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Some possible definitions

üVisualisation = communicate information by graphical representations.

ü Expose data through a visual context to help people realize their meaning.

üResume huge volumes of data to capture and forward their essence.



10 1. Introduction

Figure 1.7. The famous Hereford map, the largest surviving map of the Middle Ages (1280s).

(Image courtesy Wikimedia Commons.)

Figure 1.8 shows a portion of John Snow’s map of the deaths resulting
from cholera in London in 1854. Each stacked bar within the houses repre-
sents one deceased individual. There’s much that can be done with such a
map. For example, the overview map in Figure 1.9 highlights a concentration
around the central water pump. What caused this concentration? Why were
there individuals who died far from that center? Tufte [424] stated, “Snow
observed that cholera occurred almost entirely among those who lived near
(and drank from) the Broad Street water pump. He had the handle of the
contaminated pump removed, ending the neighborhood epidemic which had
taken more than 500 lives.” It is maps such as these that allowed one to
explore and communicate geographical links to disease and other time-based
events.
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1.2 History of Visualization

As we embark on the study of visualization, we start with a quick look at the
history of the field. This is by no means a thorough review, but a cursory
one aimed at piquing your curiosity. See Michael Friendly’s web site [136]
for a wonderful collection and more details.

1.2.1 Early Visualizations

Perhaps the first technique for graphically recording and presenting infor-
mation was that used by early man. An example is the early Chauvet-Pont-
d’Arc Cave, located near Vallon-Pont-d’Arc in southern France [491]. The
Chauvet Cave contains over 250 paintings, created approximately 30,000
years ago. These were likely meant to pass on information to future gener-
ations. See Figure 1.4 for an example of a cave painting.

The oldest writing systems used pictures to encode symbols and whole
words. Such systems are called logograms [88]. The Kish limestone tablet
(see Figure 1.5) is considered the earliest written document. It is from
Mesopotamia and is mostly pictographic, but it has the beginning of syllabic
writing found in cuneiform scripts. It is located in the Ashmolean Museum,
Oxford [395].

Figure 1.4. One of the Lascaux cave paintings on the northern slopes of the French Pyrenees
on the banks of the Vézère River [386].
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Figure 1.5. Early graphical writing. The Kish limestone tablet from Mesopotamia [395].

Figure 1.6. A copy of one of the 12 pages of the Peutinger Map set, showing the roads of the

Roman Empire. (Image courtesy http://www.livius.org/pen-pg/peutinger/map

.html.)
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Figure 1.8. A section of John Snow’s map of the deaths from cholera in London in 1854.

Each bar within the houses represents one deceased individual. (Image courtesy
Wikimedia Commons.)

Figure 1.9. Overview map of the deaths from Cholera in London in 1854. Note the concen-

tration around the Broad Street Water Pump. Note as well the outliers. (Image
courtesy Wikimedia Commons.)
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Figure 1.13. Joseph Priestley’s display of the longevity of famous people (1765). (Image cour-
tesy Wikimedia Commons.)

Figure 1.14. Florence Nightingale’s coxcomb chart showing monthly deaths from battle and
other causes. Blue represents the deaths from disease, red represents deaths from

wounds, and black represents all other deaths. (From an interactive on-line tool

at http://understandinguncertainty.org/node/213.)

14 1. Introduction

Figure 1.13. Joseph Priestley’s display of the longevity of famous people (1765). (Image cour-
tesy Wikimedia Commons.)

Figure 1.14. Florence Nightingale’s coxcomb chart showing monthly deaths from battle and
other causes. Blue represents the deaths from disease, red represents deaths from

wounds, and black represents all other deaths. (From an interactive on-line tool

at http://understandinguncertainty.org/node/213.)

1.2. History of Visualization 11

Figure 1.8. A section of John Snow’s map of the deaths from cholera in London in 1854.

Each bar within the houses represents one deceased individual. (Image courtesy
Wikimedia Commons.)

Figure 1.9. Overview map of the deaths from Cholera in London in 1854. Note the concen-

tration around the Broad Street Water Pump. Note as well the outliers. (Image
courtesy Wikimedia Commons.)



Examples1.2. History of Visualization 21

Figure 1.24. Blood vessel configuration of the head and brain. (Image c⃝ Gunther von Hagens,

Institute for Plastination, Heidelberg, Germany, www.bodyworlds.com.)

dependency only on statistics can be problematic and that a visualization
could help eliminate misconceptions.

We now deal with data every day and are quite familiar with maps, sim-
ple graphs and charts. These more abstract representations of data (graphs
and charts) have gone beyond their first applications (trading, economic
analysis) and are much more widely used. Visualization provides a visual
representation of objects that may include data, algorithms, results of com-
putations, processes, user controls, and numerous other components of an
application. These visual representations provide information through the
use of computer-generated graphics. In an interactive visualization the user
can query the display and thus interact with the application display directly
rather than using menus. It is even possible for an application to be totally
driven through its visualizations.

The following are a collection of modern visualizations from a variety
of applications, including medical reconstruction, aerospace simulation, and
bioinformatics. Figure 1.24 shows the blood vessels in red overlaid on a skull.
Figure 1.25 shows the airflow generated by a jet during take-off.

The background image in Figure 1.26 comes from the Kyoto Encyclo-
pedia of Genes and Genomes web site (KEGG), which provides XML files
containing the coordinates of the genes in the image. Expression data from
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Figure 1.25. Simulation visualization of the air flow generated by a Harrier jet when tak-
ing off. Here, color depicts the amount of force exerted by the underlying

representation, red being the highest and blue the lowest. (Image courtesy

http://quest.nasa.gov/aero/background/tools.)

Figure 1.26. A pathway represented by a network with nodes representing genes and color the

level of expression. (Image generated using UMass Lowell UVP software.)
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Figure 1.29. A network showing the relationships between genes in human DNA, generated

with the Circos package.
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Figure 1.15. Leonardo Da Vinci’s study of the motion of the human arm (1510). (Image cour-
tesy Wikimedia Commons.)

the national debt over time, as developed by William Playfair [322], one of
the pioneers of information visualization. Other examples of early infor-
mation visualization include Playfair’s plot of the balance of trade between
England and Norway/Denmark over a number of years (Figure 1.12(b)),
Joseph Priestley’s display of the life spans of famous people (Figure 1.13),
and Florence Nightingale’s presentation of monthly deaths within the army,
comparing those who died in battle with those dying from other causes (Fig-
ure 1.14). Medical visualizations were also quite popular, particularly for
the training of new doctors. Many examples exist, though few are more
famous than Leonardo Da Vinci’s amazing drawings of human anatomy
(Figure 1.15).
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Figure 1.17. The google.com map directions from 198 Riverside St., Lowell, MA (UMass Lowell,

North Campus) to 883 Broadway St., Lowell, MA (UMass Lowell, South Campus).

Google.com maps provide graphical cues drawn on top of road maps to indicate
driving directions from point A to point B. (Image c⃝ 2009 Google.)

The difference between a statement such as “the Dow Jones average rose
by 125 points today” and a plot of the Dow Jones average (Figure 1.18)
is that the sentence provides a single, exact piece of information, while the
plot provides several pieces of imprecise information; a viewer can gauge
the degree and direction of the change, along with trend information, but
may only have an approximation for the numeric values involved. This
becomes even more pronounced over larger plots, where more patterns may
be discerned.

It is possible for visualizations to provide very precise views of the data.
Figure 1.19 provides such precision. Numbers and text definitely are visual
representations and are considered visualizations, as is a table or a document.
They are representations of data. The figure is the running U.S. National
Debt Clock. With a population of about 300 million, the average debt share
was around $27,000 in January of 2006. As of May 2008, the average debt
share had risen to over $30,000. As of July 2009 it was $37,826 and in 2014
it reached over $38,000!

Modern visualizations harness digital media. For example, Figure 1.20(a)
shows a normal ECG (electrocardiogram) while that of Figure 1.20(b) shows
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Figure 1.11. Minard’s map, showing Napoleon’s march on Moscow. The width of the line
conveys the size of the army at that location. Color indicates the direction of

movement. The temperature is plotted at different points along the retreat at the

bottom. (Image courtesy Wikimedia Commons.)

(a) (b)

Figure 1.12. Early visualizations of William Playfair: (a) a plot of the national debt over

time; (b) a display of the balance of trade between England and Norway/Den-
mark (1786). (Image courtesy Wikimedia Commons.)



Why visualisation matters?

üVision as main human sense to
understand information.

1.1. What Is Visualization? 5

Figure 1.2. Various visual representations of a hypothetical clinical trial. The icon display
(lower right) was the most effective for the decision to stop the clinical trial. The

bar and pie charts were the least effective. (Image courtesy [113], c⃝ 1999 BMJ.)

Figure 1.2 shows the four presentations of the same data. In the upper
left we have a simple table, in the upper right pie charts, in the lower left
stacked bar charts, and in the lower right a sequence of rectangles, each
representing a patient. In all representations, both the conventional and the
investigational treatments are presented. The green color shows that the
drug induced a response and the red that none occurred.

The decision to stop varied significantly, depending on the presentation
of the data. Correct decisions were 82% with icon displays (lower right),
68% with tables, and 56% with pie charts or bar graphs. In actual clinical
practice, up to 25% of the patients treated according to the data displayed
as bar or pie charts would have received inappropriate treatment. Clearly,
the choice of visualization impacted the decision process. Elting noted that
most (21) clinicians preferred the table, and that several were contemptuous
of the icon display. This emphasizes that it is not only the visualization
that is key in presenting data well, but that user preferences are heavily

Interactive Data Visualization. Matthew Ward et al. CRC Press, 2015



Why visualisation matters?  (2)

https://www.datasciencecentral.com/profiles/blogs/when-data-viz-trumps-statistics

Ansombe’s Quartet



Relevance of correct visualisation => perception

1.4. The Visualization Process 35

Figure 1.37. How many legs does this elephant have? (Image from http://www.ilusa.com/

gallery/elephant-illusion.jpg.)

1.4.4 The Role of Perception

In all visualizations, a critical aspect related to the user is the abilities and
limitations of the human visual system. If the goal of visualization is to
accurately convey information with pictures, it is essential that perceptual
abilities be considered. A well-drawn picture can be stimulating, but if we
are presenting a conclusion, we do not want ambiguities such as Shepard’s
many-legged elephant in Figure 1.37. The following illusions, and many
more very interesting ones, are from http://www.ritsumei.ac.jp/∼akitaoka/
index-e.html.

Consider a collection of black squares spaced slightly apart (Figure 1.38).
Note the effect these squares have as you stare at them. There are, of course,
no moving black dots at the intersections of the white lines, but clearly such
a presentation of data would create instabilities. It thus makes little sense
to map a variable to a graphical attribute that humans have limited abil-
ity to control or quantify, if the goal is to communicate a numeric value
with accuracy. For example, most people cannot gauge textures accurately

Figure 1.38. The strength of the eye’s saccadic movement is hard to overcome.

Interactive Data Visualization. Matthew Ward et al. CRC Press, 2015
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Figure 1.39. A display showing one distractor (red) in a sea of blue-colored points. It is preat-

tentively distinguished.

Figure 1.40. A display where orientation is the key perceptual factor explored.

Figure 1.41. It is difficult in this display to identify the inner square consisting of right-handed

Rs.
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Figure 3.1. Two seated figures, making sense at a higher, more abstract level, but still dis-
turbing. On closer inspection, these seats are not realizable. (Image courtesy

N. Yoshigahara.)

are the most well understood. Simply put, perception is the process by which
we interpret the world around us, forming a mental representation of the
environment. This representation is not isomorphic to the world, but it’s
subject to many correspondence differences and errors. The brain makes as-
sumptions about the world to overcome the inherent ambiguity in all sensory
data, and in response to the task at hand.

Visual representations of objects are often misinterpreted, either because
they do not match our perceptual system, or they were intended to be misin-
terpreted. Illusions are a primary source of such misinterpretations. Figures
3.1 and 3.2 highlight our inability to notice visual problems except on more
detailed perusal. The drawings are those of physically nonrealizable objects.

Figure 3.2. Four ̸= three. As in Figure 3.1, this object would have a problem being built (there
are four boards on the left and three on the right).



Relevance of correct visualisation => scale
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(a) (b)

(c) (d)

Figure 1.1. The same data plotted with different scales is perceived dramatically differently:

(a) Equally (uniformly) large scale in both x and y. (b) Large scale in y. (c) Large
scale in x. (d) Scale determined by range of x- and y-values.

these figures, we would be tempted to categorize the data’s “natural” struc-
ture (we discuss this data in greater detail at the end of this chapter). We
might be inclined to say the plot is very linear (a–c), while it is actually
inversely proportional (d). Thus scaling as well as outliers can distort the
“truthful” representation of data and in fact can be used to do so.

A second example is very real and highlights the need for testing user
interpretation of visualizations in specific decision-making processes. In 1999
Linda Elting and colleagues [113] presented to 34 clinicians the preliminary
results from hypothetical clinical trials of a generic conventional treatment
compared with a generic investigational treatment, both treating the same
condition, using four different visualization techniques. The two treatments
differed from one another, with one of the treatments made to appear much
better than the other. Clinicians seeing that difference should then decide
to stop the trial.



Relevance of correct visualisation => cognition

Interactive Data Visualization. Matthew Ward et al. CRC Press, 2015
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Figure 1.42. A proposed model for the visualization pipeline.

1.5 The Role of Cognition

The visualization pipeline favors the synthesis of the visualizations and
presents the user and the task as the target of the visualization. What
does the user see in a visualization? What information gets understood,
missed, remembered? For how long can such information be remembered?
Each of these questions requires us to look beyond perception and into cog-
nition. Figure 1.42 is a more balanced pipeline, which is discussed in greater
detail in Chapter 3.

1.6 Pseudocode Conventions

Throughout the text we include pseudocode wherever possible. In our pseu-
docode, we aim to convey the essence of the algorithms at hand, while leaving
out details required for user interaction, graphics nuances, and data manage-
ment. We therefore assume that the following global variables and functions
exist in the environment of the pseudocode:

• data—The working data table. This data table is assumed to contain
only numeric values. In practice, dimensions of the original data ta-
ble that contain non-numeric values must be somehow converted to
numeric values. When visualizing a subset of the entire original data
table, the working data table is assumed to be the subset.

• m—The number of dimensions (columns) in the working data table.
Dimensions are typically iterated over using j as the running dimension
index.

üWhat does the user see through visualisation?
üWhat informations gets understood, missed, remembered?
ü For how long can such information be remembered?



Visual variables

üPosition
ü Shape
ü Size (scale)
üBrightness
üColour
üOrientation (direction)
ü Texture
üMovement
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Figure 4.8. Several examples of different marks or glyphs that can be used.

4.3.2 Mark

The second visual variable is themark or shape: points, lines, areas, volumes,
and their compositions. Marks are graphic primitives that represent data.
For example, both visualizations in Figure 4.7 use the default point to display
individual values. Any graphical object can be used as a mark, including
symbols, letters, and words (see Figure 4.8). When working purely with
marks, it is important not to consider differences in sizes, shades of intensity,
or orientation, as these are additional visual variables that will be described
later.

When using marks, it is important to consider how well one mark can
be differentiated from other marks. Within a single visualization there can
be hundreds or thousands of marks to observe; therefore, we try not to se-
lect marks that are too similar. For example, a set of marks that provides
easy reading is shown in Figure 4.8 and used in a scatterplot in Figure 4.9.

Figure 4.9. This visualization uses shapes to distinguish between different car types in a plot
comparing highway MPG and horsepower. Clusters are clearly visible, as well as

some outliers.
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Figure 4.11. This is a visualization of the 1993 car models data set, showing engine size versus

fuel tank capacity. Size is mapped to maximum price charged.

to provide relative difference for large interval and continuous data vari-
ables, or for accurate mark distinction for marks drawn using a reduced
sampled brightness scale, as shown in Figure 4.12. Furthermore, it is rec-
ommended that a perceptually linear brightness scale be used, which de-
fines a step-based brightness scale that maximizes perceived differences. An
example visualization using brightness to display information is shown in
Figure 4.13.

4.3.5 Color

The fifth visual variable is color; see Chapter 3 for a detailed discussion of
color and of how humans perceive color. While brightness affects how white
or black colors are displayed, it is not actually color. Color can be defined
by the two parameters, hue and saturation. Figure 4.14 displays Microsoft’s
color selector with hue on the horizontal axis and saturation on the vertical
axis. Hue provides what most think of as color: the dominant wavelength

Figure 4.12. Brightness scale for mapping values to the display.
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Figure 4.15. Example color map that can be used to encode a data variable.

Figure 4.16. A visualization of the 1993 car models, showing the use of color to display the
car’s length. Here length is also associated with the y-axis and is plotted against

wheelbase. In this figure, blue indicates a shorter length, while yellow indicates a

longer length.

lected to optimize the distinction between data types. Many books and arti-
cles have been written on color selection for effective communication [45,271].
An excellent web resource for color selection is www.colorbrewer2.org. Fig-
ure 4.17 shows examples of popular color maps for visualization.

4.3.6 Orientation

The sixth visual variable is orientation or direction. Orientation is a prin-
cipal graphic component behind iconographic stick figure displays, and is

Figure 4.17. Some common color maps: standard linear grayscale, rainbow, heated, blue to
cyan, and blue to yellow.
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Figure 4.18. Example orientations of a representation graphic, where the lowest value maps to

the mark pointing upward and increasing values rotate the mark in a clockwise
rotation.

tied directly to preattentive vision (see Chapter 3). This graphic property
describes how a mark is rotated in connection with a data variable. Clearly,
orientation cannot be used with all marks; for instance, a circle looks the
same under any rotation. The best marks for using orientation are those
with a natural single axis; the graphic exhibits symmetry about a major
axis. These marks can display the entire range of orientations. For exam-
ple, Figure 4.18 displays a mark that looks like an elongated triangle, which
clearly defines a single major axis. While this figure limits the range or ori-
entation to 90 degrees, this mark could easily map to the entire 360-degree
circle, as used within flow fields. Figure 4.19 displays a sample visualization
that uses this triangle-based mark.

Figure 4.19. Sample visualization of the 1993 car models data set depicting using highway miles-

per-gallon versus fuel tank capacity (position) with the additional data variable,
midrange price, used to adjust mark orientation.
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Figure 4.20. Six possible example textures that could be used to identify different data values.

4.3.7 Texture

The seventh visual variable is texture. Texture can be considered as a com-
bination of many of the other visual variables, including marks (texture
elements), color (associated with each pixel in a texture region), and orien-
tation (conveyed by changes in the local color). Dashed and dotted lines,
which constitute some of the textures of linear features, can be readily dif-
ferentiated, as long as only a modest number of distinct types exist. Varying
the color of the segments or dots can also be perceived as a texture.

Texture is most commonly associated with a polygon, region, or surface.
In 3D, a texture can be an attribute of the geometry, such as with ridges
of varying height, frequency, and orientation. Similarly, it can be associated
with the color of the graphical entity, with regular or irregular variations in
color with different ranges and distributions (see Figures 4.20 and 4.21). In
fact, geometric textures can be readily emulated with color textures, with

Figure 4.21. Example visualization using texture to provide additional information about the

1993 car models data set, showing the relationship between wheelbase versus horse-
power (position) as related to car types, depicted by different textures.
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1. Introduction 

Data visualization is representing data in some 
systematic form including attributes and variables for the 
unit of information [1]. Visualization-based data discovery 
methods allow business users to mash up disparate data 
sources to create custom analytical views. Advanced 
analytics can be integrated in the methods to support 
creation of interactive and animated graphics on desktops, 
laptops, or mobile devices such as tablets and smartphones 
[2]. Table 1 [3] shows the benefits of data visualization 
according to the respondent percentages of a survey. 

Table 1. Benefits of data visualization tools  
Benefits Percentages (%) 

Improved decision-making 77 

Better ad-hoc data analysis 43 

Improved collaboration/information sharing 41 

Provide self-service capabilities to end users 36 

Increased return on investment (ROI) 34 

Time savings 20 

Reduced burden on IT 15 

There are some points of advice for visualization [4]: (1) 
Do not forget the metadata. Data about data can be very 
revealing. (2) Participation matters. Visualization tools 
should be interactive, and user engagement is very 
important. (3) Encourage interactivity. Static data tools 
don’t lead to discovery as well as interactive tools do. 

Big data are high volume, high velocity, and/or high 
variety datasets that require new forms of processing to 
enable enhanced process optimization, insight discovery 
and decision making. Challenges of Big Data lie in data 
capture, storage, analysis, sharing, searching, and 
visualization [5]. Visualization can be thought of as the 
“front end” of big data. There are following data 
visualization myths [4]: 
•  All data must be visualized: It is important not to 

overly rely on visualization; some data does not need 
visualization methods to uncover its messages. 

•  Only good data should be visualized: A simple and 
quick visualization can highlight something wrong 
with data just as it helps uncover interesting trends. 

•  Visualization will always manifest the right decision 
or action: Visualization cannot replace critical 
thinking. 

•  Visualization will lead to certainty: Data is visualized 
doesn’t mean it shows an accurate picture of what is 
important. Visualization can be manipulated with 
different effects. 

Visualization approaches are used to create tables, 
diagrams, images, and other intuitive display ways to 
represent data. Big Data visualization is not as easy as 
traditional small data sets. The extension of traditional 
visualization approaches have already been emerged but 
far from enough. In large-scale data visualization, many 
researchers use feature extraction and geometric modeling 
to greatly reduce data size before actual data rendering. 
Choosing proper data representation is also very important 
when visualizing big data [5]. 
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Data applications are introduced in this paper. The challenges of Big Data visualization are discussed. New methods, 
applications, and technology progress of Big Data visualization are presented. 

Keywords: Big Data, visualization, interactive visualization, virtual reality, networks, cloud computing, 
information technology, telecommunication systems 

Cite This Article: Lidong Wang, Guanghui Wang, and Cheryl Ann Alexander, “Big Data and Visualization: 
Methods, Challenges and Technology Progress.” Digital Technologies, vol. 1, no. 1 (2015): 33-38. doi: 
10.12691/dt-1-1-7. 

1. Introduction 

Data visualization is representing data in some 
systematic form including attributes and variables for the 
unit of information [1]. Visualization-based data discovery 
methods allow business users to mash up disparate data 
sources to create custom analytical views. Advanced 
analytics can be integrated in the methods to support 
creation of interactive and animated graphics on desktops, 
laptops, or mobile devices such as tablets and smartphones 
[2]. Table 1 [3] shows the benefits of data visualization 
according to the respondent percentages of a survey. 

Table 1. Benefits of data visualization tools  
Benefits Percentages (%) 

Improved decision-making 77 

Better ad-hoc data analysis 43 

Improved collaboration/information sharing 41 

Provide self-service capabilities to end users 36 

Increased return on investment (ROI) 34 

Time savings 20 

Reduced burden on IT 15 

There are some points of advice for visualization [4]: (1) 
Do not forget the metadata. Data about data can be very 
revealing. (2) Participation matters. Visualization tools 
should be interactive, and user engagement is very 
important. (3) Encourage interactivity. Static data tools 
don’t lead to discovery as well as interactive tools do. 

Big data are high volume, high velocity, and/or high 
variety datasets that require new forms of processing to 
enable enhanced process optimization, insight discovery 
and decision making. Challenges of Big Data lie in data 
capture, storage, analysis, sharing, searching, and 
visualization [5]. Visualization can be thought of as the 
“front end” of big data. There are following data 
visualization myths [4]: 
•  All data must be visualized: It is important not to 

overly rely on visualization; some data does not need 
visualization methods to uncover its messages. 

•  Only good data should be visualized: A simple and 
quick visualization can highlight something wrong 
with data just as it helps uncover interesting trends. 

•  Visualization will always manifest the right decision 
or action: Visualization cannot replace critical 
thinking. 

•  Visualization will lead to certainty: Data is visualized 
doesn’t mean it shows an accurate picture of what is 
important. Visualization can be manipulated with 
different effects. 

Visualization approaches are used to create tables, 
diagrams, images, and other intuitive display ways to 
represent data. Big Data visualization is not as easy as 
traditional small data sets. The extension of traditional 
visualization approaches have already been emerged but 
far from enough. In large-scale data visualization, many 
researchers use feature extraction and geometric modeling 
to greatly reduce data size before actual data rendering. 
Choosing proper data representation is also very important 
when visualizing big data [5]. 
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Do not forget the metadata. Data about data can be very 
revealing. (2) Participation matters. Visualization tools 
should be interactive, and user engagement is very 
important. (3) Encourage interactivity. Static data tools 
don’t lead to discovery as well as interactive tools do. 

Big data are high volume, high velocity, and/or high 
variety datasets that require new forms of processing to 
enable enhanced process optimization, insight discovery 
and decision making. Challenges of Big Data lie in data 
capture, storage, analysis, sharing, searching, and 
visualization [5]. Visualization can be thought of as the 
“front end” of big data. There are following data 
visualization myths [4]: 
•  All data must be visualized: It is important not to 

overly rely on visualization; some data does not need 
visualization methods to uncover its messages. 

•  Only good data should be visualized: A simple and 
quick visualization can highlight something wrong 
with data just as it helps uncover interesting trends. 
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or action: Visualization cannot replace critical 
thinking. 

•  Visualization will lead to certainty: Data is visualized 
doesn’t mean it shows an accurate picture of what is 
important. Visualization can be manipulated with 
different effects. 

Visualization approaches are used to create tables, 
diagrams, images, and other intuitive display ways to 
represent data. Big Data visualization is not as easy as 
traditional small data sets. The extension of traditional 
visualization approaches have already been emerged but 
far from enough. In large-scale data visualization, many 
researchers use feature extraction and geometric modeling 
to greatly reduce data size before actual data rendering. 
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76 yo man with h/o HTN, DM, and sleep apnea who presented to the 
ED complaining of chest pain. He states that the pain began the day 
before and consisted of a sharp pain that lasted around 30 seconds, 
followed by a dull pain that would last around 2 minutes. The pain was 
located over his left chest area somewhat near his shoulder. The onset of 
pain came while the patient was walking in his home. He did not sit and 
rest during the pain, but continued to do household chores. Later on in 
the afternoon he went to the gym where he walked 1 mile on the 
treadmill, rode the bike for 5 minutes, and swam in the pool. After 
returning from the gym he did some work out in the yard, cutting back 
some vines. He did not have any reoccurrences of chest pain while at the 
gym or later in the evening. The following morning (of his presentation 
to the ED) he noticed the pain as he was getting out of bed. Once again 
it was a dull pain, preceded by a short interval of a sharp pain. The 
patient did experience some tingling in his right arm after the pain 
ceased. He continued to have several episodes of the pain throughout 
the morning, so his daughter-in-law decided to take him to the ED 
around 12:30pm. The painful episodes did not increase in intensity or 
severity during this time. 
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Figure 10.3. A document view in which named entities are highlighted, color-coded by entity

type.

questions such as which documents are similar to a specific one, which doc-
uments are relevant to a given collection of documents, or which documents
are most relevant to a given search query—all by finding the documents
whose term vectors are most similar to the given document, the average
vector over a document collection, or the vector of a search query.

Another indirect task is how to help the user make sense of an entire
corpus. The user may be looking for patterns or for structures, such as a
document’s main themes, clusters, and the distribution of themes through
a document collection. This often involves visualizing the corpus in a two-
dimensional layout, or presenting the user with a graph of connections be-
tween documents or entities to navigate through. The visualization pipeline
maps well to document visualization: we get the data (corpus), transform it
into vectors, then run algorithms based on the tasks of interest (i.e., simi-
larity, search, clustering), and generate the visualizations.

348 10. Text and Document Visualization

10.4 Single Document Visualizations

Here we present several visualizations of a single text document, taken from
the VAST Contest 2007 data set.

Figure 10.4. A tag cloud visualization generated by the free service tagCrowd.com [396]. The

font size and darkness are proportional to the frequency of the word in the docu-
ment.

10.4.1 Word Clouds

Word clouds (Figure 10.4), also known as text clouds or tag clouds, are
layouts of raw tokens, colored and sized by their frequency within a single
document. Text clouds and their variations, such as a Wordle (Figure 10.5),
are examples of visualizations that use only term frequency vectors and some
layout algorithm to create the visualization.

Figure 10.5. A Wordle visualization generated by the free service wordle.net [118]. The size of
the text corresponds to the frequency of the word in the document.362 10. Text and Document Visualization

Figure 10.20. The Jigsaw list view, displaying the connections between people (left), places (cen-

ter), and organizations (right). (Image from [155], c⃝ 2007 IEEE.)

10.8 Related Readings

A wonderful collection of papers originating from a meeting in 2005 to dis-
cuss the state of the art in visual information processing and describing
integrating text analysis and visualization can be found in the book Visual
Data Mining: Theory, Techniques and Tools for Visual Analytics, edited by
Simoff, Bohlen, and Mazeika [379]. More details on text mining and analysis
can be found in Feldman and Sanger’s book, The Text Mining Handbook: Ad-
vanced Approaches in Analyzing Unstructured Data [122]. The book covers
the full knowledge-discovery pipeline including visualization. Marti Hearst
has a great book entitled Search User Interfaces [179] , which includes a very
relevant chapter on information visualization for text analysis; the book is
also available on line at http://searchuserinterfaces.com/book/.

10.9 Exercises

1. Give examples of the suggested computations required for document
analysis for the following applications:

(a) identifying plagiarism,

(b) determining papers that discuss a specific topic,
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Figure 10.9. Literature fingerprinting technique. Here, literature fingerprinting is used to an-
alyze the ability of several text measures to discriminate between authors. Each

pixel represents a text block, and the pixels are grouped into books. Color is

mapped to the feature value, in this case to the average sentence length. If a mea-
sure is able to discriminate between the two authors, the books in the first row

(written by London) are visually set apart from the remaining books (written by

Mark Twain). (Image from [222], c⃝ 2007 IEEE.)

weights of the closest nodes (within a particular radius), making each closer
to the input vector, with the higher weights corresponding to the closest
selected node. As we iterate through the input vectors, the radius gets
smaller. An example of using SOMs for text data is shown in Figure 10.10
[454], which shows a million documents collected from 83 newsgroups.

10.5.2 Themescapes

Themescapes are summaries of corpora using abstract 3D landscapes in
which height and color are used to represent density of similar documents.
The example shown in Figure 10.11 from Pacific Northwest National Labs
[407] represents news articles visualized as a themescape. The taller moun-
tains represent frequent themes in the document corpus (height is propor-
tional to number of documents relating to the theme).

358 10. Text and Document Visualization

Figure 10.15. A stream graph (ThemeRiver), depicting the election night speeches of several

different candidates for a Canadian election. (Image from [173], c⃝ 2002 IEEE.)

tion assumes that the input data progresses over time. Themes are visually
represented as colored horizontal bands whose vertical thickness at a given
horizontal location represents their frequency at a particular point in time.

Jigsaw is a tool for visualizing and exploring text corpora [155]. Jigsaw’s
calendar view positions document objects on a calendar based on date en-
tities identified within the text. When the user highlights a document, the
entities that occur within that document are displayed (see Figure 10.16).

Wanner et al. developed a visual analytics tool for conducting semi-
automatic sentiment analysis of large news feeds [440]. While the tool au-
tomatically retrieves and analyzes RSS feeds with respect to positive and
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Bidimensional data

Area / Cartogram
Cloropeth

Distribution (points) map

https://towardsdatascience.com/big-data-information-visualization-
techniques-f29150dea190



Multidimensional data

Pie chart

Histogram

Dispersionhttps://towardsdatascience.com/big-data-information-visualization-
techniques-f29150dea190



Hierarchical data

Dendogram

Tree diagram

Concentric rings (sunburst)



Network data

Matrix

Alluvial diagram



Temporal data

Dispersion (connected) 

Polar diagram

Time series
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https://www.chewboom.com/2016/10/28/mcdonalds-launching-new-grand-mac-mac-jr-nationwide/

Big data



https://www.e-setorial.com.br/es/blog/158-entre-os-vs-do-big-data-velocidade-cresce-em-importancia#!/ccomment

üVisualisation as important
element for big data-*
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Tiny data

State diagram

Workflow



Dados minúsculos

Infographics

Domain diagram



Small data

Organizational chart

Network topology diagram



Small data

Route maps



Small data

Board members



Large data

Protein Network 

• A network diagram showing protein 
interactions inside a cell carousel 

• Red and yellow are drug targets; 
red is cancer, yellow is other 
diseases

• http://oncologynews.com.au/



Large data

Twitter Communities

• An individual’s twitter connections 

• Color coded communities identified 
based on topic area of posts

• http://oncologynews.com.au/map-of-drugs-reveals-uncharted-waters-in-search-for-new-treatments/



Giant data

Twitter Network 
Sample

• A sample network of Twitter users 

• Shows all 415,808 nodes, but none of 
the 283,317 edges

• https://dhs.stanford.edu/



Giant data

Twitter Network 
Sample

• Same network layout, with only edges 
shown

• https://dhs.stanford.edu/



Giant data

Twitter Network 
Sample

• Now with nodes and 
relationships 

• Force-directed layout

• https://dhs.stanford.edu/
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Figure 13.2. Three views of the Iris data set (scatterplot matrix, star glyphs, and parallel co-

ordinates). (Image from XmdvTool.)

In all cases, it is essential that the view manipulations be implemented in
a manner that is easy for the user to remember, and that provides suitable
accuracy for the task. If possible, direct manipulation (specifying changes on
the image itself rather than a separate control or command line) is generally
preferred. For example, mouse motion could be mapped to panning, with
button clicks invoking zoom operations (See Chapters 11 and 12).

13.1.3 Information Density—When Is It Too Much or Too Little?

One of the key decisions one makes when designing a visualization is de-
termining how much information to display. This gives rise to two extreme
situations. The first, which might be called “gratuitous graphics,” occurs
when there is very little information to present. Many examples of graphics

Figure 13.3. Levels of detail in maps. (Images courtesy of Google Maps c⃝ 2008 Google; map
data c⃝ 2008 NAVTEQTM.)
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Figure 13.4. A complex visualization with and without captions/ticks/legends.

values of interest for numeric fields when absolute judgments are important,
and all axes should be labeled with appropriate units. If symbols are being
used, a key must be provided, either along the border of the display or within
a separate widget. Finally, if color has a significance, sufficient information
must be available to allow easy interpretation (e.g., via a labeled color bar).
Figure 13.4 highlights the importance of this supplementary information.

The use of grid and tick marks can be both a boon and a curse to the
visualization. Poor choices of the types of markings and the density used
can occlude the data being displayed and lead to a cluttered appearance.
Figure 13.5 shows three degrees of markings. Clearly, one should avoid the
extremes.

The actual positions of the markings can also have a bearing on how
readily the data is interpreted. Based on the semantics of the data, certain
gaps between markings may make more sense to the user than others. Un-
fortunately, the default values used by some visualization tools may make
correct interpretation difficult (Figure 13.6).

The designer must also decide which range of values is to be displayed
(this decision may have been made in an earlier stage). There is always the
risk of misinterpretation when the expected range of values is not shown.
For example, when dealing with a percentage, most users would expect the
display to range from 0 to 100. However, in many cases this would lead to
significant waste of display space and loss of perceptual resolution (e.g., if all
percentages were below 10 percent), as can be seen in Figure 13.7. Thus, the
range must be carefully chosen and clearly marked to help convey accurate
information.

One final rule of thumb pertains to the use of multiple frames or windows.
It is important to follow a consistent labeling and gridding scheme. Changing
the position of labels and keys or the range of values shown (for the same
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Figure 13.2. Three views of the Iris data set (scatterplot matrix, star glyphs, and parallel co-

ordinates). (Image from XmdvTool.)

In all cases, it is essential that the view manipulations be implemented in
a manner that is easy for the user to remember, and that provides suitable
accuracy for the task. If possible, direct manipulation (specifying changes on
the image itself rather than a separate control or command line) is generally
preferred. For example, mouse motion could be mapped to panning, with
button clicks invoking zoom operations (See Chapters 11 and 12).

13.1.3 Information Density—When Is It Too Much or Too Little?

One of the key decisions one makes when designing a visualization is de-
termining how much information to display. This gives rise to two extreme
situations. The first, which might be called “gratuitous graphics,” occurs
when there is very little information to present. Many examples of graphics

Figure 13.3. Levels of detail in maps. (Images courtesy of Google Maps c⃝ 2008 Google; map
data c⃝ 2008 NAVTEQTM.)
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Figure 13.1. Using intuitive scatterplot symbols to show the distance from planets to the sun

versus the duration of a single orbit. (Image from http://www.physlink.com.)

Other mappings become intuitive when associated with a particular con-
text. For example, mapping temperature to color is fairly common, as many
cultures associate red or white with high temperatures. Color has specific
interpretations in fields such as cartography (land use classification) and ge-
ology (stratigraphic layer classification), and thus the application domain
for the visualization may dictate the logical use for the color attribute.

Height, or alternatively the length of a line, is another useful mapping for
temperature, as we associate temperature with the readout on thermome-
ters. In fact, for medical practitioners, it may be intuitive to use length for
displaying pressure or any other scalar value (e.g., the patient readouts in
the Star Trek sick bay).

One of the important considerations when selecting a mapping is the
compatibility between the scale of the data field and that of the graphical
entity or attribute. For ordered data attributes (e.g., age), it is not rea-
sonable to select a graphical attribute that is not ordered, such as shape.
Similarly, unordered data attributes (e.g., country of origin) should not be
mapped to ordered attributes (e.g., length).
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Figure 13.14. Some ugly visualizations: (a) from Miller et al. [294] and (b) from a Brazilian

economic statistics report [200]. In both cases, the cross-hatchings are seemingly

random and distracting. Shades of gray would significantly improve the aesthetics
of the images.

There are many examples of ugly visualizations in the literature. We
reproduce a few of these below (see Figure 13.14). We encourage designers
to perform aesthetic assessment on their results prior to presenting them to
users, and to seek out and incorporate the extensive literature available on
graphics design.

13.2 Problems in Designing Effective Visualizations

In the following sections we examine some of the common problems found in
visualizations that can occur even if the steps outlined above are followed.
These problems have a deeper root, and relate to decisions regarding what
to visualize and what is the most appropriate method to use. Some of the
problems involve intentional or inadvertent data distortion, which can lead
to misinterpretation. Others involve hiding the real data behind “cleaned”
versions or excessive supporting graphics. In all cases, steps can be taken to
improve the quality and “honesty” of the visualization.

13.2.1 Misleading Visualizations

One of the foremost rules of visualization is that the image should be an
accurate depiction of the data. However, throughout history, there are ex-
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Figure 13.16. Vis Lies: perspective distorts size in favor of closer objects.

Range distortion. As mentioned in an earlier section, viewers often have an
expectation about the ranges for a particular data dimension; by set-
ting this range to be significantly different from this expectation, the
user may be deceived into misinterpretation. This is often done by
moving an axis so it no longer corresponds with the expected “zero
value” (see Figure 13.17). Since relative judgment is such a strong
component of our perceptual system, changing the baseline for the re-
lations being portrayed could have a serious effect on how the image is
interpreted. The designer may want to give the user the option of mov-
ing this baseline to avoid wasting screen space, but it should be made
clear what the baseline is, especially if it departs from the established
norm.

Figure 13.17. Plotting data with different baselines.



Challenges to big data visualisation

üReduced expertise on big data visualisation.

ü IT infrastructure.

üData quality.

ü Frequency of data acquisition X analysis X visualisation.

ü Scale.



Frequent approaches to big data visualisation

Parallel coordinates



Figure 1 Cancer comparator. The cancer comparison macro view uses a parallel coordinates [31] to provide a cross disease comparison. In this
case the visualizations are used to show the differences in gene disruptions, measured by examining structural aberration, between a carcinoma
(Colon Cancer), a sarcoma (Ovarian Cancer) and GlioBlastoma (GBM). The values shown on each axis are the number of patients in which the
specific gene has been disrupted. The visualization uses the Protoviz libraries, and provides blending and color coding to portray the trends of
gene disruptions across the cancers. The visualization allows for range selection across the different axis, so that specific patterns across the
cancers can be identified. The parallel coordinates allows for the queries to be performed directly on the data set. In the example (1a) the
question being asked is which set of genes show a high level of structural aberration in GBM and a low level of structural aberration in ovarian
cancer. The range selection tool has been used to select all genes that have shown aberrations in more than 27 (out of 43) patients in GBM,
and also only show aberrations in less than 6 of the ovarian patients. The genes that show these characteristics are HYDIN, DNAH3 and OR2L13.
HYDIN aberrations [34,35] are known to cause Hydrocephalus (water on the brain), and so the disruption of this gene in the brain produces a
aberration that induces a survival physiological change. DNAH3 produces a Dynein protein and has been shown to be over expressed in ovarian
cancer, under expressed in GBM [36] and also to be important in APC mutation based carcinogenesis in colon adenocarcinoma [37]. The OR2L13
olfactory gene is one without obvious function, however it is one of the main 44 recurrently mutated genes in this disease [38]. Figure 1b
shows a second query, where the selection tool is used to identify all genes that show a high level of structural aberration across all three
cancers. All the genes have been identified by others as being important in cancer and generally appear on multiple gene lists as complied by
the MSKCC TCGA gene ranker tool [39]. The three genes that score lowest on this tool are PKHD1 [40] which is known to be involved in
colorectal adenocarcinoma, DYNA9 which is involved in cilia transduction signals related to tumorgenesis important in Hedgehog and Wnt
pathways [41], and SYNE1 which has recently been implicated in GBM [42]. SYNE1 is followed through the linked tools in Figures 2 and 3 to
show the types of information that can be discovered and visualized.

Boyle et al. BMC Bioinformatics 2012, 13:58
http://www.biomedcentral.com/1471-2105/13/58
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Methods for visual mining of genomic and
proteomic data atlases
John Boyle*, Richard Kreisberg, Ryan Bressler and Sarah Killcoyne

Abstract

Background: As the volume, complexity and diversity of the information that scientists work with on a daily basis
continues to rise, so too does the requirement for new analytic software. The analytic software must solve the
dichotomy that exists between the need to allow for a high level of scientific reasoning, and the requirement to
have an intuitive and easy to use tool which does not require specialist, and often arduous, training to use.
Information visualization provides a solution to this problem, as it allows for direct manipulation and interaction
with diverse and complex data. The challenge addressing bioinformatics researches is how to apply this
knowledge to data sets that are continually growing in a field that is rapidly changing.

Results: This paper discusses an approach to the development of visual mining tools capable of supporting the
mining of massive data collections used in systems biology research, and also discusses lessons that have been
learned providing tools for both local researchers and the wider community. Example tools were developed which
are designed to enable the exploration and analyses of both proteomics and genomics based atlases. These atlases
represent large repositories of raw and processed experiment data generated to support the identification of
biomarkers through mass spectrometry (the PeptideAtlas) and the genomic characterization of cancer (The Cancer
Genome Atlas). Specifically the tools are designed to allow for: the visual mining of thousands of mass
spectrometry experiments, to assist in designing informed targeted protein assays; and the interactive analysis of
hundreds of genomes, to explore the variations across different cancer genomes and cancer types.

Conclusions: The mining of massive repositories of biological data requires the development of new tools and
techniques. Visual exploration of the large-scale atlas data sets allows researchers to mine data to find new
meaning and make sense at scales from single samples to entire populations. Providing linked task specific views
that allow a user to start from points of interest (from diseases to single genes) enables targeted exploration of
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Background
Systems biology is a field that relies on both technical
and scientific innovations. The technical innovations
enable new scientific questions to be asked, and these in
return make further demands for advances in technol-
ogy. High throughput experimentation has been the

main driving force behind these advances, and has pri-
marily encompassed measurement types.
Two measurement types that have seen a vast increase

in utility and volume are high-throughput sequencing
(HTS) and mass spectrometry based proteomics. The
dramatic increase in the volumes of data are due to
changes in instrumentation. In proteomics the adoption
of new techniques, principally targeted approaches and* Correspondence: john.boyle@systemsbiology.org

Institute for Systems Biology, 401 Terry Ave N, Seattle, WA 98092, USA
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question being asked is which set of genes show a high level of structural aberration in GBM and a low level of structural aberration in ovarian
cancer. The range selection tool has been used to select all genes that have shown aberrations in more than 27 (out of 43) patients in GBM,
and also only show aberrations in less than 6 of the ovarian patients. The genes that show these characteristics are HYDIN, DNAH3 and OR2L13.
HYDIN aberrations [34,35] are known to cause Hydrocephalus (water on the brain), and so the disruption of this gene in the brain produces a
aberration that induces a survival physiological change. DNAH3 produces a Dynein protein and has been shown to be over expressed in ovarian
cancer, under expressed in GBM [36] and also to be important in APC mutation based carcinogenesis in colon adenocarcinoma [37]. The OR2L13
olfactory gene is one without obvious function, however it is one of the main 44 recurrently mutated genes in this disease [38]. Figure 1b
shows a second query, where the selection tool is used to identify all genes that show a high level of structural aberration across all three
cancers. All the genes have been identified by others as being important in cancer and generally appear on multiple gene lists as complied by
the MSKCC TCGA gene ranker tool [39]. The three genes that score lowest on this tool are PKHD1 [40] which is known to be involved in
colorectal adenocarcinoma, DYNA9 which is involved in cilia transduction signals related to tumorgenesis important in Hedgehog and Wnt
pathways [41], and SYNE1 which has recently been implicated in GBM [42]. SYNE1 is followed through the linked tools in Figures 2 and 3 to
show the types of information that can be discovered and visualized.
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Treemap

Frequent approaches to big data visualisation



http://www.trevorbedford.com/mortality/





Circle packing

Frequent approaches to
big data visualisation



Frequent approaches to
big data visualisation

Sunburst



Mothers with Mental Health Problems
Monsen, K. A. et al., 2014

Method: Data Visualization

Each image (sunburst) was created in 

d3 from public health nursing 

assessment data for a single patient. 

Data were generated by use of the 

Omaha System signs and symptoms 

and Problem Rating Scale for 

Outcomes

Key:

•Colors = problems
•Shading = risk 

•Rings = Knowledge, Behavior, and Status

•Tabs = signs/symptoms

Documentation patterns suggest a 

comprehensive, holistic nursing 

assessment.

Kim et al. found that the presence of 

mental health signs and symptom 

tends to be associated with more 

diagnostic problems and worse patient 

condition

Kim, E., Monsen, K. A., Pieczkiewicz, D. S. (2013). Visualization of Omaha System data enables 

data-driven analysis of outcomes. American Medical Informatics Association Annual Meeting, 

Washington D. C. Funded by a gift from Jeanne A. and Henry E. Brandt.



1. Interactive is the key

2. Immersive data 
visualization is possible

3. Ultra efficiency through
cross-referencing data

4. Navigation through the
subconscious mind

5. Makes natural interaction
possible

6. Multi-dimensional data analysis
https://hackernoon.com/6-ways-virtual-reality-will-transform-
big-data-visualizations-8554e2203cbb



The 5 Computer Vision Techniques That
Will Change How You See The World
https://heartbeat.fritz.ai/the-5-computer-vision-techniques-
that-will-change-how-you-see-the-world-1ee19334354b



https://heartbeat.fritz.ai/the-5-computer-vision-techniques-
that-will-change-how-you-see-the-world-1ee19334354b



VISUALISATION 
SOFTWARE
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Tools



Tools - Circos http://circos.ca/



Tools – Neo4j Bloom

This Bloom data visualization maps the Paradise Papers dataset
and shows the connections to the tax sheltering firm Appleby.

Bloom quickly visualizes related node clusters.



Available literature (very short...)



CASE STUDIES 
ON HEALTH



Lecture 9: Medical imaging

Irving B. et al., Medical Image Analysis, 2014, doi: 10.1016/j.media.2014.05.007

Medical image analysis

(a) Dr. Zisis Koslakidis, (b) Dr. Paul Taylor
Institute of Health Informatics

(a)

(b)



Use of the model to discriminate between
syndromes

Each face is a point in n
dimensional space where n is
the number of modes of
variation following PCA

Can draw a hyperline between
the two means and project
cases onto the line
‘Nearest’ mean is one classifier

Each row
shows a
series of
views of the
mean face
for a
different
syndrome

Large-scale objective phenotyping of 3D
facial morphology

• https://www.youtube.com/watch?v=UnwbPLvGV0
M

https://www.youtube.com/watch?v=UnwbPLvGV0M

Medical image analysis



History of 
homelessness 

Molecular clusters of tuberculosis in 
London 

• Molecular clusters share indistinguishable strain types 
• Patients in molecular clusters are more likely to be 

related through person-to-person transmission 

 
 

Dr. Catherine Smith
Institute of Health Informatics

Progression over time



How to map >3,000 patients in >750 clusters? 

• Used Shiny, web application framework for R 
• Mapping enabled through Leaflet 
• Runs locally, uses interactive web interface 
 

How to map >3,000 patients in >750 clusters? 

• Used Shiny, web application framework for R 
• Mapping enabled through Leaflet 
• Runs locally, uses interactive web interface 
 

https://www.youtube.com/watch?v=648G_9RikSU&feature=youtu.be



Infection response through virus genomics 
Infection response through virus genomics 

• Sustainable technology for 
full-length genome 
sequencing. 
 

• Processes and assembles 
virus genomes. 
 

• Rapid turnaround of 
samples. 

Genomic data Epidemiological data 



Infection response through virus genomics 

Ward 

Sample date 
Genetic links 

When were they 
admitted? 

How close is the 
link? 

Did they spend time on any other 
wards? 

How can visualisation support investigations? 



Infection response through virus genomics 





Phylogeography of  Ebola virus 2014-5 Real-time viral outbreak reporting 

Suspected Case  

Case taken to nearest 
ETC & sample taken for 

diagnostics  

Positive test 

Epidemiology starts 
& data recording 

Contact 
tracing 

Residual Material 
Sequenced 

Phylogenetics 

WHO report 

855 sequencing samples were processed between16 April 2015 and 
15 September 2015 yielding 614 EBOV genomes (72%).  

Dr. Zisis Koslakidis
Institute of Health Informatics



Visualising Informatics Research, Case Examples: Obesity 

Source: OEDC Obesity Update, June 2014. 

Source: The Mirror, 18 Jan 2015. 

Dr. Zisis Koslakidis
Institute of Health Informatics

Visualising Informatics Research, Case Examples: Obesity 

Source: OEDC Obesity Update, June 2014. 

Source: The Mirror, 18 Jan 2015. 



https://gcgh.grandchallenges.org/grant/integrating-socioeconomic-and-health-data-combat-malaria



FINAL
REMARKS



Visualisation as part of the big data-* cycle



Data storytelling

https://www.forbes.com/sites/brentdykes/2016/03/31/data-storytelling-the-
essential-data-science-skill-everyone-needs/#17478b4252ad



Source: Health matters report: smoking and quitting in England; PHE, June 2015. 

Visualisation at the smaller scale too- 
The ‘everyday approach’ 

Dr. Zisis Koslakidis
Institute of Health Informatics



http://www.dear-data.com



THANKS!!


