micro-‐statistical	  information	  
improves my performance in analyzing high	  dimensional	  
geotemporal	  data.	  

1	   2	   3	   4	   5	  

Using the visualization	  of	  the	  micro-‐statistical	  information 
to analyze high	  dimensional	  geotemporal	  data increased 
my productivity.	  

1	   2	   3	   4	   5	  

Using the visualization	  of	  the	  micro-‐statistical	  information 
enhances my effectiveness in analyzing high	  dimensional	  
geotemporal	  data.	  

1	   2	   3	   4	   5	  

I find the visualization	  of	  the	  micro-‐statistical	  information	  
useful in analyzing high	  dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

Using	  the	  visualization	  of	  the	  micro-‐statistical	  information	  
made	  it	  easier	  for	  me	  to	  analyze	  high	  dimensional	  
geotemporal	  data.	  

1	   2	   3	   4	   5	  

Using	  the	  visualization	  of	  the	  micro-‐statistical	  information	  
in	  my	  analysis	  of	  high	  dimensional	  geotemporal	  data	  
enabled	  me	  to	  accomplish	  my	  tasks	  more	  quickly.	  

1	   2	   3	   4	   5	  

	  
	  

Output	  quality	   Strongly	  
Disagree	  

Disagree	   Neutral	   Agree	   Strongly	  
Agree	  

The quality of the output I get from the	  visualization	  of	  the	  
micro-‐statistical	  information	  is high.	  

1	   2	   3	   4	   5	  

I have no problem with the quality of the visualization	  of	  
the	  micro-‐statistical	  information output.	  

1	   2	   3	   4	   5	  

I have no difficulty telling other about the result of using the 
visualization	  of	  the	  micro-‐statistical	  information.	  

1	   2	   3	   4	   5	  

I believe I could communicate to others the consequences 
of using the visualization	  of	  the	  micro-‐statistical	  
information.	  

1	   2	   3	   4	   5	  

The results of using the	  visualization	  of	  the	  micro-‐
statistical	  information are apparent to me.	  

1	   2	   3	   4	   5	  

I would have difficulty explaining why using the 
visualization	  of	  the	  micro-‐statistical	  information may or 
may not be beneficial.	  

1	   2	   3	   4	   5	  
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Interactive	  Analysis	  Features	  (dynamic	  investigation/dynamic	  encoding)	  	  	  	  
These	  statements	  are	  related	  to	  your	  use	  of	  the	  interactive	  analysis	  features	  in	  the	  system	  including	  the	  scatter	  
plot	  and	  changing	  the	  visual	  encoding	  (colour	  and	  size)	  in	  the	  different	  views.	  	  	  
	  

General	  exploration	  of	  the	  data	   Strongly	  
Disagree	  

Disagree	   Neutral	   Agree	   Strongly	  
Agree	  

I	  was	  able	  to	  explore	  different	  subsets	  of	  the	  high	  
dimensional	  geotemporal	  data	  using	  the	  interactive	  
analysis	  features.	  

1	   2	   3	   4	   5	  

The	  interactive	  analysis	  features	  helped	  me	  to	  understand	  
the	  high	  dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

The	  interactive	  analysis	  features	  helped	  me	  to	  explore	  the	  
high	  dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

The	  interactive	  analysis	  features	  helped	  me	  to	  detect	  
patterns	  and	  trends	  in	  the	  high	  dimensional	  geotemporal	  
data.	  

1	   2	   3	   4	   5	  

Using	  the	  interactive	  analysis	  features	  allowed	  me	  to	  find	  
relevant	  information	  in	  the	  high	  dimensional	  geotemporal	  
data.	  

1	   2	   3	   4	   5	  

	  
Detailed	  analysis	  of	  data	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
I	  was	  able	  to	  understand	  relations	  between	  dimensions	  in	  
the	  data	  using	  the	  interactive	  analysis	  features.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  understand	  the	  distribution	  of	  the	  data	  using	  
the	  interactive	  analysis	  features.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  identify	  information	  that	  I	  already	  knew	  using	  
the	  interactive	  analysis	  features.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  locate	  new	  information	  that	  I	  didn't	  
previously	  know	  using	  the	  interactive	  analysis	  features.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  distinguish	  between	  different	  data	  points	  and	  
objects	  in	  the	  data	  set	  using	  the	  interactive	  analysis	  
features.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  compare	  different	  parameters	  (dimensions)	  
using	  the	  interactive	  analysis	  features.	  

1	   2	   3	   4	   5	  

I was able to compare different data points using the 
interactive	  analysis	  features.	  

1	   2	   3	   4	   5	  

I was able to identify relations between multi-dimensional 
data and their geo-locations using the interactive	  analysis	  
features.	  

1	   2	   3	   4	   5	  

I was able to understand the correlations between different 
parameters using the interactive	  analysis	  features.	  

1	   2	   3	   4	   5	  
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Job	  relevance	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
I	  found	  interactive	  analysis	  features	  relevant	  when	  
analyzing	  high	  dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

I	  found	  interactive	  analysis	  features	  important	  when	  
analyzing	  high	  dimensional	  geotemporal	  data.	  	  

1	   2	   3	   4	   5	  

	  
Perceived	  ease	  of	  use	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
My	  interaction	  with	  the	  interactive	  analysis	  features	  is	  
clear	  and	  understandable.	  

1	   2	   3	   4	   5	  

I	  find	  the	  interactive	  analysis	  features	  easy	  to	  use.	  	   1	   2	   3	   4	   5	  
It	  was	  easy	  for	  me	  to	  become	  skilful	  at	  using	  the	  
interactive	  analysis	  features.	  	  	  

1	   2	   3	   4	   5	  

I	  found	  it	  easy	  to	  get	  the	  interactive	  analysis	  features	  to	  
do	  what	  I	  wanted	  it	  to	  do.	  

1	   2	   3	   4	   5	  

Learning	  to	  operate	  the	  interactive	  analysis	  features	  was	  
easy	  for	  me.	  

1	   2	   3	   4	   5	  

I	  found	  the	  interactive	  analysis	  features	  to	  be	  flexible	  to	  
interact	  with.	  

1	   2	   3	   4	   5	  

	  
Perceived	  usefulness	  	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
Using the interactive	  analysis	  features	  improve my 
performance in analyzing high	  dimensional	  geotemporal	  
data.	  

1	   2	   3	   4	   5	  

Using the interactive	  analysis	  features to analyze high	  
dimensional	  geotemporal	  data increased my productivity.	  

1	   2	   3	   4	   5	  

Using the interactive	  analysis	  features enhance my 
effectiveness in analyzing high	  dimensional	  geotemporal	  
data.	  

1	   2	   3	   4	   5	  

I find the interactive	  analysis	  features	  useful in analyzing 
high	  dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

Using	  the	  interactive	  analysis	  features	  made	  it	  easier	  for	  
me	  to	  analyze	  high	  dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

Using	  the	  interactive	  analysis	  features	  in	  my	  analysis	  of	  
high	  dimensional	  geotemporal	  data	  enabled	  me	  to	  
accomplish	  my	  tasks	  more	  quickly.	  

1	   2	   3	   4	   5	  

	  
Output	  quality	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
The quality of the output I get from the	  interactive	  analysis	  
features	  is high.	  

1	   2	   3	   4	   5	  

I have no problem with the quality of the interactive	   1	   2	   3	   4	   5	  
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analysis	  features output.	  
I have no difficulty telling other about the result of using the 
interactive	  analysis	  features.	  

1	   2	   3	   4	   5	  

I believe I could communicate to others the consequences 
of using the interactive	  analysis	  features.	  

1	   2	   3	   4	   5	  

The results of using the	  interactive	  analysis	  features are 
apparent to me.	  

1	   2	   3	   4	   5	  

I would have difficulty explaining why using the interactive	  
analysis	  features may or may not be beneficial.	  

1	   2	   3	   4	   5	  
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Outlier	  Detection	  	  
These	  statements	  are	  related	  to	  your	  use	  of	  the	  outlier	  detection	  algorithm	  along	  with	  the	  features	  to	  explore	  
outliers	  or	  remove	  them	  from	  the	  analysis.	  	  
	  
General	  exploration	  of	  the	  data	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
I	  was	  able	  to	  explore	  different	  subsets	  of	  the	  high	  
dimensional	  geotemporal	  data	  using	  the	  outlier	  detection.	  

1	   2	   3	   4	   5	  

The	  outlier	  detection	  helped	  me	  to	  understand	  the	  high	  
dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

The	  Outlier	  detection	  helped	  me	  to	  explore	  the	  high	  
dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

The	  Outlier	  detection	  helped	  me	  to	  detect	  patterns	  and	  
trends	  in	  the	  high	  dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

Using	  the	  outlier	  detection	  allowed	  me	  to	  find	  relevant	  
information	  in	  the	  high	  dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

	  
Detailed	  analysis	  of	  data	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
I	  was	  able	  to	  understand	  relations	  between	  dimensions	  in	  
the	  data	  using	  the	  outlier	  detection.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  understand	  the	  distribution	  of	  the	  data	  using	  
the	  outlier	  detection.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  identify	  information	  that	  I	  already	  knew	  using	  
the	  outlier	  detection.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  locate	  new	  information	  that	  I	  didn't	  previously	  
know	  using	  the	  outlier	  detection.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  distinguish	  between	  different	  data	  points	  and	  
objects	  in	  the	  data	  set	  using	  the	  outlier	  detection.	  

1	   2	   3	   4	   5	  

I	  was	  able	  to	  compare	  different	  parameters	  (dimensions)	  
using	  the	  outlier	  detection.	  

1	   2	   3	   4	   5	  

I was able to compare different data points using the outlier	  
detection.	  

1	   2	   3	   4	   5	  

I was able to identify relations between multi-dimensional 
data and their geo-locations using the outlier	  detection.	  

1	   2	   3	   4	   5	  

I was able to understand the correlations between different 
parameters using the outlier	  detection.	  

1	   2	   3	   4	   5	  

	  
Job	  relevance	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
I	  found	  the	  outlier	  detection	  relevant	  when	  analyzing	  high	  
dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

I	  found	  the	  outlier	  detection	  important	  when	  analyzing	  high	  
dimensional	  geotemporal	  data.	  	  

1	   2	   3	   4	   5	  
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Perceived	  ease	  of	  use	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
My	  interaction	  with	  the	  outlier	  detection	  is	  clear	  and	  
understandable.	  

1	   2	   3	   4	   5	  

I	  find	  the	  outlier	  detection	  easy	  to	  use.	  	   1	   2	   3	   4	   5	  
It	  was	  easy	  for	  me	  to	  become	  skilful	  at	  using	  the	  outlier	  
detection.	  	  	  

1	   2	   3	   4	   5	  

I	  found	  it	  easy	  to	  get	  the	  outlier	  detection	  to	  do	  what	  I	  
wanted	  it	  to	  do.	  

1	   2	   3	   4	   5	  

Learning	  to	  operate	  the	  outlier	  detection	  was	  easy	  for	  me.	   1	   2	   3	   4	   5	  
I	  found	  the	  outlier	  detection	  to	  be	  flexible	  to	  interact	  with.	   1	   2	   3	   4	   5	  
	  

Perceived	  usefulness	  	   Strongly	  
Disagree	  

Disagree	   Neutral	   Agree	   Strongly	  
Agree	  

Using the outlier	  detection	  improves my performance in 
analyzing high	  dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

Using the outlier	  detection to analyze high	  dimensional	  
geotemporal	  data increased my productivity.	  

1	   2	   3	   4	   5	  

Using the outlier	  detection enhances my effectiveness in 
analyzing high	  dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

I find the outlier	  detection	  useful in analyzing high	  
dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

Using	  the	  outlier	  detection	  made	  it	  easier	  for	  me	  to	  analyze	  
high	  dimensional	  geotemporal	  data.	  

1	   2	   3	   4	   5	  

Using	  the	  outlier	  detection	  in	  my	  analysis	  of	  high	  
dimensional	  geotemporal	  data	  enabled	  me	  to	  accomplish	  my	  
tasks	  more	  quickly.	  

1	   2	   3	   4	   5	  

	  
Output	  quality	   Strongly	  

Disagree	  
Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
The quality of the output I get from the	  outlier	  detection	  is 
high.	  

1	   2	   3	   4	   5	  

I have no problem with the quality of the outlier	  detection	  
output.	  

1	   2	   3	   4	   5	  

I have no difficulty telling other about the result of using the 
outlier	  detection.	  

1	   2	   3	   4	   5	  

I believe I could communicate to others the consequences of 
using the outlier	  detection.	  

1	   2	   3	   4	   5	  

The results of using the	  outlier	  detection are apparent to me.	   1	   2	   3	   4	   5	  
I would have difficulty explaining why using the outlier	  
detection may or may not be beneficial.	  

1	   2	   3	   4	   5	  
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Geo-‐Coordinated	  Parallel	  Coordinates	  (GCPC)	  
These	  statements	  are	  related	  to	  your	  use	  of	  the	  GCPC	  system	  as	  a	  whole.	  
	  
	  

General	  exploration	  of	  the	  data	   Strongly	  
Disagree	   Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
I	  was	  able	  to	  explore	  different	  subsets	  of	  the	  high	  
dimensional	  geotemporal	  data	  using	  the	  GCPC.	   1	   2	   3	   4	   5	  

The	  GCPC	  helped	  me	  to	  understand	  the	  high	  dimensional	  
geotemporal	  data.	   1	   2	   3	   4	   5	  

The	  GCPC	  helped	  me	  to	  explore	  the	  high	  dimensional	  
geotemporal	  data.	   1	   2	   3	   4	   5	  

The	  GCPC	  helped	  me	  to	  detect	  patterns	  and	  trends	  in	  the	  
high	  dimensional	  geotemporal	  data.	   1	   2	   3	   4	   5	  

Using	  the	  GCPC	  allowed	  me	  to	  find	  relevant	  information	  in	  
the	  high	  dimensional	  geotemporal	  data.	   1	   2	   3	   4	   5	  

	  

Detailed	  analysis	  of	  the	  data	   Strongly	  
Disagree	   Disagree	   Neutral	   Agree	   Strongly	  

Agree	  

I	  was	  able	  to	  understand	  relations	  between	  dimensions	  in	  
the	  data	  using	  the	  GCPC.	   1	   2	   3	   4	   5	  

I	  was	  able	  to	  understand	  the	  distribution	  of	  the	  data	  using	  
the	  GCPC.	   1	   2	   3	   4	   5	  

I	  was	  able	  to	  identify	  information	  that	  I	  already	  knew	  using	  
the	  GCPC.	   1	   2	   3	   4	   5	  

I	  was	  able	  to	  locate	  new	  information	  that	  I	  didn't	  previously	  
know	  using	  the	  GCPC.	   1	   2	   3	   4	   5	  

I	  was	  able	  to	  distinguish	  between	  different	  data	  points	  and	  
objects	  in	  the	  data	  set	  using	  the	  GCPC.	   1	   2	   3	   4	   5	  

I	  was	  able	  to	  compare	  different	  parameters	  (dimensions)	  
using	  the	  GCPC.	   1	   2	   3	   4	   5	  

I was able to compare different data points using the GCPC.	   1	   2	   3	   4	   5	  

I was able to identify relations between multi-dimensional data 
and their geo-locations using the GCPC.	  

1	   2	   3	   4	   5	  

I was able to understand the correlations between different 
parameters using the GCPC.	  

1	   2	   3	   4	   5	  

	  

Job	  relevance	   Strongly	  
Disagree	   Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
I	  found	  the	  GCPC	  relevant	  when	  analyzing	  high	  dimensional	  
geotemporal	  data.	   1	   2	   3	   4	   5	  

I	  found	  the	  GCPC	  important	  when	  analyzing	  high	  
dimensional	  geotemporal	  data.	  	   1	   2	   3	   4	   5	  
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Perceived	  ease	  of	  use	   Strongly	  
Disagree	   Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
My	  interaction	  with	  the	  GCPC	  is	  clear	  and	  understandable.	   1	   2	   3	   4	   5	  
I	  find	  the	  GCPC	  easy	  to	  use.	  	   1	   2	   3	   4	   5	  
It	  was	  easy	  for	  me	  to	  become	  skilful	  at	  using	  the	  GCPC.	  	  	   1	   2	   3	   4	   5	  

I	  found	  it	  easy	  to	  get	  the	  GCPC	  to	  do	  what	  I	  wanted	  it	  to	  do.	   1	   2	   3	   4	   5	  

Learning	  to	  operate	  the	  GCPC	  was	  easy	  for	  me.	   1	   2	   3	   4	   5	  

I	  found	  the	  GCPC	  to	  be	  flexible	  to	  interact	  with.	   1	   2	   3	   4	   5	  

	  

Perceived	  usefulness	  	   Strongly	  
Disagree	   Disagree	   Neutral	   Agree	   Strongly	  

Agree	  

Using the GCPC	  improves my performance in analyzing high	  
dimensional	  geotemporal	  data.	   1	   2	   3	   4	   5	  

Using the GCPC	  to analyze high	  dimensional	  geotemporal	  data 
increased my productivity.	   1	   2	   3	   4	   5	  

Using the GCPC	  enhances my effectiveness in analyzing high	  
dimensional	  geotemporal	  data.	   1	   2	   3	   4	   5	  

I find the GCPC	  useful in analyzing high	  dimensional	  
geotemporal	  data.	   1	   2	   3	   4	   5	  

Using	  the	  GCPC	  made	  it	  easier	  for	  me	  to	  analyze	  high	  
dimensional	  geotemporal	  data.	   1	   2	   3	   4	   5	  

Using	  the	  GCPC	  in	  my	  analysis	  of	  high	  dimensional	  
geotemporal	  data	  enabled	  me	  to	  accomplish	  my	  tasks	  more	  
quickly.	  

1	   2	   3	   4	   5	  

	  

Output	  quality	   Strongly	  
Disagree	   Disagree	   Neutral	   Agree	   Strongly	  

Agree	  
The quality of the output I get from the GCPC	  is high.	   1	   2	   3	   4	   5	  

I have no problem with the quality of the GCPC	  output.	   1	   2	   3	   4	   5	  
I have no difficulty telling others about the result of using the 
GCPC.	   1	   2	   3	   4	   5	  

I believe I could communicate to others the consequences of 
using the GCPC.	   1	   2	   3	   4	   5	  

The results of using the GCPC	  are apparent to me.	   1	   2	   3	   4	   5	  

I would have difficulty explaining why using the GCPC may or 
may not be beneficial.	   1	   2	   3	   4	   5	  
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Interview	  Questions:	  	  
	  

1. How long have you been conducting research with high-dimensional heterogeneous data? How long 
have you been analyzing environmental data? 

	  
	  

2. How important do you think data analysis tools are to understanding environmental data? 
	  
	  

3. How valuable do you think GCPC would be in analyzing environmental data? 
	  
	  

4. Can you show me some examples of specific features of the data that you found using GCPC? Which of 
these did you know in advance? Which are new insights? 

	  
	  

5. Please explain how you think you might be able to integrate the use of GCPC into your existing research 
methods? 

	  
	  

6. Which	  features	  do	  you	  think	  were	  not	  particularly	  helpful	  for	  your	  tasks?	  
	  
	  

7. In	  your	  opinion,	  what	  are	  the	  features	  that	  are	  missing?	  What	  features	  do	  you	  like	  to	  see	  in	  the	  
system?	  	  

	  
	  

8. How	  do	  you	  think	  you	  could	  use	  GCPC	  for	  explaining	  the	  result	  of	  your	  analysis	  to	  a	  colleague	  or	  other	  
interested	  parties?	  

	  


	Abstract
	Acknowledgments
	Dedication
	Table of Contents
	Acronyms
	Chapter  1 Introduction
	Motivation
	High Dimensional Heterogeneous Geotemporal Data
	Environmental Data 

	Challenges of High Dimensional Heterogeneous Geotemporal Data Analysis
	Adopted Approach
	Structure of Thesis

	Chapter  2 Literature Review
	Information Visualization
	Visual Analytics
	High Dimensional Data Visualization 
	Dimensional Subsetting Approaches
	Dimensional Reduction Approaches
	Small Multiples Approaches
	Force Based Approaches
	Glyph Plots Approaches
	Parallel Coordinates Plot Approaches
	Hybrid Parallel Coordinates Approaches

	Geotemporal Data Visualization
	Multiple Coordinated Views
	Environmental Data Visualization and Visual Analytics Approaches

	Chapter  3 Geo-Coordinated Parallel Coordinates
	System Architecture
	 Geo-Coordinated Parallel Coordinates 
	Preprocessing
	Parallel Coordinates Plot
	Geovisualization
	Investigative Scatterplot and Correlation Analysis
	Statistical Descriptors
	Outlier Detection
	Data Inspection

	Exploration Scenario
	Discussion

	Chapter  4 Field Trial Evaluations
	Introduction
	Hypotheses
	Evaluation Methodology
	Coastal Resilience Data Set
	Study Procedures
	Participants
	Data Analysis Methods

	Results
	H1: Data Exploration
	H2: Knowledge Discovery 
	H3: User Experience
	Focus Group Discussion
	Observations

	Discussion

	Chapter  5 Conclusions and Future Work
	Research Contributions
	Limitations
	Future Work

	References
	Appendix  A Research Ethics Board Approvals
	Appendix  B Study Documents
	El_Meseery_Maha_04_feb_2016.pdf
	UNIVERSITY OF REGINA
	FACULTY OF GRADUATE STUDIES AND RESEARCH
	SUPERVISORY AND EXAMINING COMMITTEE


