THE APPLICATION OF DATA VISUALIZATION IN AUDITING
By

ABDULLAH ALAWADHI

A dissertatiorsubmitted to the
Graduate SchooNewark
Rutgers, The State University of New Jersey
in partial fulfillment of requirements
for the degree of
Doctor of Philosophy

Graduate Program in Management

Written under the direction of

Professor Miklos A. Vasarhelyi

and approved by

Professor Miklos A. Vasarhelyi

ProfessoMichael Alles

Professor Helen Brown

Professor Asli Basoglu

Newark, New Jersey

May, 2015



© Copyright 2015
Abdullah Alawadhi
ALL RIGHTSRESERVED



Abstract of the Dissertation

The Application of Data Visualization in Auditing
By Abdullah Alawadhi

Dissertation Chairman: Prof. Miklos A. Vasarhelyi

Albert Einstein once wrote, "My particular ability does not lie in mathematical
calculation, but rather in visualizing effects, possibilities, and consequericatay the
web, cloud, virtual realityenterprise resource planningRP) systemsndother e/olving
technologies are increasinpé stream of data in all areas,thuishe need for Avi
effects, possibilities, and consequences', necessaryto reduce the volume to a

manageable size and focus on thoggial data points

With the advent o§ u c Big Datao, businesses are now so overwhelmed by these
data cascading into and through their business operations. They are faced with major
challenges in processing and analyziotgta Furthermore, aditors will need to rely on
more advance techmiles throughout the audit cycle sinceaditional techniques are

becomingdess and lessffective and efficient in the Big Data environment

Data visualizationis onesolutionthat presens information in ways that engage
the use of the humanbo sltistleegrogessiofwcenvedimgdawyv i s u a
data into some visudiorm. It helps by shifting the cognitive load coupled with the
understanding oBig Data to the human perceptual system through graphicsvesuls
Data visualization helps auditors gain better insights, draw better conclusions and

ultimatelyimprove the audit process.



This dissertationwill contribute to the existing literature by exploring the
application of various data visualization techniqueaudliting. Despite being widely used
in other fields such as medicine and engineering, the auditing profession has been behind
in their usage of dta visualization, and this dissertation will attempt to bridge this gap.
Specifically, it will look into and analyze the existing literature and their usage of data
visualization technique® shed light and understand its current evolution and its future
trend. It will also contribute by providingwo illustrations of howexploratory and
explanatorydata visualization can be applied in the audit profession. The first will
demonstrate how can be applied in the audit planning stage, where little is kredvaut
the data.The seconavill illustrate how an expertvisual dashboard can be applied in the

area of procurement cards for the purpose of audit monitoring and control.
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CHAPTER 1: INTRODUCTION

This dissertationgsentshreemainessays odata visualizatioand its application
in auditing. Chapter one of this dissertation introduces the motivation behind the topic and
provides a background amgeneral overviewChapters two, three and four present the
remaining three esays. The last chapter concludes the dissertation by discussing the

limitations and future research areas.

1.1INTRODUCTION

In the year of 2002, researchers from the University of Berkeley have estimated
that we generate about 1 Exabyte (1 Milliberabyte) of data every yeéBagiroglu and
Sinanc, 2013)The ease of gathering such data has been facilitated by several technologies,
such as Radio Frequency ldentifiers (RFID). Many other sources of data, such as social
medianetworks, videcand audiostreamsgcell phoneGlobal Positioning SystenGPS
data,and ERP systems have also contributethéd ar ge st r ucBiggDade awf t o
In Big Datg the amount and size of data is beyond the limit of what information systems
can store, process, and/analyze (Vasarhelyet al., 2015 Warrenet al.,2015. The
accumulation and evaluation efichBig Dataar e becoming key el eme
competitive advantage (Bughin et al., 2011). Furthermore, it has been found that firms who
leverage oBig Databy utilizing data analytics effectively achieve five to six percent gains
in productivity (Brynjolfsson et al., 2011). Auditors on the other hand are also likely to

benefit fromBig Dataas it provides them with more access to information. Thiseszzah |
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to effective identification of anomalies in the data that may or may not suggest related risks

(Brown-Liburd et al.,2015.

Nevertheless,esearchers have recognized the importancBigfData and the
benefits,obstaclesand changes brings to the aditing and accounting profession (Alles
2015, Warren et al.2015, Vasarhelyiet al.2015, Yoon et al.2015, Brown-Liburd et
al.,2015,Zhanget al.2015) Howeverdespite being aimportant resourcet is generally
difficult to extractrelevant informatiorirom Big Data Especially when many parameters
are recorded, resulting in muttimensional dta with a high dimensionalitySuch
complexity has lead companies to face major challenges in processing and analyzing their
data(Moffitt & Vasarhelyi 2013)Furthermore, the problem of efficiently analyzing such
multi-dimensional data is becoming increasingly challenging (Cuzzocrea & Mansmann,

2009).

1.2. INFORMATION OVERLOAD AND HUMAN INFORMATION

PROCESSING

With the availability andaccess osuchBig Data,the possibility of information
overloads likely. Prior research in psychology has demonstrated that decision makers have
limited ability to process large amounts of information required for complex decision
making (Kleinmuntz 199; Iselin 1988).Therefore, lhe decisiommaker must reduce the
volume to a manageable size and focus on those data points which are crucial to the task

at hand (Chorb& New 1980).One solution could be to present information in ways that

engage the use of the humands cChgvwanyandve an
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Dickson (1974) suggested a way to deal with large volumes of data by simply summarizing
them. They state thadummarized data presentations, such as tables and graphs, are

preferred to large amounts of data since summarization leads to lower cost decisions.

The human visual cortex dominates our perception and is highly specialized for
processing information. Theverage number of neurons in the entire human visual cortex
has been estimated at around 280 million (Letib&raftsik, 1994). Moreover, more than
30 million neurons are activated in the visual cortex wheneageassinglebject image
(Levy et al.,2004). Therefore, humans have great visual and spatial abibiresareable
to detect outliers, variations in color, shape, and moWare able to recognize patterns
and retrieve information using various visual cues (KosdlyrCunningham1994).
Therefore, visualization is a sound and efficient way of presenting data and analyzing it
effectively. Many tools have appeared that promise to help decision makers reduce large
data sets to simple visugdlsurie & Mason, 2007)These visual tools rangefn common
bar charts to sophisticated virtual environments. Data visualization helps by shifting the
cognitive load coupled with the understandin®igf Datg to the human perceptual system

through graphics and visuals (Lohse 1997; Zh&anyhinston 1995).

Decisionmaking is a cognitive process that leads to the selection of a course of
action among alternatives that produces a decision outcome (Libby, 1981; Cloyd, 1995). It
involves three central stages: input; processing and output (Kibbswis, 1977).Since
the decisionmaking process involves reliance on the nature and content of information
beingenteredBig Dataversusmon-Big Data) and how the information is being presented

(visuallyversusnontvisually), there is a possibility that decision makers would not be able
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to fully process thenformation due to human information processing limitations. (Cloyd,

1995; Roberts, 2002).

The source of deficienag decision making resulting from the limitations imfan
information processingan be caused by two main sources: the decision maker or the task.
When the deficiency is caused by the decision makegenerdly relates to limited skills
and knowledgehe decision maker haand with proper training, theeficiency maybe
alleviated(Roberts, 2002)However, if the deficiency is caused by the tais&na primary
reason can be due to size and volume of information at hand. In such indtasdesision
maker may potentially face information overlpachich is the notion of receiving too
much information (Epple& Mengis, 2004). Due tthis information overloadpverall
decision making tends to be less efficient and effeditv@sey 1980; Malhotra 1982

Jacoby 184; Herbig& Kramer 1994

Once thselimits of human information processingere establishedresearchers
began exploring ways to overcotiem and today, there are many ways available to assist
decisionmaking (Libby, 1981; Libby& Lewis, 1982; Libby et al., 2002However, these
methodsmy not be effective in todaydés Big Dat
methods to address information processing in the Big Data environment is ned@asary.
potential solution that improves decisiorakingandaddresses the limitations of human
information processingiscussed aboyés the use ofjraphics and visualGhaniet al.,
2009. Numerous studies have suggested the use of various presentation formats to
minimize human information processing limitations (ChervafayDickson, 1974,
DeSanctis& Jarvenpaa, 1989; Iselin, 1®8Hard & Vanecek, 1991; Ston& Schkade,

1991, Frownfeltel.ohrke, 1998; Stock& Tuttle, 1998; Dull et al., 2003). These studies
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suggest that presentation formsch as the use of various visualization techniqueesd
overcome the effect of increased information (Roberts, 2002) and also improve ways of

thinking (Schick et al., 1990).

1.3. DATA VISUALIZAION

Prior studies have used different terms to refer to the presergétidormation in
visual form, suchai nf or matabhnz aetialgl® ,( Gadhadt a Vvi sual
(Green 1998)orii s ci ent i f i dDeWantietalgllo89zDegpite dhe wariation in
naming, most have a commdheme, and in this papel, will use the termidat a
vi sual arat deMhlha sledtian, transformation, and presentatiomasfous

forms ofdatain visual formthat helps facilitate exploration and understanding

In general, there are two categories of data visualization, each serving different
purposes:explanation and exploratioSteele & lliinsky, 2011). Explanatory data
visualization is appropriate when we know what the data is and has to say. Specifically,
explanatory data visualization is part of a presentation phase, where we want to convey
certain information in a visual fornWith Big Data, companies need better ways, to not
only explore data, but to synthesize meaning from it. Producing visuals that provide
explanation and understanding can have significant effects in guiding users toward a
conclusion, persuading them to take dif@ractions, or inviting them to ask entirely new
guestions. Nevertheless, creating such visuals requires preplanning, setting clear

objectives, and obtaining the right visual elements
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In contrast, visual data exploration is appropriate when little is knalvout the
data and the exploration goals are vague. Translating large data sets into a visual medium
can help in identifying interesting trends and/or outli&sploratory data visualization
facilitates the user exploring the dataelpingthem unearthheir own insightsDepending
on t he us #is@&discoueoymproaess that cowldcould notpotentially lead to
the finding of many different insightdJltimately though,it could help usersobtain
interesting information, and build hypothesisrh large amount of data (Steéldliinsky,

2011).

Users who utilize exploratory data visualization generally do not know what the
data will show, and would usually analyze and look at the data from a couple of different
angles, searching for relationphj connections, and insights that might be concealed in the
data. In contrast, users who use explanatory data visualization can typically be called
presenters as they are already experts in their own data. They have already exulored
analyzedhe dataand highlighted the data points that support the core ideas they want to

communicate (Fisher, 2010).

The effectiveness of a visualizatitechniqueslepends on several factors. These
include perception, cogni ti onSomeaisudls maye use
convey meaning to a user in a certain way, while conveying it to others differently. How a
user perceives a visualization depends on factors such as visual awareness, lighting

conditions, color scales, and previous experience (Ware, 2012).



1.4. MOTIVATION AND CONTRIBUTION

The motivation behind this dissertation is that by presenting information in ways
that would engage the humands cognitive an
overload associated with processing and analyBig Data is potentially reduced
Additionally, by utilizing both the explanatory and exploratory aspects of data
visualization, auditors may obtain better insights during exploration, and communicate

results more effectively during explanation.

The auditig and accounting literature have lagged in showcasing the application
of data visualizationTherefore his dissertation attempts to contribute to the literature by
presenting a full understanding of data visualization and showcasing its applications in
different areaslt will also explore what role visualization can play in the audit process.
Given that traditional accounting aadditing data is highly structured, one hypothesis is
that in this settingi Vi sual i zati on adds gnmwlewtisethe val ue
audit opposed to an exploration r dHee as
exploration roleis generallybest when one cannot predefithe natureof relationships
between the data, basically when the exploration goals are \Eagulanationon the other
hand isbest when aimdto highlight significanpredefined/predetermined data points in a

relationship.

The dissertation is organized as followBhe first essaywill discuss data
visualization and the different visual cues available. Not all visuals and graphs are effective
for certain task and data types, hence dssaywill attempt to shed light on the issue.

Additionally, it will discuss thesvolutionof data visualizatin from the early 1500s till
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today presenting the major milestones throughout histényally, it will present an in
depthvisualanalysis of the auditing literature and their research on data visualiZ&tien.
section specifically contributes to theetature by usingxploratorydata visualization as

means texplore andanalyzetheliterature.

Thesecondessaywill talk about data visualization for knowledge discovery, which
is an effective form of hypothesis generation. Specifically, this essaghalcase the
application ofexplanatory and exploratodata visualization in Medicare health insurance
industryfor the purpose of knowledge discovgiy assist auditors in their planning stage.
This essay will contribute to the literature by presentiiiferent methodologies by which
data visualization can be applied thgbout the audit planning phase in a Big Data
environment,whether the need is to explore and analyze the data, or to explain and

understand it.

The final essaywill present a papehatillustrates how the implementation of a
visual dashboard can provide flexibility and improved performancan audit setting.
Specifically, this essay discusses the implementation of a prototype visual expert system
in a firm by elicitingthe knowledge of an expert in the procurement caxch(d) arealhe
contribution of this study is to bridgine gap in the literatureby utilizing real world
procurement data and applying a nuditnensional approach fahe detection op-card
misuse Additionally, it will illustrate how visualization can be used as means to provide
meaning and understanding throughout the pro&@sally, the fifthand finalchapter will

summarize the conclusions and disdusg&ations and future work.



CHAPTER 2: DATA VISUALIZATION, ITS EVOLUTION AND
USAGE AND RESEARCH IN AUDITING: A LITERATURE
ANALYSIS

2.1 INTRODUCTION

The main goal of data visualizatigto help users gaipetter insights, draw better
conclusions and eventualjenerate hypotheseThis isachieved by integrating the uéer
perceptual abilitieso the data analysis processdapplying their flexibility, creativity,
and gener al knowl edge to the | ar ge dat a
visualization involves several main advantadiedeals more easily with highly noisy data.

It usually allows for faster data explorationlarge data sets. Finally is intuitive and

requires no understanding of complex mathematical or statistical algorithms (Keim, 2001).

McCandlesg2012) presemstfour elements of a good data visualization shown in
Figure 1. The first element isnterestingnesswhich is concerned imaking sure the
audience casmbout what you want to say that he data should be meaningful, relevant
and new.Next is ntegrity, which deals with the question of whether you are saying the
truth or not, and whether you are being consistent, honest and accurate. Form deals with
the way you are trying to convey your message. In other words, the visuals need to be
structuredand pleasant to the human eyes. Finally we have function whadncerned
with whether you are able to makeur message eysunderstoal. In order for a visual to
be effective, all four elements need to be present, butek@mpleonly integrity, function
and form are availablevithout interestingnesshevisualization may end up being slightly

boring.
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Figurel: Four main elements of a successful data visualization

In general there arBve main stages to data visualization: The collection and
storage of data, the preprocessing of data, the hardware used for display, the algorithms
used to visualize the data, and finalynd most importantlythe human perceptual and
cognitive system (therpcess of thinking). A final stage can also be added where we can
provideinteractabilitywith the visualization, giving the users the ability to manipulate the
data or control what features are visible (such as those applied in visualization dashboards).
Data visualization has several benefits: 1) it can easily deal with highly diverse and noisy
data. 2) It is intuitive and requires no understanding of complex mathematical or statistical

algorithms. 3) It usually allows for faster data exploration anchgiftevides better results.
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4) And finally data visualization may be useful in quality control, meaning that with an

appropriate visualization, errors and artifacts in the data often become visible.

Figure2 illustrates how visualization leverages the diesi of our eyes and brains
and helps in detecting patterns or pattern violations fast and efficiently. By looking at the
Figure deviations from the normwan be observe&imple changes in skew, position, color,
size, blur or even shape of different oltgem the visualization can be detected by our

powerful visualand cognitivecapabilities.

Ske: @_l_
+® Posi

* Col
Si z %"'
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Figure 2: Visualization and Outlier Detection

This chapter will attempt taontribute to the literature by providing full

understanding of data visualizatidnwill also contribute by illustrating how exploratory
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data visualization can be used as means to study and analyze the lit€redinst section
will discuss the different types of data visualization dreassociated visual ques. Not all
visuals or graphs work for certain tasks, thbhs section will present the necessary
information to help mapisualsto the data, making sure they are not only effective but
relevant as well. The second section willadiss the evolution of data visualization from
the early10™ century to our timéoday. The final section will conductwasual literature
analysis of the usage and researctaif visualization in auditing, and attempt to present

new methodologies for atyzing and reviewing the literature.

2.2. VISUAL CUES AND TYPES OF DATA VISUALIZATION

Data visualization in its most basic form is simply mapping data to geometry and
color. However, an important aspect of visuals is to be able to map to thedkitag sure
its essence is intact, otherwise the visualizations will appear as nothing but meaningless
shapes. Being able to choose the right visual cue is crucial. These cues generally change
based on the task at hand, which depends on how varied she@ssand shades are
perceived(Keller & Keller, 1993 Yau, 2013) Figure 3 presentghe 10 common visual
cues (Yau, 2013) The following paragraphs will discuss tbe different cues and

corresponding types of data visualization
Position

The first visuakue is positionwherevalues placed on a given space or coordinate
system are compared. It helps in spotting clusters, trends, and outliers by plotting all the

data at once. One example here is a scatterplot as séaguie4. In scatterplotsdata
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points, represented as dots, are judged based on their X and Y coordinates and where they
are relative to others. Scatterplots can be useful when the data is large in sizedsames it

all the data within the Xand Y-plane, taking less space.

Position Length Area
. . I @
. |
® O

Color Saturation Angle Direction

\ 4

Color Hue Volume Shapes

Geographical O Je.:
Maps ()

Figure3: 10 Common Visual Cues
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Clustering is another example of using position as the visual cue. It is a technique
that deals with grouping a set of objects in such a way that objects in the same group are
more similar to each otherah to those in other groups. It is a very useful technique for
detecting outliers. Network grapliBigure5) is amore recentlata visualizatiorthatis
becoming more popular with social media being widelgd They specialize in modeling
pairwise relatios between data points, and add an additional feature of visudheisg
relationships betweethe data points. A hybrid approach would be the combination of
clustering and network graphs, as showrrigure 6, where a set of similar objects are

groupedogether and a pairwise relations between them is madeled
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Shipping Cost

Figure4: Scatterplot Visual
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Figure5: Network Graphs

@ Acquaintances, recruiters and industry contacts

® Colieages - 1 employer ago
® Colleagues - 2 employers ago

Figure6: Network Cluster Graph
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Length

Length on the othdrand is most commonly used in the context of bar charts. Bar
charts visualize data by displaying rectangular bars (horizontal or vertical) with lengths
proportional to the values that they represémgyre?), the longer a bar is, the greater the

absolutevalue. Bar charts are used to compare different values based on their bar lengths.
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Figure7: Bar chart

Angle and Direction

Angles are generally represented on a circle with range from zero to 360 degrees.
Each angle between tkero and 360 degrees, has an implied opposite angle that completes
the circle. The visual cue, angle, is commonly used to represent pie charts. A pie chart is a
simple circle divided into sectors with areas proportional to the quantity it represents. It i
usually used to present the frequency distributions of qualitative vari8oletar to angle
is direction, but instead it relies on a
increases, decreases, fluctuations and slope of the datatiddiras a visual cue can be
seen in time series plots, as showhigure8. Time series graphs are useful for visualizing
a sequence of data points, measured typically at successive points in time, with vectors

fluctuating across time.
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Figure8: Time Series Visual

Shapes, Area andfolume

Shapes are commonly used to differentiate between categories. Compared to single
dots on a scatterplot, the usage of different shapes can provide context, and help categorize
the data.When dealing with area and volume as the visual cues, generally what that means
is the greater the value is, the bigger or larger the object will be. Similar to length, area and
volume can be used to represent data with size. For example, circlestandlesccan be
used to represent-dimensions, while cubes and spheres can represdimehsions.

Bubble chad are one example of area and volume visual cues.



Color Hue and Color Saturation

Color can be spilt into two categories: hue and satura@ioler hue is simply color

(Bl ue, red,

greenéetc.

)
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shape

categorical data, where each color represents a group. Saturation on the othetheand is

amount of hue in a color ight green to dark greenfombining both hue and saturation,

visuals can have multiple hues that represent different categories, while each category can

hawe varying scales in saturatiddeat maps are a good example of graphs that combine

the previous 3 visual cues, namely afea and saturatiols shownin Figure9, heat

mapvalues are presented in a matrix and represented by hue and saturation. Size or area of

the individual boxes also represent an additional attrittigat Mapscan help to quickly

identify outliers in thedata
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Geographical Maps

In some instances, visual data points that stem from visual cues need to be placed
somewhere. Generally what is used are charts gisiY axis. However, when location
datapoints need to be represented, a geographic map is required. Geographic visuals are
very helpful when dealing with addresses, zip codes, or even cities. They can be dombine
with different visual cues, such as bubble charts and/or hue/saturation. Foleexamp
Figure 10, we see a geographical map showing a

represented by bubble size and color intensity

World Sales

J O
Oe %QO >
OOO:'O C,O° (roé 2
° @) ) % o® &
o ® O%' @ = o
o PR o ° ©
® o ® -
) ©
e O
)
® :
(@] Q)
e} . o -
Q

Figure10: Geographical Visualization

Cleveland and Mcgrill (1986) conducted a studyde&iermine how accurately
people read the visual cuessclissed above (excluding shapaspr and geographical

mapsg. Their results ranked the visual cues from most accurate to least accurate, as shown
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in Figurell However, this r goatternplotg aralabwvays petier thame a n
bubble charts. It may serve as an initial guide, but it will still depend on the task at hand

and what data type is available

more accunare (NN | e accunare
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e = O e

A—

Figure11: Ranking of Visual Cues

There are several data typesjch as quantitative, ordinatategorical, and
relational. However, knowing which visual cue is suited best for which data type is a
challenge. One solution to help identify which visual cue is suited for a specific task is to
see whether their property haturally ordered, and how many distinct values the reader
will be able to perceive and differentiate (Stekl#iinsky, 2011).For example, the visual
cue position has a natural oriohgy, same with area and volumea we ver , shape d
Hue is nonaturally ordered as well, however saturatiodsfor the distinct values, users
need to be able to easily differentiate between the different features of visual cues. For
example, hue has a limited capacity, at least in terms of our visual capatliliéieaore
colors are introduced the harder it is for our eyes to tell them apart. However, shapes can

be more easily differentiated, as well as positions on an axis

The variety of visual tools that are available can potentially make it difficult to

detemine the best tool to usBteele and lliinsky (2011) present a guide as to how to select
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certain visual properties based on the kind ¢& dgpe available. As shown Kigure12,
some visual properties are limited to few data types, while other visyag¢nties can be
used to visualize multiple data types. For example, the visual properties of position,

placement, and text, can be used to visualize any type of data.

ORDINAL QUANTITATIVE  RELATIONAL CATEGORICAL
LINE WEIGHT
BOLDNESS
SATURATION
SIZE-AREA
DENSITY
ANGLE
LENGTH
POSITION
TEXT
CONNECTIONS
LINE PATTERN
LINE ENDING
COLOR
PATTERN TEXTURE
SHAPES

Figurel2: Visual Properties vs Data Types

2.3 THE EVOLUTION OF DATA VISUALIZATION

Data visualization has deep roots in history from the earliestmading to the
later fields of statistics, medicine, and engineering. Throughout history, a wide variety of
advancements have contributed to the widespusadf data visualization toda@ne of
the first known graphics is shown kgure13 which is a chart of planetary movements
introduced in the 10th century. Despite being about one thousand years old, it is intuitive
and asy to understand. It showse position of several celestial bodies over time, possibly
making it the earliest version of what is called a multiple times series chart (Beniger &

Robyn, 1978).
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Figurel3: One of the earliest forms of data visualization

Friendly (2008), inFigure 14, showcases the development of data visualization
throughout the ages. The following paragraphs will discuss this development in more
details.In the 16th century, the earliest forms of data visualization arose in geometric
diagrams, graphical positioning of stars, and in the making of maps to aid in navigation
and exploration. These early steps comprise the beginnings of data visualization. By the
17th century, physical measurements of time, distance and space for fieldsssuch a
astronomy, map making, navigation, and territorial exparniseman to appear (Friendly,
2005) Figurel5 shows an example by Michael Florent van Langren, a Flemish astronomer
to the court of Spain, who in 1644, believed to be the first to present areigtesentation
of statistical data, graphing the determinations of distance, in longitude, from Toledo to

Rome (Tufte, 1997).

























































































































































































































































































































































































































































