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Abstract

The aim of this work is to research suitable visualization techniques for application in
data flow based analysis systems. To accomplish this, a literature survey is performed
over the relevant works in the fields of both visualization and data analysis platforms.
An examination of appropriate matches between data flow patterns and visualization
techniques is carried out.

Several concrete application scenarios are then examined using suitable visualization
techniques that have been identified in the survey and a discussion of the value of
visualization in each scenario is given. Finally, implementation details of a prototypical
visualization framework are given and potential areas for future improvement are
outlined.

Zusammenfassung

Das Ziel dieser Arbeit ist es, geeignete Visualisierungstechniken für den Einsatz in
datenflussbasierenden Analysesystemen zu erforschen. Um dies zu erreichen, wird
eine Literaturrecherche in den relevanten Arbeiten auf den Gebieten Visualisierung und
Datenanalyseplattformen durchgeführt. Hierbei werden zusammenpassende Visual-
isierungstechniken und Analysemustern untersucht.

Verschiedene Anwendungsszenarien werden nun unter Verwendung passender Visu-
alisierungstechniken untersucht und die Zweckmäßigkeit der Visualisierung in jedem
Szenario wird diskutiert. Schließlich werden Implementierungsdetails eines proto-
typischen Visualisierungsframeworks gegeben und potenzielle Bereiche für künftige
Verbesserungen werden skizziert.
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CHAPTER 1

Introduction

1.1 Motivation

IN-SITU data processing is currently extremely popular. In this approach, in order to
achieve the minimum possible time in which results are returned, very little preprocess-

ing of any kind is performed. This means that users do not have a very comprehensive
understanding of the nuances and problems which may exist in the data beforehand.
Any potential pitfalls are likely to only be discovered at a later time, after much time and
effort will already have been invested.

Intermediate
data sets

Standard statistics such as minimum, maximum, average, or median may help for simple
numeric data. However, text data or (semi-) structured data call for different approaches.
Aside from knowing what your raw data looks like at the input stage it is also crucial
to understand intermediate data sets, i.e. how the different operations affect the data
within the data flow.

Directed
Acyclic Graphs

It is typical for large scale analysis systems such as Flink [BEHK10], Pig [GNC+09],
or IBMs System S [GAW+08] to represent analysis jobs as a series of individual tasks.
These tasks are connected into a data flow which generally takes the form of an directed
acyclic graph (DAG), which provides a useful visual metaphor for the ordering and
dependencies of each task within a job. While this is adequate for describing the process
by which data is analyzed, it leaves much to be desired in terms of describing the data
itself. In particular, in cases where execution times are particularly long. Thus far,
few systems making use of data flow graphs have invested significantly in the area of
visual feedback within these graphs. System S provides basic feedback indicating the
status of dataset processing without real feedback regarding data features [PLGA10],
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Chapter 1 Introduction

and Lipstick [ADD+11] has evolved from a method of providing provenance models for
pig latin queries to providing rudimentary DAG visualization capabilities for Apache
Pig [GNC+09] in its current development state.

Data Set
Visualizations

The purpose of this work is to research suitable visualization techniques for a wide
array of common analysis tasks, survey the relevant literature, and create a prototypical
method for the implementation of these visualizations in a data flow context. These
visualizations are proposed in such a way as to be generic enough to suit many types of
analysis without modification, and to demonstrate the effects of different operations on
the data as well as interesting traits which are inherent to the input data sets in their raw
state. Necessarily, to demonstrate this an examination of both common visualizations
as well as common analysis tasks are presented, after which the applications of both
together are demonstrated and discussed on some representative samples. Additionally,
cases where such a solution is either inappropriate or ineffective without modification
are presented.

Scope of WorkThough this work aims to be comprehensive, there is of course a limit to the topics which
have been addressed. In particular, focus has been placed squarely on the visualization
of data sets as they are processed through a data flow; meaning that input, output,
and intermediate data sets are discussed but the visualization of the data flow graphs
themselves has been omitted. This is due to the relatively extensive work that has already
been done to address this facet of data flow visualization. Additionally, as this work
is intended to be prototypical there are some clearly beneficial features which have
not been implemented thus far. Principle among these features is automation of the
visualization process, which in its current form requires explicit action on the part of
developers. Additionally, there are many enhancements which could be made to the
presentation of visualizations and the robustness of their designs. These areas which
have been left unaddressed are discussed in Chapter 7.

1.2 Structure of this Thesis

Chapter 2 - Related Work This chapter provides a survey of the related work. This
includes research related to both visualization practices, as well as data analysis
platforms. The design of visualizations and reasons for applying them to data sets
rather than using statistical summaries is discussed. The data analysis software
discussed is examined with focus being placed on pre-existing visualization capa-
bilities and comparison between the systems to demonstrate that the core ideas
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Chapter 1 Introduction

presented in this work are not limited to a single analysis paradigm.

Chapter 3 - Visualizations In this chapter each of the most commonly encountered
data formats in data flows is examined. The structure of these data formats is
discussed, and some of the most common transformations applied to such data
sets are identified. From this, an appropriate set of visualizations which meet the
needs of those analyses identified are given along with a discussion of how each
visualization can be paired with the desired outcome of the analysis.

Chapter 4 - Data Flow Patterns Several common design patterns in analysis programs
are discussed in this chapter, providing analysis context during which several dif-
ferent types of transformations may be applied to data sets. As in the previous
chapter, each of these design patterns is matched with a set of visualizations which
would be appropriate for analyzing the outcome of such an operation.

Chapter 5 - Applications Based on the connections between data formats, design pat-
terns, and visualizations which have been discussed in the previous chapters this
chapter demonstrates some scenarios in which developers could apply visual-
izations to their benefit. In each case the context of the data sets and analysis is
discussed so that relevant patterns and data formats can be identified, and thus
visualizations can be demonstrated in a way which is consistent with the conclu-
sions drawn previously.

Chapter 6 - Implementation This chapter describes details of the implementation of
this work. This includes models of both the classes implemented, and the visual-
ization process in the context of an analysis job. Discussion is focused both on the
implementation of the classes which perform the collection and visualization of
data from within an analysis task, and the classes which represent each of the im-
plemented visualizations. The implemented visualization classes are enumerated
in this chapter.

Chapter 7 - Future Work In this chapter those features which have not been imple-
mented due to limitations in scope are discussed. This includes a discussion of
possible improvements to the visualization classes available, the possibility of
providing visualizations in real-time as a data flow is executed, the addition of a
web interface where visualizations could be accessed offline and perhaps in an

3



Chapter 1 Introduction

interactive format, and most importantly the automation of the data visualization
process.

Chapter 8 - Conclusions The final chapter summarizes the discussion from the previ-
ous chapters and examines the conclusions which have been drawn throughout
this work.

4



CHAPTER 2

Related Work

THE FIELD OF DATA VISUALIZATION has existed in some form for as long as data
analysis has taken place. The primary purpose of data visualization is of course the

effective communication of information through the use of graphics. Across varying
fields and time periods, different approaches have been applied to varying degrees
of success. Most are familiar with basic forms of information graphics, such as tables
or basic charts, but as more data is generated and the economy becomes increasingly
information-driven we have seen data visualization expand as a field of study in and of
itself.

2.1 Visualization of Data

DATA OFTEN CONTAINS HIDDEN PATTERNS which are very easily understood by hu-
mans, but can be difficult to extract using basic statistical or computational methods.

A demonstration of this was famously constructed by Francis Anscombe in his 1973
paper "Graphs in Statistical Analysis" [Ans73]. Known as Anscombe’s quartet, this
example consists of four data sets containing (x, y) coordinates. Each of these data sets
has identical simple statistical summaries (linear regression coefficients, x and y means,
x and y variance, and Pearson Correlation Coefficient). When visualized using a simple
scatterplot however, each dataset clearly exhibits a unique pattern. Figure 2.1 shows
Anscombe’s quartet visualized together.

TufteGeneral purpose visualization techniques have evolved over the past several decades,
but often simple techniques still provide the most effective solution. One of the most
seminal works in information display is Edward Tufte’s "The Visual Display of Quantita-
tive Information"[Tuf01]. This work provides a summary of several different types of
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Chapter 2 Related Work

Figure 2.1: Anscombe’s Quartet [SW12]

visualizations applied in many fields, but more importantly it sets guidelines as to what
makes an effective visualization.

Chart JunkMany of the key concepts of Tufte’s work revolve around the idea of limiting what he
called chart junk. Chart junk refers to "useless, non-informative, or information-obscuring
elements of information displays"[Tuf01]. While Tufte acknowledges that using non-data
graphics can help to editorialize or provide context for the information being displayed,
it is more important to ensure that data is not distorted in order to fit an aesthetic.

Data-rich
Visualizations

In addition to limiting non-data information in visualizations, Tufte makes a strong
case for the value of data-rich visualizations. Data-rich visualizations are those which
include all available information, providing a comprehensive view from which macro
trends may emerge. In essence, perhaps at the expense of being able to read individual
data points, viewing a complete data set visually may provide insight without need for
mathematical analysis. One of many examples of this given in the work is the famous
map of central London used by Dr. John Snow to determine the root cause of a cholera
outbreak, shown in Figure 2.2. By marking the location of cholera deaths with dots
and water pumps with crosses it became immediately clear that deaths were clustered
around a central pump on Broad Street. Dismantling this pump quickly stopped the
deaths. This provides a clear case where a simple graphical analysis proved far more
efficient than mathematical computation would have been in determining a causal link.
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Figure 2.2: The map used by John Snow to determine the source of a cholera outbreak [Tuf01]
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Chapter 2 Related Work

Figure 2.3: An example CIO dashboard [Few06]

DashboardsA more contemporary area of work which is directly connected to digital display is
the concept of a dashboard. As defined by Stephen Few, a pre-eminent expert in this
area, a dashboard is a single-screen visual display of the information required to achieve
a specific set of goals. In a business context, this generally refers to key performance
Indicators (KPIs). Such a dashboard is typically generated dynamically, allowing for
real-time display of data trends as they occur. An example of such a dashboard as built
for the CIO of a generic company is shown in Figure 2.3.

Dashboard
constraints

In Stephen Few’s "Information Dashboard Design" [Few06] a comprehensive guide to
the development of dashboards is given. In particular, specific charts and graphics
are matched to appropriate use cases and perhaps more importantly, areas in which
some visualizations are inappropriate are defined. Beyond being a discussion simply on
visual design, interactivity is discussed. The author notes that although the capability
to explore data and perform analysis is available, for monitoring purposes it is more
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Chapter 2 Related Work

appropriate to not allow such features. Though these analyses are often important, it
is more crucial to the purpose of a dashboard to display the data in the form that the
dashboard was originally designed for. To do otherwise would risk undermining the
purpose, which is a focus on optimal display of key metrics.

Evaluation of
Visualizations

Though information visualization has been a very popular research topic for over two
decades, there is little in terms of a firm framework by which the success of visualizations
can be measured. A review of literature in the area [Ame10] indicates clearly that the
literature is mixed on which evaluation approaches produce actionable results, and to
what extent these results are accurate. The variables affecting such an analysis include
both an examination of the domain in which data is being visualized, and the intended
users of said visualizations. Scientific visualizations will not only demand different
features than business visualizations, they will often be examined by users with very
different levels of expertise. Exigent variables such as user understanding force data
visualization to be examined by somewhat subjective standards in almost all cases. It
is difficult to determine if there is a number of hours of productivity saved through
the use of a dashboard, for example, if the application of the information therein (and
therefore its results) is still heavily dependent on unpredictable external factors such as
user expertise.

2.2 In-Situ Processing

PROCESSING LARGE QUANTITIES OF DATA has become a common task within many
organizations. Data sources such as sensor networks or click streams necessitate

handling both massive quantities of information and rapid rates of change. The size
of this data presents issues in the efficiency of storage solutions and there are many
options for handling such problems [KAL+11]. Beyond storage, when analysis occurs
on large data stores it is often necessary to apply in-situ processing rather than a more
thoroughly controlled approach. In-situ analysis allows for results to be obtained quickly
by avoiding alterations to the initial state of the data and not isolating it from other active
systems. This removes a significant amount of preprocessing that may be involved in an
analysis performed on a more controlled data source. Removing preprocessing steps of
course increases speed while introducing a number of potential unknown factors which
must now be handled in a sort of ad-hoc fashion during the analysis. Because in-situ
analysis often occurs on data which is unstructured and not stored in a relational format,
it fits hand in hand with analysis platforms which operate on large and unstructured
data sets.
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Figure 2.4: A generic data flow graph [Ho08]

Parallel Data
Flow Graphs

There are many platforms which are purpose built for performing analysis on large data
sets, the most common of which are based on the MapReduce model of computation.
The most widely used analysis platform based on the MapReduce paradigm is Apache
Hadoop [Fou15]. Hadoop consists of two primary parts: a MapReduce based distributing
processing engine, and the Hadoop Distributed File System (HDFS). Conceptually,
executing an analysis task in the MapReduce paradigm simply means that the distributed
computation task being performed consists of map and reduce operations which are
paired to form each step of an overall computation. As more layers of map and reduce
steps are added, we are left with a directed acyclic graph of operations which are
chained together in a linear way, as can be seen in Figure 2.4. This figure represents two
MapReduce steps, each of which is separated by a write of the data being operated on to
the file system. Systems which utilize the data flow graph model optimize these graphs
by grouping together and pipelining operations in order to reduce the overhead and cost
as much as possible. Many widely used analysis systems have been built to run on top
of or alongside Hadoop.

PigOne of the more popular of these data flow graph based systems is Apache Pig [GNC+09].
Pig consists of two major components: a language, Pig Latin [ORS+08] in which Pig
programs can be written, and the execution environment in which they can be run.
Pig acts as a high level tool through which users can develop MapReduce applications
for execution in a Hadoop environment. Pig Latin provides users with a simple syn-
tax through which sequential operations can be defined, at which point the execution
environment compiles these tasks into Map-Reduce programs for which parallel imple-
mentations have already been developed in detail within Hadoop. These sequential
tasks are organized into a data flow graph which the system can optimize automatically,
greatly simplifying the work of the developer. Additionally, Pig Latin has been designed
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Chapter 2 Related Work

with extensibility in mind. Developers can write user defined functions in Java, Python,
JavaScript, Ruby, or Groovy and then call these functions directly from within a Pig
Latin program. Pig was initially developed internally at Yahoo, and quickly became
widely applied externally after moving to the Apache foundation a year after its initial
development.

FlinkAnother platform for large scale data processing is Apache Flink [Apa15a]. While Pig
Latin provides the interface through which developers can work with Pig, Flink is
accessed through either a Java or Scala API. For users who are already fluent in either of
these languages, this is very convenient. It allows the same extensibility as seen with
Pig, where users can write custom functions for execution within an analysis program,
but additionally enables the use of native Java and Scala data types. Using these data
types without conversion into the key-value pair data format typical of MapReduce
removes one more complication for developers and simplifies analysis programs. Flink
is optimized for working with iterative processes. Through the optimization of join
algorithms, reuse of partitioning schemes, and operator chaining Flink optimizes iterative
processes while also offering good performance when applied to batch processing jobs.
Operators in flink are organized into a directed acyclic graph by the optimizer, which
provides simple parallelization and a more general model for execution than in simple
MapReduce systems.

SparkApache Spark [Apa15b] is another large scale computing framework which expands
on the capabilities of systems such as Hadoop. The primary benefit of using spark is
the method in which it process data. Data in a Spark analysis is processed in-memory
as opposed to being persisted to disk after a map or reduce action as would be the
case in Hadoop. This offers immense performance boosts in areas such as machine
learning where iterative computations which operate on the same data set many times
are common. However, in areas where not all of the application data easily fits in memory
or when there are no iterations, such as in a basic ETL type task, basic MapReduce is
likely more appropriate. Spark offers programming APIs in Java, Scala, R, and Python.

System
Differences

Each of these systems have specific traits related to the way their data flow graphs are
generated and optimized. Generally speaking however, the graphs themselves are still
functionally similar enough that we can attempt to be generic in the way that this work
is applied.
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Figure 2.5: An executing operator as visualized in IBM’s System S [PLGA10]

2.3 Visualization of Data Flow Graphs

DATA FLOW GRAPH VISUALIZATIONS have existed in some form for as long as data
flow graphs have been used in analysis systems. However, their use is almost ex-

clusively applied to examining meta-information such as optimization plans. Relatively
little work has been done in generating visualizations which help in the understanding
of data, as a supplement to the analyses themselves.

IBM System SIBM research has developed a stream processing system known as System S, which
builds processing graphs using predefined operators [GAW+08] and has included basic
visualization of these graphs [PLGA10]. The visualizations show the DAG of analysis
operators and indicate whether the operations have completed through colour coding.
Additionally, each operator has a small widget which identifies the tuples which have
been passed to or from the operator, as seen in Figure 2.5. These tuples can be highlighted
in order to show specific data values, and to highlight data dependencies which exist
downstream.

Retrospective
Debugging

This type of visualization exists primarily to support debugging after some failure has
been detected post-analysis. It can be seen in Figure 2.5 that there are only ten tuples
visible at a single time. Though this number can be expanded, this limitation is here
because the envisioned use-case consists of a user scrolling through tuples to identify a
single suspected problem tuple. While this is very useful for repairing a problem which
is found post-analysis, in cases where this computation is very expensive or the problem
is particularly unclear after a failure it may not be efficient.

LipstickLipstick [ADD+11], a workflow provenance model framework built for use with Pig
takes a similar approach to that of IBM. Lipstick examines the internals of modules within
a data flow in order to determine dependencies between parts of a flow. This approach
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Figure 2.6: An execution plan as seen in the Flink execution plan visualizer [Apa14]

is used for very much the same debugging cases which are expected within System
S, with the addition of an added feature allowing developers to query a dependency
graph. These queries allow developers to change parameters of the tuples in the graph
in order to undertake "what-if" style analyses. Beyond the analysis options introduced
through the querying capabilities of Lipstick however, the added visualization features
are relatively simple. Like in System S, single operations change colour to indicate status
and the tuples being passed to and from operations are identified. In this case the key
difference is that the widget for selecting single tuples from System S is replaced with a
simple integer iindicating the quantity of tuples moving through a flow. The exploratory
capabilities here are left for queries made against the graphs generated in Lipstick.

Flink Plan
Visualizer

The approach taken by Flink in visualizing the execution of a job is focused less on
the provenance on data and operations and more on the organization of the execution
plan as decided by the internal optimizer. Depending on the input sizes and other
variable factors in a job, the same program may be executed very differently so that
optimal performance can be achieved. Because the development API and the way that
programs are executed are independent of one another, it is important that a developer
have a mechanism through which they can see the execution order as determined by
the optimizer. This is provided through the Flink execution plan visualizer [Apa14],
which developers can access through their browsers. A form is provided in which users
can submit the execution plan in a JSON format (easily extracted from a running job
through the development API), at which point it will be neatly rendered on their screen
in a format similar to the example shown in FIgure 2.6.
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CHAPTER 3

Visualizations

THIS SECTION AIMS to provide an examination of the methods used to visualize each
of the most common types of data in this work. Rather than comprehensively

examining all available visualizations, focus will be placed on those data types and
structures which are expected to be regularly encountered. These are the data types
which are not only most regularly encountered in general, but are particularly applicable
to the types of computation scenarios well-suited to analyses in a data flow context.

3.1 Numerical Data

NUMERICAL DATA IS UBIQUITOUS when it comes to analysis. Almost all tasks which
involve any type of computation will have some sort of summary or statistics to

display as a result. This ubiquity has led to a myriad of visualizations being developed
for similar tasks, some of which have more merit than others. The key point to consider
when visualizing numerical data is to determine the purpose of the visualization.

Category
Comparison

Comparing data across several categories is a task which applies to many different forms
of analysis. This is best accomplished through the use of a bar chart. Bar charts display
discrete groupings of typically qualitative data such as months, product categories,
or ages. Rectangular bars are rendered on the horizontal axis, with the bars’ heights
reflecting the value assigned to their respective categories. The ordering of the bars is
often arbitrary, but in cases where the bars are ordered from highest to lowest incidence
the resulting chart is known as a Pareto chart. This can help to reveal trends which exist
on top of being used for comparison between two individual categories. In cases where
the category values are non-discrete, they can be grouped into discrete bins based on
semantically sensible ranges. In this case, the resulting chart is referred to as a histogram.
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Figure 3.1: A pie chart showing proportions of wine varieties [Few07]

Figure 3.2: A bar chart showing proportions of wine varieties [Few07]

Pie ChartAnother option for comparing categories is the pie chart. A pie chart is a circle which is
divided into wedges representing each category, where the arc length of a wedge reflects
the category’s assigned value. While these charts are visually appealing, and provide
an obvious visual metaphor for parts of a whole, they are generally inferior to a simple
bar chart. There are several scenarios in which a pie chart becomes very difficult to read
accurately. Primarily, when there are many categories, or when the categories presented
are of a very similar size. In such cases, it becomes very difficult to make judgments
based on the angles of the various wedges [Rob05]. An example of this is shown in
Figure 3.1, in which comparing the blue wedges accurately is quite difficult visually.
While it is clear that they are all roughly similar, it is particularly difficult to be certain
whether Pinot Grigio and Prosecco have equal quantities, or if one is greater. This could
be corrected by adding numerical labels, but the necessity for written numbers implies
that a chart may not be better suited to the task than a well formatted simple table.
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Pie
Replacement

For use in visualizing intermediate data sets during in-situ data processing in particular,
we of course cannot reliably predict the proportion or in some cases number of categories
in the data set. As such, it is better to assume the worst case and use a visualization
which is more consistantly appropriate. Applying a percentage scale to the y-axis of a
bar chart will adequately replace the visual part of whole metaphor provided by the pie
chart. Aside from this, their tasks are never strongly divergent, so no other modification
is necessary. Figure 3.2 visualizes the same data as seen in Figure 3.1, using a bar chart
rather than a pie. In the bar chart, the percentages are very clear and the comparison is
much less ambiguous.

CorrelationOne of the visual analysis tasks which is best suited to human analysis is the assessment
of correlation between variables. In a scenario where a data set exists with two variables,
we can place each variable along an axis and mark each record as a coordinate point.
Such a chart is known as a scatter plot, and suggests correlation (or lack thereof) based
on the pattern of points drawn on the plot. In cases where the drawn points slope from
the bottom left to the top right of the chart area, we can infer that there is a positive
correlation between the two variables. Likewise, a slope from top left to bottom right
implies a negative correlation. A line of best fit can be drawn on top of the scatter plot in
cases where the slope is not immediately clear, or simply for clarification.

Non-linear
Relationships

While seeing these positive and negative correlations is useful, it is possible to calculate
them using simple methods. An even more powerful application of scatter plots is in
identifying non-linear relationships between variables. For example, clusters of points
are much more easily detected visually in a scatter plot than they would be through the
application of statistical methods in the context of an exploratory analysis.

TrendsWhen examining linear trends in cases where there is a strict ordering of values on one
axis, it makes sense to use a line chart. In particular, this is helpful for determining
whether there is an increase or decrease in the slope of the line between individual
points and through this if there is some causal relationship. Often, in cases where the
trend over all data points is more important than any individual measure, sparklines
can be applied. Sparklines consist exclusively of the line portion of the chart, and do not
normally include axes and labeling. This is generally a design choice, and can be useful
in the design of dashboards and other data-rich displays. Because of the ad-hoc nature
of the analyses with which we are concerned, normal line charts will be assumed to have
subsuming applicability.
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Summary
Statistics

There are some cases where a visualization more complex than a simple table is unneces-
sary and perhaps even ill-suited. When there is only a single value resulting from some
aggregation, or there is nothing useful to compare resulting values to, for example. In
addition, it may be the case that an analysis is complex enough that a visualization serves
to further complicate understanding of the data rather than enhancing understanding.
In such scenarios, it often makes sense to simply display the values on their own in
comparison with other useful visualizations.

3.2 Text Data

OOFTEN TEXT DATA IS PAIRED with some form of numerical summary, and in many
cases there is no need for a specific type of visualization for this scenario. This

could be true for a data set with products and sales numbers for example, where the
product names could easily be switched with an integer key and no analysis value would
be lost. However, when there is semantic value which can be extracted from the text
we can apply more specific techniques. Particularly, this is true if if we can present the
text data itself in such a way that a viewer can assess the basic features of the data more
quickly by reading the text than by using a numerical approach.

Word CloudsThe most commonly encountered form of text visualization is a word cloud. Word
clouds are a specific form of weighted list which were largely propagated through early
blogs and websites as a common feature for exploring tags on posts. There are some
examples of these visualizations appearing earlier in printed form [DGG87], but these
are generally not for practical analysis purposes. Word clouds can be used to either
summarize the frequency with which items occur, or as a categorization method. In a
frequency analysis, words within the cloud have their sizes or colours scaled to reflect
their associated frequency. Categorization is applied mainly for navigational purposes,
with word sizes scaling to the number of subcategories they encompass. Word clouds
are often considered sub-optimal for many use cases because they remove context from
the analysis and leave too much extraneous information. They still however prove quite
practical for identifying flaws or unexpected features of data sets, if not for analysis.

Phrase NetsPhrase nets [VWV09] represent data to some extent in the same fashion as a word cloud,
with the size and colour of a word representing it’s frequency in the text overall. The
added benefit of a phrase net is that it also shows the relationship between words,
providing greater context in later stage analyses. Rather than words floating on their
own, they are connected by arrows in a directed graph. The arrows are formed based
on a predefined relationship between the two and weighted in the same fashion as the
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Figure 3.3: A word cloud as presented in "Tausend Plateaus: Kapitalismus und Schizophrenie" [DGG87]

words themselves, based on the frequency with which the relationship occurs. Figure
3.4 shows a phrase net built using the old testament, which connects two words X and
Y based on occurences of the phrase "X of Y" in the text. The obvious complication
introduced in this approach is the requirement for a pre-defined relationship. Some
simple relationships can be assumed to exist in most text data sets, but similar to a list of
stop words it is likely that these relationships will become less useful the more commonly
occurring they are. In such a case, we need to obtain a more useful relationship either
through user input or some kind of natural language processing techniques. Neither
case is particularly well suited for in-situ analyses, requiring significant knowledge of
the data at hand or potentially complex meta-analysis respectively.

Word TreesA somewhat more precise visualization of text data is the word tree[WV08]. Given a
specific pre-selected word, a word tree visualizes the connections that this root word
has to other words in different sentences or phrases. As seen in Figure 3.5, a branch is
drawn from the root word to each word which immediately follows it in the original
data. Likewise, from each of these words the possible children are shown given the
prior two words in a phrase. Each word in this tree is drawn at a larger size based on
the number of times it follows the previous word. This provides much more context
for analyzing an individual word very quickly, particularly in cases such as sentiment
analysis where the tone of branching phrases and their weights can quickly identify
positive or negative emotion in the data set. A word tree also offers the possibility of
interaction, as a user can click any of the child nodes and generate a new tree based
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Figure 3.4: A phrase net visualizing "X of Y" in the old testament [VWV09]

on this word. The specificity of this visualization also introduces technical challenges
and practical issues for in-situ analysis; in particular the initial input from a user and
interactivity (in cases where this is implemented). The initial input from a user implies
that some knowledge of the data set’s details are known beforehand to the extent that
specific phrases or words are of interest and have been identified, which is likely not the
case. More importantly, the method through which these trees are dynamically drawn
based on the selection of any node requires re-drawing of the tree and the generation of a
new set of sub-trees. This begins to shift the implementation problem from visualization
and exploration towards NLP and analysis, and depending on the size of the data set in
question introduces a not insignificant overhead in terms of processing.

3.3 Graph Data

GRAPH AND NETWORK datasets are frequently topics of interest for analysts. Particu-
larly, the subset of graph theory known as network theory provides many methods

through which analysts can discover useful features of graphs. Network theory assumes
that a graph is a representation of asymmetric relationships between discrete objects (as
opposed to more abstract definitions as applied in graph theory generally) and has many
practical real-world applications. Any area in which real networks between objects occur,
such as links in computer networks, social networks, narrative connections in writing, or

19



Chapter 3 Visualizations

Figure 3.5: A word tree visualizing occurrences of "love the" in the King James Bible [WV08]

even molecular networks in biology, can provide a myriad of use cases for analyses that
fall under network theory.

Graphs in DAG
Systems
KONECTThe KONECT project [Kun13] at the University of Koblenz-Landau has collected a large

set of graph datasets and provided tools for their analysis. Their collection demonstrates
that a very large number of heterogeneous data sets can be modeled as graphs, and
further that a generic set of analyses can be applied to these data sets if they are repre-
sented in a unified way. Though there is a taxonomy of graphs based on their respective
features (directed/undirected, weighted/unweighted, etc.) the vast majority of analyses
are similar if not identical, and differences typically only affect the way in which analysis
is performed rather than the analysis result format. Likewise, each of these analyses can
be visualized in a straightforward manner.

DistributionsAs graphs are at their core built of distinct parts, many of the relevant analyses focus
on similar structural tasks. Generally, these analyses consist of generating distributions
of features across nodes or edges, and thus each can be visualized similarly. Within
weighted graphs, the distribution of weights across edges in the graph provides a good
representation of any skew or trends in the weighting. An example of this can be seen
in Figure 3.6. In cases where the graph is being generated during the execution of
some task rather than being provided as input, such distributions can be visualized as
a temporal distribution, representing a rate of change in the overall number of edges
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Figure 3.6: A visualization of edge weight distribution [KON]

or nodes at specific points in time, such as can be seen in Figure 3.7. Of course, these
distribution analyses can be focused on other objects within the network, for example
degree distributions rather than edge weight distributions. Each type of distribution will
reveal some insight into either the nodes or edges of the graph.

Cumulative
Degree
Distribution

While distributions focus on simple aspects of a graph’s structure, more complex details
can be extracted from the same basic data. For example, a cumulative degree distribution
can be extracted to identify the probability that a randomly selected node will have a
degree larger than some integer n, as a function of n. Such a distribution can be seen
in Figure 3.8. This figure demonstrates that even as we move to more complex forms
of analysis, the structure of the output data is still well suited to our basic forms of
visualization.

LayoutAs graphs are of course a form of structural data, visualizing the structure itself is
intuitive. With very small graphs this is easy to do, but as graphs grow many problems
present themselves. The most obvious issue is the size itself; a graph featuring ten
million nodes will be impossible to visualize in a legible way unless it has very particular
features which are accounted for beforehand and visualized accordingly. In the case
of even relatively small graphs, it is usually necessary to have some kind of structural
information about the graph so that node placement can be handled in a sensible way
during visualization. Node placement has to consider not only visibility for users,
but also semantic issues such as neighbor proximity and edge overlap. Some generic
methods for such problems exist, such as force-directed flow algorithms [DLR11], but
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Figure 3.7: A temporal visualization of edge growth [KON]

Figure 3.8: A visualization of cumulative distribution [KON]
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it is difficult to predict their efficacy in ad-hoc scenarios where the graph’s structure is
unknown.

3.4 Hierachical Data

WHEN DATA IS LOADED INTO AN ANALYSIS SYSTEM it is often useful to utilize a
hierarchical format in order to avoid performing joins. Of course, a hierarchy can

also be modeled as a graph data set as it will necessarily be a tree of sorts. However,
because the common standards in hierarchical data (JSON, XML, etc.) are so specific
and frequently occurring it makes sense that they should be considered in a separate
category.

Hierarchy
Features

The primary difference between a hierarchical data set and a simple tree will almost
always be the quantity of meta data contained in elements of a hierarchy. Typically
in netwrok analysis, the features of a data set with which we are most interested are
exclusively structural; in/out degrees, connectivity, edge weights, etc. With hierarchical
data, we are frequently just as concerned with attributes of hierarchy elements as we are
with the structure of the hierarchy itself. A good example of this would be a hierarchical
file system in which we want to both examine the folder structure as well as features of
individual sub-hierarchies such as total disk space, filepaths, and file types therein.

TreemapsA relatively new visualization which is purpose-built for displaying hierarchies is the
tree map. A tree map is a very space efficient method for displaying a hierarchy using a
set of nested rectangles. Nesting of course occurs based on levels in the hierarchy being
visualized, and layout and coloring can be performed based on features of the data.
Though area based visualizations such as mosaic plots have existed for a very long time,
the generation of a tree map is dependent on a recursive algorithm for generating tiles.
Though the first instance of such an algorithm dates back over 20 years [Shn92], attention
to the ways in which tree maps could be applied to varying types of data and analyses
became much more popular several years later. In displaying hierarchies, the way in
which hierarchies were visualized colored and labeled varied strongly depending on
how many dimensions were contained in the data and what the purpose of the analysis
was [BSW02][SKM06]. A basic example treemap can be seen in Figure 3.9.

Alternative
Visualizations

Many alternatives to tree maps for the visualization of hierarchies have been presented,
but typically these are all some form of enhancement of modification of the basic tree
map format [SDW09]. In most cases, if an analysis requires breaking a hierarchy into
its constituent parts for a more specific analysis, a summary data set of another type
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Figure 3.9: A treemap showing relative folder sizes in a file system [Fry08]
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Table 3.1: Data formats and applicable visualizations

Numerical Text Graph Hierarchical
Bar Chart X

Pie Chart X

Line Chart X

Scatter Plot X

Word Cloud X

Word Tree X

Phrase Net X

Graph Diagram X

Tree Map X

Text Output X X

(Generally numerical) can be extracted and the visualization methods from previous
sections can be applied.

3.5 Summary

LOOKING AT THE SCENARIOS presented in the previous section, it becomes clear that
the vast majority of visualization scenarios which would be encountered during

exploratory or in-situ processing can be handled using very basic tools. In Table 3.1 a
visual summary is given of the areas in which each of the discussed visualizations is
most appropriate. In cases with limited applicability, it is of course important to keep in
mind that more complex data formats can typically be reduced so that their features fit
well into the more easily visualized data formats.
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Data Flow Patterns

THERE ARE MANY SCENARIOS in which graph based analysis systems can be applied.
Because this work is meant to applicable to any data flow job, example cases must

be selected in order to cover a varied range of analyses and data types. In this case,
the analyses chosen attempt to cover the major analysis pattern categories as presented
in the text "MapReduce Design Patterns" [MS12]. Of course, modern data analysis
platforms have evolved beyond the functionality of the MapReduce paradigm, but the
majority of analysis tasks remain the same excepting details of their implementation.
In addition to the analysis itself the type of data being visualized is key. As such, these
design patterns have been chosen in order to represent the most essential functions of
distributed analysis, and thus the widest applicable range of input data sets.

4.1 Summarization Patterns

NUMERICAL AGGREGATION TASKS across groupings in a data set are the most com-
mon tasks which are encountered in analysis programs. This base grouping of

data is of course one of the most core functions in data analysis platforms, and thus is
often the most straightforward and commonly encountered type of analysis. Because
of the simplicity of summarization tasks, they are frequently the first form of analysis
performed in the exploration of a new data set. This makes summarization patterns a
crucial, albeit straightforward, point of focus for any work concerning the evaluation of
unknown factors in data.

Numerical
Summary

Numerical summarization is a general pattern for calculation aggregate statistical values
across groupings in a data set. Most data sets will be too large for a human to be able
to extract meaningful patterns from viewing individual records. Hence, when we are
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dealing with data that can be grouped by fields in a semantically meaningful way and
can be sensibly aggregated or counted we can summarize in hopes of revealing insight.
This pattern is analagous to performing an aggregation after a group by expression in a
SQL-like context.

Inverted IndexInverted indexes are often constructed in scenarios when it is useful to associate some key
term with a set of related results within a dataset. This serves to improve search speed
by eliminating the need to examine each possible result in a large data set. It does this
by pre-restricting the potential results to those which are known to be associated with
the search term provided. This differs structurally from the numerical summarization
pattern in that the result will be a set of record identifiers mapped onto some search
keyword, rather than the relatively simpler group identifier-statistic pairs provided by
numerical summarization. Though the actual implementation of the analysis differs,
the information which would be useful for basic analysis remains very similar. Namely,
the most crucial information here would be the number and nature of results associated
with each keyword. This is generally identical to the previous visualization scenario, if
we consider the dataset to be visualized as a set of keywords and associated statistical
result set metadata (Number of results, average result size, etc.).

CountingSemantically, counting problems could be considered a subset of numerical summariza-
tion. In scenarios where we require only a simple count or summary of a specific field,
we could output the key of a record with a count of one and then reduce to generate
a final count. The counting pattern instead utilizes the internal counting mechanism
of our analysis platform to render the use of a reduce or summation stage unnecessary.
One can simply create a counter with the ID of the field to be counted and increment by
one until logging the result before the end of the execution. An example of a case where
this is more efficient than a normal numerical summarization is the classic word count
example. As the differences between this pattern differ in implementation rather than
goal, the visualization scenarios are likewise identical to those found with numerical
summarization.

4.2 Filtering Patterns

FILTERING PATTERNS are primarily concerned with understanding a specific part of
an overall data set. As such, all filtering patterns are defined by the fact that they do

not alter records in the data set, and that they each return a subset of the original data
set. This can be considered analogous to search tasks, in that a set of relevant records
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is returned based on some provided criteria. All filtering tasks require that data be
organized into discrete records.

SamplingIn the context of map-reduce problems in particular, filtering is very useful for sampling.
In situations where the data set to be analyzed is too large for processing in full, sampling
methods can provide representative subsets. In some cases there are analysis based
reasons to perform sampling; such as separating data into training and testing sets for
machine learning algorithms. While this alone makes filtering an interesting use case,
sampling is of specific interest for this work due to it’s frequent application in exploratory
analyses. When testing of an analysis job is performed on a large unknown data set,
it is intuitive to simply select an arbitrary subset of records to analyze for debugging
purposes. This likely provides a skewed view of the data, and an appropriately sampled
data set will provide a more representative view of the task at hand.

FilteringFiltering itself serves as an abstract pattern for the many different types of filtering that
can occur in an analysis job. This is of course the most basic filtering function, wherein a
subset of the records in a data set are removed based on whether they are of interest or
not. In processing systems such as Flink, the purpose is very typically to collect a large
sum of data in one place. Simple filtering can serve to either pare some unnecessary
data from this sum, or focus on a small set of records or attributes which are particularly
important.

Bloom FilteringBloom filtering performs much the same task as basic filtering, but with added control in
the method through which records are selected for filtering. When applying a bloom
filter we extract a feature from each record, and compare that value to a set of values
represented by the filter. The primary difference between this and standard filtering are
that the decision to filter a given record is determined by the result of a set operation
against our filter values. For this approach to be relevant, we must have extractable
features which can be compared to the set of filter values, and these filter values must
be predefined. It is possible when applying a bloom filter that some records will not
be filtered out when they should have been, so they should only be used in scenarios
where false positives are acceptable. Such a scenario could occur when prefiltering before
performing a more thorough, and much more expensive, robust filtering.

Top NPerforming a top N filter on a data set is of course distinct in that the size of the output
data set is known before filtering occurs. Functionally, this is of course very similar to the
previous two filtering methods. The application however differs in that there is a clear
semantic application of this filter, the collection of outliers. In MapReduce settings this
can be a particularly interesting problem as the typical method for accomplishing such a
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task in another context generally involves sorting the items in a data set, an extremely
involved task using MapReduce in particular. This provides additional information
about our output, as we can infer that the output of a top N filter will be significantly
smaller than the original data set; otherwise a total ordering is often a more suitable
approach.

DistinctFiltering for distinct records is of course self-explanatory in meaning. There are several
applications for such a filter, the most common of which is most likely removing duplicate
records. In collecting data sets, duplication of records is a frequent data quality issue
which can both add unnecessary processing time and skew analysis results.

4.3 Data Organization Patterns

DATA ORGANIZATION problems can present themselves in many ways, and have
a wide variety of motivations behind them. With respect to big data problems

in particular, the way that data is partitioned, sharded, or sorted can have serious
implications for performance. If we consider in-situ processing in particular, there are
many cases where data will need to be restructured for further analysis beyond that
which is performed in the map-reduce context.

Structured to
Hierarchical

The structured to hierarchical pattern takes a row based data set and transforms it into
a hierarchical format such as JSON or XML. Because most analysis systems don’t care
about data format, hierarchical data structures can be immensely helpful in avoiding
joins.

PartitioningPartitioning of course separates data into categories. This can be considered semanti-
cally similar to a summarization task without any form of aggregation, although the
implementation may differ significantly. The major requirement of a partitioning job is
to know in advance how many partitions should be created. This can be user provided,
or derived from a prior analysis job, in which case the number of partitions may remain
unknown to the user. Partitioning becomes very interesting for performance reasons
when the partitions are actually sharded across different physical machines in a cluster.

BinningBinning can often be used to solve the same problems as partitioning and is very similar
overall. The key difference between the two lies in implementation; binning splits data
in the map phase instead of within a partitioner, eliminating the need for a reduce phase.
The data structures, and therefore types of visualizations that we would want to see in
such a scenario, are identical.
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SortingThe total order sorting pattern is of course concerned with the order of records within a
data set. While sorting is a fairly standard operation in the realm of sequential program-
ming, it is very expensive and thus less applied in general in data flow environments.
Achieving total order sorting on data in parallel requires that nor only the data in each
node of the cluster is sorted, but that we can logically join these individual segments of
data to form a cohesive sorted whole upon output from the analysis task. The first step
in this process is to establish ranges of values within the data set which can be expected
to partition evenly across the nodes in the cluster provided. From this point, the data
can be partitioned based on the established ranges, and we can sort each individually.
The output files from each of these partitions should be appropriately named so that
their order within the ranges of values possible is known, then the files can be merged
and all output values are in a total order. The cost of this pattern stems from the fact
that the data must be loaded and operated on twice; once to determine value ranges for
partitioning and then again for the actual sort operation.

ShufflingProviding essentially the opposite function of the sorting pattern is the Shuffling pattern.
This operation serves to randomize the order of rows within a dataset, as well as the
order of any attribute values which may appear therein. Applications for such a task
are most commonly seen in anonymizing sensitive data sets or performing random
sampling tasks. The performance of a shuffling operation is much less expensive than
a sort as there is no requirements on the organization of which piece of data is sent to
which partition. This also ensures that we will see balanced sizes across all partitions and
output files. Aside from these benefits, the shuffling pattern nonetheless still requires
that the entire data set be sent over the network and will benefit from the use of many
reducers.

4.4 Join Patterns

IT IS RELATIVELY UNCOMMON for all of the data used in a large analysis to stem from
the same source. Data can originate from log files, databases, or from a sensor stream

feeding directly into HDFS. While joins are simple to perform in other development
environments, as is the case with SQL and modern data analysis platforms often requir-
ing only one simple command, in MapReduce environments much of the work must be
performed by the developer. Because of the inherent complexity of join operations, there
are several useful patterns for implementing them in MapReduce depending on what
the specific needs of the scenario are. Because platforms which are more contemporary
than a basic MapReduce implementation do not require the developer to specify the
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details of join implementations, these specific patterns do not apply from a development
standpoint in many cases. However, though there is no onus on the developer to select a
pattern, the importance of the join operation in general as a common transformation of
data sets still holds.

Reduce Side
Join

The simplest of the core join patterns is the reduce side join. It can be used to execute
any of the basic joins seen in a standard SQL implementation (inner, left outer, right
outer, full outer, antijoin, and cartesian product) and sets no limits on the sizes of data
sets involved. The general use case for such a join pattern is a scenario where flexibility
is desired, and a foreign key exists upon which to perform the join. In implementation
terms, a mapper extracts the foreign key from each record and outputs a pair with the
foreign key as a key and the entire record as a value. Then, a reducer creates temporary
lists for each foreign key value across all data sets, which are then combined based
on the desired join logic. This is also the most expensive of the standard join patterns
because the foreign key output from the map operation means that no pre-filtering can
occur. This cost can be somewhat reduced by applying a bloom filter to the records being
output from the mapper. However, with such a filter the reduction in network I/O will
be more useful in the case of an inner join than it will with a full outer join or antijoin;
which both require all output to be sent to the reducer.

Replicated
Join

In cases where only one of the data sets to be joined is large, a replicated join can be
applied. In this scenario all data sets excluding the large one are read into memory,
thus eliminating the need for a reduce step. The join can be performed entirely in the
map phase, with the large dataset acting as input. This is of course a very strict limit
set on the size of the small datasets, which is detetrmined by the size of the JVM heap.
Additionally, this is really only a valid approach for an inner or left outer join where the
large dataset can act as the left data set in the join.

Composite
Join

The reduce phase of a join can also be eliminated for larger datasets, through the use
of the composite join pattern. This method is limited however by the requirement that
the datasets be organized in a specific way. Specifically, all data sets must be able to be
read with the foreign key as input to a mapper, they must all have the same number
of partitions, and they must be ordered by the foreign key. This is very useful in cases
where inner or full outer joins are desired on structured data sources, but in cases such
as in-situ processing where guarantees on features of the data set are unknown this is
not a practical option for implementation.
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Cartesian
Product

The last resort in terms of performance is of course a cartesian product. Execution a join
by cartesian product is not very well suited to MapReduce, as the operation cannot be
parallelized very well and requires more computation time and network traffic than
another join. Nonetheless, there are occasions when there is no other option and it must
be performed. The most likely candidates for such a join are text document or media
analysis where discrete record fields which can be identified as foreign keys are not
easily extracted.

Visualizing
Joins

While joins undoubtedly perform a vital task in an analysis flow, they do not directly
present fertile ground for building visualizations. In the context of performing an in-situ
analysis in particular, where we are interested in detecting problems with the data being
joined for debugging purposes for example, most problems will be found easily using
other methods. For example, an expected issue with joining data would be some kind of
mismatch with the keys being used or an unexpected number of results in the joined set.
In the former case, an unexpected value in a key column or a complete mismatch will
produce an error in the analysis task code which will not require any special technique
to detect. In the latter case, where the join succeeds but some records are unexpectedly
lost or included in the join, we will require the application of a pattern from one of the
previous categories. Most likely this will be a simple matter of counting records from
each set being joined, perhaps by some attribute set, and then visualizing this result
similarly to any other encountered in a summarization problem. So, while the task
itself is quite different, we can consider the associated visualization requirements to be
subsumed by those of the previous categories in all normal situations.

4.5 Meta Patterns

META PATTERNS encompass patterns which deal with the handling of smaller pat-
terns rather than solving particular problems themselves. Because they don’t

focus on particular problems they don’t yield much interesting information for visu-
alization in and of themselves. However, they do provide insight into the way that a
large analysis job might be constructed using the previously discussed patterns. This in
turn demonstrates the scalability of the previously discussed patterns and by extension
the scalability of visualization solutions applied to them individually. Similarly to the
case with join patterns, in most contemporary analysis platforms such problems are
often handled without the necessity of developers deciding the implementation details.
Nonetheless, in cases where a MapReduce solution is being used the specific meta pat-
terns being used could provide useful details. Most importantly, based on the meta
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patterns being used one could extract semantically independent tasks for the purposes
of arranging visualizations logically.

Job ChainingPerhaps the most intuitive of the meta patterns in MapReduce is job chaining. Large
problems are often not easily solved with a single MapReduce job, and thus require a
series of jobs to be chained together somehow. In the simplest case, this could mean that
several jobs are executed in parallel while others have their input provided by previously
completed jobs. This is generally a process which relies heavily on developers, as
MapReduce systems are often not equipped to handle more than one job very well and
a certain degree of manual coding is required. There are some tools which are being
developed to handle this issue, such as Apache’s Oozie [IHB+12]. Without such tools
there are still several options for developers to handle such issues, such as creating a job
driver. This is very straightforward, in that a developer simply creates a generic driver
task which will call the drivers for sub-tasks in turn when appropriate. Perhaps the most
difficult part of such an approach is determining what the most appropriate ordering
for execution is and which jobs will require input from some parent job. This approach
can also be applied externally by using some kind of script to execute jobs rather than a
driver class in the analysis environment itself. The JobControl and ControlledJob classes
form a system for chaining MapReduce jobs in Hadoop, but for simpler applications this
may be unnecessarily complicated.

Chain FoldingChain folding provides a method through which job chains can be optimized further.
Because each record can be submitted to multiple mappers and map phases are com-
pletely shared-nothing we know that each record will be assessed on its own regardless
of grouping or data organization. This means that we can take the map setps of mul-
tiple jobs and combine them into a single map phase, significantly reducing I/O load
stemming from data movement through the MapReduce pipeline.

Job MergingAnother method which is focused on reducing the I/O costs incurred by jobs is job
merging. Job merging applies when more than one job uses the same set(s) of data
during their execution. In some cases, if the data set is large enough the initial loading
stage may even be the most costly portion of the analysis flow, and is divided for each
job that can be merged. There are many complications with merging jobs, not the least of
which are the requirements that all keys used in intermediate stages and output formats
must match between jobs so that they are both operating on the same data types. A
single map function can then be used to perform the tasks of map functions from both of
the sub-jobs, adding a tag to output records to identify which mapper task it is associated
with. Reducers can then use conditional logic to decide what kind of reduce task to
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perform based on the tag provided during mapper output. The reduce results can be
split to separate destinations at this point for distinct processing on a presumably much
smaller set of records.

4.6 Summary

EACH OF THE PREVIOUSLY presented patterns provides a solution to some of the most
commonly encountered problems in a data flow graph based analysis scenario. After

examining each it quickly becomes clear that while many are directly analysis based,
such as counting or filtering, we also see many patterns which are much less reliant (and
have less affect) on the visualizable features of the underlying data. These patterns are,
by definition, solutions to some of the most commonly encountered tasks in MapReduce
analysis. Demonstrating that visualizations are either generally not useful in each case
or are attainable using the solution presented in this work serves to demonstrate that
this work can be applied to the most commonly encountered analysis tasks and provide
the desired outcomes.

Use CasesTable 4.1 shows a visual summary of the core visualizations discussed in the previous
chapter as matched with the Map Reduce pattern types with which they are likely to be
applied. Numerical summary and counting of course both imply category comparisons,
which indicate bar charts and line charts being applied depending on expected trends in
the data set or a constant dimension such as time. Inverted indexes as a summarization
pattern is of course excluded, because this is not a task for which visual analysis of the
data would be relevant. Filtering of course can also be applied to categorical data sets,
but also provides a more likely application scenario for scatter plots. When filtering
data points, visualizing to determine if those records that have been filtered out remove
a cluster or reduce noise on a scatter plot is a very common visualization task. Data
organization and join patterns are not particularly well suited for analysis using standard
visualizations, for different reasons. Visualizing data which has been structured through
an organization pattern is heavily dependent on the structure of the outgoing data (XML,
JSON, etc.) and will rely on some custom logic and processing in almost all cases. Joins
suffer the opposite problem, where the basic exploratory information one would want
to extract from a join operation itself is almost always limited to cardinality, and it is
probably most efficient to simply output a summary statistic rather than render any kind
of visualization. Meta patterns of course relate to program flow, and as such encompass
any of the previous pattern types and their related visualizations.
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Table 4.1: Table showing pattern categories and applicable visualizations

Summarization Filtering Organizational Joins Meta Patterns
Bar Chart X X X

Pie Chart X X X

Line Chart X X X

Scatter Plot X X

Word Cloud X X

Word Tree X X

Phrase Net X X

Network Diagram X X

Tree Map X X X

Text Output X X X X

Other PatternsOther design patterns in the realm of Map-Reduce problems have been introduced,
but generally these are related to specific problem domains such as graph processing
algorithms or tasks such as message passing and optimization [LS10]. Though these
patterns are useful, they are not particularly applicable to in-situ analysis and thus
focus is placed exclusively on the patterns presented in this chapter as being the most
applicable. The next chapter serves to illustrate this further with the use of visualizations
applied to analysis jobs that fit many of the patterns and categories previously described,
and some additional discussion of difficulties and potential for custom visualizations.
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Applications

TO CONSTRUCT USEFUL EXAMPLES it is crucial that we consider both scenarios which
are both likely to be encountered during a broad range of analysis scenarios, and

specific enough to address the basic issues of visualizing unique types of data. The
following use-cases discuss the aims of the analysis being suggested and how that relates
to the anticipated patterns and visualizations discussed in the previous chapters. The
generation of visualizations from an analyst’s perspective is discussed, but details of
how these are generated are left for Chapter 6.

5.1 Census Data Analysis

THE FIRST CASE WE WILL EXAMINE is an analysis of data extracted from the United
States census bureau database. This data set in particular has become a standard

example data set used in statistical outlier detection, and particularly in the application
and development of machine learning algorithms. It was extracted from the database in
1994, is available online in the University of California Irvine’s machine learning reposi-
tory [BM98], and was first used in publication in the paper "Scaling Up the Accuracy of
Naive-Bayes Classifiers: a Decision-Tree Hybrid"[Koh96] in 1996.

Demographic
Data

Demographic data provides a perfect example for most big data type analyses because it
can be used in many fields with very little alteration to the methods applied. In social
science or political research the study of individuals as would appear in a census is
immediately applicable with obvious potential gains stemming from the results of the
analysis. Though the census itself may not necessarily be as interesting in the corporate
world, capturing traits of individuals in a census is analogous to maintaining a database
of employees or customers. Likewise any field which analyses individuals, whether they
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be medical patients or users of a mobile application, will apply similar if not identical
methods to a data set of approximately the same semantic structure.

Conditional
Split

In a machine learning context, this data set is used to predict whether the income of an
individual exceeds $50,000 per year. Because this data would normally be partitioned
into a training and testing set for use with a predictive model such as a naive Bayes
classifier or neural network, it includes a field with the correct response so that testing
results can be verified. If categorical demographic data is to be analyzed in an in-situ
context, a reasonable question from an analyst who has not been able to prepare or
pre-examine the data set in any rigorous way would be what proportion of records exist
across the given categories as predicted by their classifier. In cases where analysts have
significant subject matter expertise, a simple visualization of these proportions would be
enough to confirm expected results, show an unexpected reality, or imply an error in the
quality of data or in the analysis methods.

Split
Computation

The actual analysis job for such a task is very simple, and consists of an implementation
of the numerical summarization pattern. Firstly, the field containing the income catego-
rization flag is extracted from the data source. Then, a flat map function returns a tuple
for each record containing the income category and and the integer 1. Following this, we
simply reduce by summing the "1" field across each category to determine the totals for
each. This is analogous to the standard word count example bundled with most analysis
systems. To perform the visualization, only four lines of code must be added by the
author of the analysis task, as seen below:

1 Visualizer visualizer = new Visualizer();

2 InSituCollector totalsCollector = new InSituCollector(visualizer);

3 totalsCollector.collect(1, totals, String.c lass , Integer. c l a s s);
4 visualizer.visualizeBarChart(1, "Census Income Categories", "Category", "Count");

Visualization
Code

The first two lines create a visualizer and in-situ collector, respectively. The visualizer
class doesn’t require any parameters to be instantiated, and the collector requires a
reference to the visualizer class so that it has somewhere to send collected data. The
second two lines of code perform all of the actual work in visualizing the data from
this flow. The collect method of the collector is called in the third line and accepts three
arguments in this case. The first argument is an integer identifier for the collected data
set, which can then be referenced later in order to specify which data is to be visualized.
The second argument is a data set object from the Flink analysis task in question, and
the remaining arguments are class objects representing the fields contained in the data
set "totals", in order. In the last line, the actual visualization function is called from the
visualizer. The first, and only required, argument to this function is the identifier of the
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Figure 5.1: A bar chart showing census income category proportions as predicted by a binary classifier

data set which we collected earlier. Additionally, in this case three string arguments have
been provided, which apply a title and axis labels to the resulting visualization. The
resulting bar chart is shown in Figure 5.1.

Bar ChartAs discussed in Chapter 3, a bar chart is the most appropriate chart to be applied in
the case of category comparison. We can see immediately when looking at Figure 5.1
that those who make less than $50,000 are outnumbered by a rate of roughly 3:1 (in fact,
the true proportion is 3.15:1). Given the limited input that is provided in the call to the
visualizer, we achieve adequate results in the design of the chart. The labeling is clear
and well formatted given the provided input. Even without the provision of labels from
the method call, someone with an approximately accurate estimate about the outcome
would be able to read the chart without labels. Of course, because we cannot know
before the program is run what values to expect, there are some limitations to the way
in which we format the results. A good example of this is the x axis. If we desired axis
value differences of less or more than 5,000 or a starting point other than 0 it is not a
trivial change to make. However, because the purpose of this type of visualization is
focused on getting a sense of data in the in-situ context rather than performing detailed
visual analysis, it could be argued that such changes are unnecessary. For a lower grain
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Figure 5.2: A bar chart showing Type I and Type II errors in income category classifications

examination of the results of classification, we can include the provided true labels and
subdiivide our categories to visualize errors, as in Figure 5.2.

filteringWith such a simple analysis task, it isn’t unlikely that the developer performing the
analysis would also perform some basic drill-down type analyses on the categories in
question. In this case, we will filter each of the two income categories and split the
records by age. It is of course expected that we will see some kind of trend from year to
year in age, rather than strong variance over short sequences. As such, we will apply
a line chart as opposed to another bar chart to visualize our expected approximately
linear relationship. Figure 5.3 shows the resulting line chart for our filtered set of high
income earners. Semantically this shows us an interesting trend in the ages at which
people seem to first reach a high income status, and conversely when they age into a
lower bracket. More importantly however for an exploratory or in-situ analysis, we see
that the data seems to make sense. "Spikes" in the line such as seen between age 40 and
60 are not dramatic enough to strongly indicate a problem in data quality, and in fact the
overall bell curve shape of the plot indicates that the sample size for this data set was
large enough to reveal a pattern. Of course, a detailed analysis would be required to
verify this with statistical significance but for exploratory purposes this is a good start.
We can also compare this chart with the records from the opposite filter, as seen in Figure
5.4. This comparison allows us to identify interesting crossover points in the two trends
that might be interesting for a detailed analysis. In this case, an interesting point for
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Figure 5.3: A line chart showing the highest earners by age

investigation might be around age 40 where a plateau exists for high earners and the
trend for low earners is seemingly unaffected.

5.2 Network Analysis

NETWORK DATA SETS ARE UBIQUITOUS in many fields, as was briefly discussed in
Chapter 3. We will examine some of the basic analyses identified by the KONECT

project [Kun13], and use the datasets they have provided in order to enable simple
comparison of results and reproduction of visualizations which have been proven useful.

Les MisérablesFirstly, we will examine a graph representing data extracted from the novel "Les Mis-
érables" by Victor Hugo. Representing only a single work rather than a corpus of texts,
this data set is relatively small. This enables us to examine the features of network data in
general, and also those visualizations which relate to layout and will only be applicable
with sufficiently few nodes. Within this network, each node represents a character in
the narrative of the plot, and the edges represent a meeting between two characters.
Each edge is weighted with an integer, representing the number of distinct times that the
characters appear together. In summary, the graph is undirected and weighted.
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Figure 5.4: A line chart showing the lowest earners by age

Edge WeightsAnalyzing edge weights is one of the most common tasks that can be performed in
network analysis. It is also one of the default analyses provided for all graphs within
the KONECT data set, and has been replicated here in the same format to demonstrate
that past useful results are replicable. The edge weight frequency graph as generated
through this work is seen in Figure 5.5 and that avaiable through KONECT is seen in
Figure 5.6. Each shows the distribution of edge weights in this graph, which in this
case forms an approximately smooth decreasing curve. This is sensible for the graph in
question, indicating that there are more character within Les Misérables who appear very
infrequently, and thus encounter few other characters, than there are major characters
for whom the opposite is true. In many situations, this kind of trend in edge weights
may seem like an obvious conclusion, but there exist many scenarios where this is not
the case beyond simply detecting errors in the data itself.

Wikipedia
Conflicts

An example of a graph which displays a very different trend is the Wikipedia conflict
graph [kon14]. This dataset was originally extracted for the purposes of examining
structural similarities in social network graph data [BL10], and represents wikipedia
users as nodes. Each edge in the graph represents an interaction between two users in
conflict, an edit war being the typical example, with graph weights representing the
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Figure 5.5: A bar chart showing edge weights in the Les Miserables network

Figure 5.6: A bar chart showing edge weights from KONECT
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Figure 5.7: A bar chart showing edge weight distribution in the wikipedia conflict graph

nature of the interaction. Negative weights are associated with negative interactions,
and the opposite for positive weightings. Examining Figure 5.7 shows that we see an
approximate bell-curve, with a gap in the center indicating that no neutral interactions
were coded. It should be noted that due to the increase in the number of categories, the
automatic formatting of the x-axis has caused the labels to run together somewhat, but
the overall trend and important values are still easily identifiable.

Degree
Distribution

Though edge weights are obviously specific to weighted graphs, there are other straight-
forward methods for assessing the structural elements of network data that apply to all
graphs. A very common method of this is the calculation of degree distribution. Once
again, a side by side comparison of the result generated by this solution and that given
by KONECT is shown in Figure 5.8 and Figure 5.9 respectively. Here, the difference
in the results of each visualization is stronger because of axis scaling. The KONECT
visualization uses logarithmic scaling for both axes, but due to the general purpose
design of the scatterplot visualization used in this work normal scaling is applied. Due
to the limited size of this graph in particular normal scaling actually provides a clearer
picture of where exactly points sit, but as the data set size is scaled up the number of
points minimizes the effect that scaling has on legibility.

5.3 Classification

AS ONE OF THE CORE TASKS IN EXPLORATORY DATA MINING classification provides
a scenario which would very likely rely on in-situ data processing. The data set
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Figure 5.8: A scatter plot showing degree frequency in the Les Miserables network

Figure 5.9: A scatter plot showing degree frequency from KONECT
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to be examined is the "Iris Plants Database" [Fis36] which first appeared in 1936 as an
example of discriminant analysis. It consists of four measurements: the width and length
of both the petal and sepal of three different species of iris. Based on its initial use in
developing a model which distinguished different iris species, it has since been used as a
standard test case for various classification techniques. If this data is examined from the
perspective of an analyst with limited prior knowledge of the features of the data (apart
from the species included) visualizations can be used to limit potential classification
methods.

Scatter PlotA basic visualization of this data such as in Figure 5.10 immediately indicates that there
are two distinct clusters in the data set. Additionally, it can be seen that some of the points
in the scatter plot have darker colouring than others. This indicates identical records in
the source data set, with darker points indicating more duplicates. Because axis scaling is
based on the values present in the data set rather than some pre-determined range, they
are well distributed across the layout of the plot at the expense of what is arguably an
unorthodox axis origin. The two cluster shown isolate on of the three species in the data
set, but do not separate the remaining two visually. This is somewhat interesting, but is
limited in that only two variables are seen at once, perhaps hiding some relationship that
exists between another combination of our iris features. As we expect three classes of
data within the set, it follows that we should hope to see three approximately separate
clusters in one such comparison.

Matrix PlotA standard method for examining the relationship between multiple variables is to
simply visualize each combination in a grid, in this case as a scatter plot matrix. Such a
visualization can be seen in Figure 5.11. While the fine grain details in such a visualization
are somewhat more obscured in comparison to the individual scatter plot, we can now
easily obtain an approximate idea of the relationships between each variable in our data
set. The matrix is composed of a square grid with dimensions equal to the number of
variables to be compared, with the main diagonal of the grid representing the variables
themselves. The remaining squares in the matrix are filled with scatter plots; where
the x-axis of each represents the variable with which it shares a column, and the y-axis
the variable with which it shares a row. The relative size of the plots will of course be
scaled to the number of variables present, but may be impractical with larger numbers
of variables. The labeling and titles are less important here as we are focused on broad
visual patterns more than specific statistic, similar to the case with spark lines. Also,
because labels for the variables do not exist in the Flink data set being analyzed in
this case, placeholder names are given to each variable. It is assumed that either the
user is aware of the order in which they were provided to the collector and can infer
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Figure 5.10: A scatterplot showing iris sepal data

their semantic meaning, or that the specific variable names themselves are unimportant
relative to the patterns exhibited.

Classification
Method

In this case, we can see that across all plots in the matrix only two clearly demarcated
clusters exist. This means that regardless of which variables are chosen for comparison,
we are unlikely to be able to separate all three species of iris using a simple linear method.
An analyst faced with such a figure would be likely to apply a supervised learning
method if at all possible, or perhaps a more complex unsupervised method such as a
linear principal component analysis.

5.4 Custom Applications

IT WAS NOTED IN THE PREVIOUS CHAPTERS that several of the presented patterns and
data types presented specific problems which would require a solution that couldn’t

be handled through generic methods. One such case that presents very clear difficulties
for visualization in an in-situ environment is hierarchical data, such as that which would
result from the application of many of the data organization patterns from the previous
chapter. Though hierarchical data is generally presented in a familiar format such as
XML or JSON, visualizing this is not an insignificant task.
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Figure 5.11: A scatterplot matrix showing iris data across all variables
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Treemap Im-
plementations

Even though there are many complex implementations of tree map visualization al-
gorithms, with some layouts being better suited to some tasks than others, it can still
be useful to visualize any hierarchy in a simple way to demonstrate basic structural
features. For demonstration purposes, Figure 5.12 shows a tree map generated using a
processing library developed for use in visualizing spatial hierarchies [WD08] [SDW09].
Using the tools provided in this library for handling layout, coloring, and labeling I have
constructed a simple visualization class which parses a data set into a format which is
digestible and draws it. The data being visualized represents Wikipedia contributors by
country and continent. It becomes immediately clear that the greatest number of contri-
butions are generated from European contributors, while the United States generates the
most contributors of any country.

Input FormatInput data handling is where the problems begin to emerge in creating such a visu-
alization. Key to the interpretation of data for tree map generation is knowledge of
the number of layers in our hierarchy, and to which layer each element belongs. This
means that it is impossible to simply parse an XML file, for example, row by row into a
more mappable format as we require the context of the rest of the structure. To obtain
this context we may have to examine the entire structure, which in many cases may be
large enough that this introduces a significant processing overhead to the visualization.
The necessary input format to most tree mapping methods is exacting enough, that
it is unlikely a method generic enough for general use could be developed without
unacceptable cost. The input requirements of the method used in Figure 5.12 for example
require a comma delimited file in which each row represents a leaf node, and specifies
the full hierarchy path to that leaf as well as its depth. It can also accept an esoteric
XML format called TreeML, which was proposed for use in a data visualization research
competition [Pla08] and has since fallen into disuse.

48



Chapter 5 Applications

Figure 5.12: A tree map
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Implementation

THE PROPOSED METHOD for implementing an in-situ visualization system is com-
prised of several vital parts. Although the output visualization is key from a user

perspective, there are important factors to be considered in the way that data is collected
and how this method fits into the overarching analysis system.

6.1 Overview

THE CORE DEVELOPMENT PORTION OF THIS WORK is based on the classes which gen-
erate visualizations using a Flink execution plan. Flink was chosen in this case

mainly as a matter of convenience, given the immediate availability of experienced users.
This work could just have easily been implemented using Spark, Pig, or another data
flow graph based system. Firstly, there is an In-Situ Collector instance which has the sole
purpose of collecting data sets and/or summaries of data sets as they are run through
the Flink analysis task. After data has been collected, the Visualizer can perform various
visualization tasks based on the datasets which it has been provided. Figure 6.1 shows
the basic structural parts of this development.

Visualization
Classes

While the aforementioned two classes perform the bulk of the mechanical work, the
visualizations themselves each require their own specialized classes which can be in-
voked generically from the Visualizer. For standard visualizations such as a histogram
these classes largely handle the translation of data sets into a more easily digestible
format which can be passed to pre-existing classes or visualization libraries. In more
complex and specific scenarios such as generating a scatter plot matrix, ’sketches’ have
been written in the Processing visualization language [FR15]. These sketches can, with
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Figure 6.1: A UML diagram of the core classes

some minor modifications, be used within java projects and then drawn using the java
swing toolkit.

6.2 Data Collection

DATA TYPES IN FLINK are analyzed by the optimizer to determine the most efficient
execution strategies. In order to make this process simpler, Flink places limits on

the types of data which can be used. There are four categories of types: General objects
and POJOs, Tuples, Values, and Hadoop writeables. The handling of each of these types
must of course be considered when data is being collected from an analysis graph.

TuplesTuples are used to represent composite data sets, and are composed of a set length
list of fields of various types. Tuples can include any valid Flink type as an element,
including further tuples. One of the major benefits of using tuple types is the ability to
use built-in functions to navigate through the tuple values. Specifically, these functions
allow the selection of specific fields as the key for operations and more generally allow
the navigation of tuple fields using string expressions.

Data CollectorThe data collector class acts as a simple addition to a pre-existing analysis program in
Flink which collects data as it passes through operations. A single collector object exists
for a given analysis flow, and this collector instance can collect many data sets of different
types and formats. The collector collects data at a specific point with a single added line
of code calling the collect method. As the data is collected, a user specifies an integer
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identifier which marks the data set and can be passed to the visualizer later in the task
so that the appropriate data set is drawn into whichever visualization is selected.

Collect MethodEach time the collect method is called, it passes a new data set to the visualizer instance.
The collect method accepts the data set from the analysis task, an identifier, and a list
of data types as arguments. The first execution step within this method is to write the
original data set to the distributed file system in a format which is simple to read. Each
segment of data within a data set object (corresponding to each distributed partition in
the overall data flow) is written individually in the same directory of the distributed file
system. The writing of this data constitutes a data sink within the execution plan, and
thus after each write phase of the data collection process the execute command is called
from the analysis program’s execution environment. This execution forces the data to
be fully recorded before attempts to visualize or collect new data can occur. The data
collector then reads this data into a new data set outside of the original analysis flow’s
execution environment, in a single node context which is then passed to the visualizer.

Type ErasureReading the data back into the visualizer after the write operation has occurred is a
source of more complication than the collection itself. During the execution of analysis
jobs, the compiler will erase types and operate exclusively with generics. This means
that when data is extracted from the execution environment for writing and subsequent
reading in the collector, the specifics of the original types are not available. Though
it is possible to gather type information at compile time in order to solve this issue,
the development work associated with this is significant and not directly relevant to
the purpose of this work. As such, a suitable interim solution has been implemented.
For simple data sets, for example exclusively numeric data, it is possible to simply use
pattern matching to determine the types of the written data when it is re-read into the
collector. However, when handling data sets in which the type is not clear simply from
examining a single record this method fails. An simple example of this would be a text
data set in which a record consists of a single word; if any numbers such as years or
statistics are listed in the text it becomes impossible to determine type from one record
alone. Though an issue as simple as this could be avoided through some kind of look
ahead sampling method, there is of course also the issue of general data quality. This is
particularly unpredictable in the case of in-situ processing. As such, in the collect method
the user is required to provide a list of classes which correspond to the respective tuple
attributes in the collected set. This allows the collector to assume the type of read data,
and eliminates any possible ambiguities. After the read operation occurs, all written
data is erased from the file system.
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Data SetsAfter data is re-read from the file system by the collector, it is added to the visualizer
object. A custom data set class exists for the use of the collector and visualizer. This
class is very similar in core function to the data set class which is native to Flink, but
allows for the tracking of additional metadata which may be useful for debugging.
This information could include timestamps, tags referring to specific operations in the
analysis flow, or other semantically relevant information. These datasets are always
initialized to contain a list of tuple type objects. As a tuple can of course include any
item of a basic type, this implementation will create a tuple of any general object in order
to simplify data set operations. For example, if a single integer field is passed through
the initial analysis flow, the data set generated in the visualizer will consider this as a
tuple of size one which contains an integer.

6.3 Visualization

DEVELOPING VISUALIZATIONS in software is a matter of both design and engineer-
ing. Finding an effective way to build visuals is often as important as the visualiza-

tions themselves. In building the visualizations in this work, different languages and
libraries have been applied in order to demonstrate the most important applications of
this work in a concise manner.

Factory PatternThe factory pattern [GHJV95] is applied in the visualization process, in that a creation
method is called from the visualizer at the analysis program level, but a concrete creation
method is called from within the visualizer which allows different implementations of
the same type of plot to be drawn. This is important for expansion and adaptability
of the software, as shifting use-cases and user requirements may require alterations to
existing visuals or a complete redesign of some features. This could relate to something
as simple as aesthetic changes, such as modifying the way that charts are coloured, to
completely redefining the structural elements of charts and their handling of different
data types. Additionally, this allows for a combination of custom written classes and
libraries to be used if needed so that difficult visualization tasks can be completed.

ProcessingProcessing is a language which was initially developed as a teaching tool for computer
programming fundamentals which utilized visual arts as a context. It was first released
in 2001 as a project of the MIT aesthetics and computation group and has since evolved
into a professional level tool for visual programming [FR15]. The primary advantages of
using Processing as a tool for portions of this work are it’s ease of use, and compatibility
with the rest of the development environment. As it was initially intended as a learning
tool, the structure of a processing program is often very simple when compared with
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something similar generated using only java for example. A single program in Processing
is referred to as a "sketch", referring to both the artistic nature of the language and the
typical simplicity of it’s application. In addition, processing code is compiled into java
which simplifies the integration of the two and ensures portability.

LibrariesThe City University of London’s Graphical Information Center provides several useful
libraries for performing visualization work [Cit13]. In particular, to aid in the develop-
ment of work which utilizes processing sketches. The visualizations in this work have
been built using utility classes from these libraries in many cases. The libraries provide
aesthetic functions for creating charts, such as spacing of axis labels, colouring functions,
and bar chart shapes. These functions provide the skeleton for all basic visualizations,
upon which logic for handling data and adjusting the specifics of formatting have been
added.

SwingOutside of the visualizations themselves, the work of creating frames and navigation is
largely handled through directly using java’s swing visualization toolkit. A basic JFrame
is generated whenever a visualization is created, upon which the visualization is drawn.
This frame simply scales to the same size as the visualization it is meant to contain, and
acts as an intermediary between the visualizations themselves and the visualizer. All
currently implemented visualizations are shown in the following list:

1. Bar Chart
2. Line Chart
3. Scatter Plot
4. Matrix Plot
5. Word Cloud
6. Graph Diagram
7. Tree Map

Visualization
Classes

Each visualization class can vary greatly, as their only requirements are that they can be
written to a swing panel and that they accept a data set object from the visualizer. All
visualizations which have been implemented so far simply consist of setup and draw
methods, as well as any utility functions which may be required. The utility functions
generally consist of taking the data from the data set and formatting it for consumption
into pieces of the visualization such as the axes or bars/lines/etc. In the most complex
case,the scatter plot matrix, the visualization class actually divides the data set into
segments and generates sub visualizations for each square in the matrix. It is possible
for any visualization to rely on a number of utility classes and libraries as long as the
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top level visualization class still meets the basic requirement of fitting into a single
frame. For visualizations 1-4 in the list, the giCentre utility libraries [Cit13] were used for
drawing the charts, with formatting and layout (particularly in the case of the matrix plot)
being added manually. The word cloud visualization was generated using WordCram
[Ber15], a purpose built processing library. The generic graph diagram visualization
was implemented using a force directed flow algorithm provided by a developer within
processing’s open source community [Kam11]. The tree map visualization was built
entirely using a specific library from the giCentre, TreeMappa [Cit10].

Adjusting
Visualizations

The currently implemented visualizations have a certain degree of adaptability built
in. For example, axes and overall size of elements will scale based on the data set to be
visualized. However, there are some features which are not automatically determined.
An example of this would be the use of logarithmic axis scaling. Though it is plausible
that a generic enough visualization could be developed for most cases, it is likely that
there will always be an edge case based on the usage scenario in which a user will have
specific demands of the chart. In such cases, it will be required that the user modify the
code in the visualization class itself such that their needs are met. Alternatively, a second
modified version of the visualization could be created so that either could be generated
alternatively in the same execution of an analysis program.

6.4 Usage

FROM THE USER PERSPECTIVE implementing a data flow which uses visualizations as
described in this work is very simple. As described in Section 5.1 one must ensure

that the visualizer and collector objects are instantiated, following which collection and
visualization can be performed at will. A process diagram illustrating the interaction
between the different objects involved and the order of operations can be seen in Figure
6.2, with blue items representing normal components of an analysis job and green
denoting those added through this work.

Order of
Events

During the collection phase, a data sink task is generated when the data from the job flow
is written to the file system. After this task, an execution call is made on the environment
to ensure that no further writes are made before the data is read into the visualizer
independent of the original flow itself. Because the optimizer will generate plans in
a way which is unpredictable to a user, there is no way of guaranteeing the order of
operations which will occur before the visualization itself becomes available. However,
because the visualization task runs locally independently of the rest of the data flow
graph once the data is obtained in most cases it is performed quickly relative to the rest
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Figure 6.2: A diagram illustrating the visualization process
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of the job flow. Additionally, because the data collection step necessitates an execution
step, the following distributed operations are even more likely to be more expensive
than the visualization itself.

PerformanceIn terms of added execution time incurred by the visualization process, we add only
the time required to write data to the file system and to generate charts. In the case
of the write operation, this will of course be executed in O(n) time with efficiency
being dependent on the extent to which the partitioning scheme is balanced. Once
data has been provided for consumption by the visualizer, the remaining performance
overhead depends on the efficiency of the visualization classes themselves. In the case
of those visualizations and charts which have been identified as most important in
this work, each was implemented in a way which required no operations with less
that linear performance. This means that no standard visualization will be expected to
take more execution time than a single data set transformation. In addition, generally
the applications of most visualizations will operate on some summary or subset of the
original data, meaning we can expect even faster execution. In cases where complex
visualization classes (purpose built beyond the general cases described so far in this
work) are introduced by a user, the efficiency of the user code will determine any effects
on overall runtime. The strong performance of the visualization classes implemented
for testing purposes relies on the assumption that certain features were not absolutely
necessary for most in-situ analysis scenarios. For example, adding automatic sorting
or outlier detection to visualization classes will significantly increase their algorithmic
complexities.
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Future Work

7.1 Visualizations

THE VISUALIZATIONS USED SO FAR in this work demonstrate an adequate base level
of functionality for achieving the desired results in most in-situ analysis scenarios.

The obvious area for improvement here is in expanding the capabilities of the system to
handle specific graphical tasks without the ad-hoc design of graphical classes. Because
so much work has been done in recent decades in the field of formalizing visualization
practices, some works have emerged which have had serious influences on most well-
used libraries built for this task. One such work is "The Grammar of Graphics" by Leland
Wilkinson [Wil05].

Grammar of
Graphics

The Grammar of Graphics is a seminal work in the field of scientific visualization which
defines a rigorous method for developing graphics based on the data and scenario
presented. This gives rigid reasoning behind the application of most common graphics
in a scientific environment, and more tangibly has resulted in the creation of several
graphics libraries which are capable of building any visualization described by the
grammar. The book deals exclusively with static graphics as would be seen in a statistical
or scientific analysis vs. some kind of interactive business visualization.

LibrariesThough there have been several projects and software libraries based on the theoretical
foundations laid out in The Grammar of Graphics since its publication, most are written
in R rather than languages which are more commonly supported through the APIs of
data flow based analysis platforms. The reasons for this are complex, but generally
speaking major factors include the widespread use of R for analysis and the complexity
of implementation in other development environments such as java. Typically, when

58



Chapter 7 Future Work

scientific visualizations are needed analysts tend to turn to other languages in which a
solution does exist.

R & ggplotThe statistical programming language R was purpose built with data analysis in mind.
As such, it has a large user base across all scientific disciplines and has become a de
facto standard for statistical computing and visualization. One of the most widely used
libraries for visualization in R, is "ggplot" [Wic06] which is based on "The Grammar of
Graphics" and was first released only a year after the publication of the book. Ultimately,
there is a strong argument for this library within R being the most convenient way of
visualizing data by virtue of existing user base, documentation, and simple syntax alone.
The difficulty of course is integrating R into the existing code, though several approaches
are available.

R in JavaThere has been work in both directions of Java/R interoperability, with some R users
desiring the performance or flexibility of specific java methods or libraries, and java
users desiring the analytical tools provided by R. From R, the RJava project allows users
to call java functions, and likewise the RCaller package allows java users to execute R
code by making calls to a local script. The problem with such a method in the case of
in-situ analytics lies in a reliance on the execution environment being configured for
R. Additionally, with a library such as RCaller there can be issues when executing in
a cluster environment, as data transit has not been optimized for distribution beyond
four nodes. As currently implemented this is not a problem, but reliance on such a
library would create hurdles when developing real-time functionality. A better solution
is a project such as Renjin, which is a version of the R language written entirely in java,
so that there are no requirements placed on the execution environment. For general
purpose analytical R usage this is an elegant solution, but for visualization we rely on
packages more than the R language itself, and the bulk of commonly used packages
are written in C and have not yet been themselves rewritten to run under a JVM based
environment such as a Renjin application.

PythonPython, though newer than R is quickly becoming as popular in the realm of data science
and statistical computing in general. Though it doesn’t yet have the same array of
scientific computing libraries as R, there are several ongoing projects which aim to close
the gap. Of course high on the list of items to be developed for python was a version of
ggplot. This work has been largely completed, save for minor changes which are still
being made based on user feedback and some small aesthetic adjustments which are
ongoing. Like in R, there are projects which aim to allow for the execution of python code
in java and vice versa. On particularly popular option among such projects is Jython,
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which like Renjin is an implementation of the python language written entirely in java.
Unfortunately, the exact same pitfall is encountered here, with the modules required to
utilize the ggplot python library being built using C, and thus not usable in a JVM only
environment.

JyNiAs opposed to the case with Renjin however, a compatibility layer has been developed
for Jython with the express purpose of allowing the use of C based scientific python
libraries in java applications. This compatibility layer is called "JyNi" [Ric13] and is still
actively in development. Unfortunately, this active development means that as of the
time of this writing, ggplot is one of several libraries which still presents issues even
with the compatibility layer. This issues is expected to be resolved by the end of 2015,
and thus will soon be a viable option for accessing a very robust visualization library.

7.2 Real-Time Results

DISTRIBUTION IN ANALYSIS SYSTEMS following the general data flow graph model
all operate very similarly in concept. This means that generally speaking, we

can expect elements of our data set to be partitioned across a cluster in a uniformly
distributed way. Because we may want to examine the intermediate data set at a point
when it has not yet been centralized in one location, we must collect it piecemeal from
each node in the cluster. This could be achieved by sending the data sets from each node
in the cluster to the visualizer for summary. Real-time results would be particularly
useful in stream processing applications, where the values being processed are expected
to change indefinitely during execution.

Message
Passing

Message passing could allow us to invoke a send message call from each in-situ data
collector operating on a shard of the complete data set, and then receive it in the visualizer.
The visualizer can perform whichever operations are needed in order to merge the
data sets considering the original locations and timing in order to generate useful
output. Many simple frameworks for message passing such as RabbitMQ are being used
with major Apache projects and would be simple to include within this work without
introducing additional dependencies or platform requirements. Additionally, as briefly
mentioned in Chapter 4, some simple design patterns already exist for message passing
in Map-Reduce jobs [LS10].
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7.3 Interface

THOUGH IT DOES NOT PRESENT A RESEARCH PROBLEM, a major improvement to us-
ability of this visualization method would be the inclusion of some kind of interactive

interface. Because each of the visualized and collected datasets are indexed within the
visualizer, they can be kept for offline access and organized for manipulation or orga-
nization by users. Such a user interface could appear in a similar fashion to the web
interface provided for visualizing the flink execution plan. It would be simple to add
interactivity and user input, which could potentially even be expanded to allow for the
deeper analysis provided by som of the discussed methods such as phrase nets and word
trees.

JavascriptWhile there are many limitations to the available visualization tools and libraries in
Java, visualization is a much more common task in web based applications and thus
visualization libraries built for the web are much more robust in general. Because
the visualization classes in this work are mainly used for data formatting and are not
particularly coupled to Java, the change to using a robust javascript library such as D3
over the processing tools used here would be simple.

7.4 Automation

CURRENTLY, CODE MODIFICATION IS REQUIRED for the data collector to be able to
identify when to collect, and what format of data to expect. Additionally, the

developer of an analysis program is expected to specify which type of visualization(s) to
generate for each of the collected data sets. With the addition of some pattern matching,
it could be possible to perform these actions without the user needing to add any code
to an analysis program.

Automatic
Collection

Identifying points at which to collect data is a very simple problem. Any of the points
of interest for collection will occur either immediately after a data set is populated or
modified, or directly before the end of the program when the data is in its final state.
In terms of the program execution plan, if each node in the generated data flow graph
represents an transform or data source/destination, we can simply collect data at each
edge. Complications could potentially arise in cases where control flow logic such as
looping would generate an impractically large number of collected data sets with limited
or useless semantic differences between one another; however, these situations could be
mitigated by simple ignoring potential collection points from within complex control
structures.
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Automatic
Visualization

Given the rigid nature in which the application of visualizations are often described,
particularly in the case of the Grammar of Graphics [Wil05], it is feasible that a method of
determining the most appropriate visualization for a data set would be programmatically.
The first major problem here would be in handling the relatively large number of
potential input formats in which data may present itself in an analysis program and
detecting mismatches or errors therein. In this work, much of the complication is avoided
by virtue of the developer-written calls to the collector, in which they are relied upon to
provide accurate class information. Error detection and handling would have to be very
robust in such a scenario, so that simple errors could be visualized for the user rather
than simply causing failure in the visualization process. Once features such as type,
dimensionality, and size of data have been detected through some mechanism, some
conditional logic could be applied which would result in the program selecting the most
appropriate general purpose visualization for the provided data set.
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Conclusions

THE APPLICATION OF VISUALIZATIONS to in-situ analysis scenarios is still a fledgling
area of research, in which this work proposes some initial solutions to the most

general of problems.

VisualizationsLong before analysis was performed using distributed data analysis platforms, there
have been formalized ideas about data formats and appropriate solutions for handling
these formats. We have seen that for each of the most commonly encountered types of
data in an exploratory analysis, there are basic visualizations which have been widely
applied and deemed effective for most purposes. Though this of course leaves room for
adjustment of visualization strategy when seeking specific results, in the realm of in-situ
processing achieving quick insight with minimal design is ultimately the most efficient
strategy. In addition, the more complex a data set is, the more likely that it can be broken
into constituent parts or subsets which can then be fitted to different visualizations; thus
allowing for multiple visual analyses to be presented for a single data set and thereby
increasing the odds of extracting meaningful results.

PatternsOn top of specific visualization types being paired with data formats, we examined
design patterns in analysis applications which each seemed to be well suited to a specific
type of visualization technique. This was roughly analogous to the data format exam-
ination in that more complex patterns often yield data sets which are summarized or
modified by another, simpler pattern and therefore can have multiple categories of visu-
alization applied when seen in a greater context. Because these patterns represent some
of the most common analysis tasks, and each is well suited for visualizations of some
form, we have seen that visualizations can yield useful results in most straightforward
analysis jobs.
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ApplicationsBringing together the connections we drew previously from data, to visualizations, to
patterns, we have seen a number of concrete examples of data sets being transformed in
different ways and visualized at different steps. In each case, some insight into the data
was drawn and the implications for the user of such an analysis task were demonstrated.
In some cases visualizations proved to immediately identify important results of an
analysis, while in others they identified the steps which should be taken (or not taken) in
further analyzing the data by identifying which methods would likely be effective and
which would not.

SummaryThough areas such as automation of visualization and improvements to the presentation
of the generated charts could provide great benefit in the future, even the addition of sim-
ple general purpose visualization classes such as those implemented in this work provide
clear benefit for developers. The introduced overhead to performance is negligible, with
linear time execution in almost all cases; and developers only need to add a small amount
of code to pre-existing analysis jobs to utilize the visualization capabilities presented.
In discovering errors in data flows, unexpected features of data sets, and identifying
methods of further analysis, visualization of data sets within data flow graphs provides
significant benefit to developers with little to no cost.
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A.1 Collection Code

THE FOLLOWING METHODS perform the important steps in collecting a data set from
the executing job.

HDFS Collect
Method

1 public void clusterCollect( i n t id, DataSet data, Class... c) throws Exception{

2
3 data.writeAsCsv(writeDir);

4 env.execute("Write");

5
6
7 / / Read d a t a b a c k i n t o new d a t a s e t
8 Configuration conf = new Configuration();

9 conf.addResource(new Path("/hadoop/projects/hadoop-1.0.4/conf/core-site.xml"));

10 conf.addResource(new Path("/hadoop/projects/hadoop-1.0.4/conf/hdfs-site.xml"));

11 FileSystem fs = FileSystem.get(conf);

12
13 File dir = new File(writeDir);

14 ArrayList<Tuple> dataSet = new ArrayList<>();

15 FSDataInputStream inputStream;

16 String line;

17
18 FileStatus[] status = fs.listStatus(new Path(writeDir));

19 for ( i n t i=0;i<status.length;i++){

20 inputStream = fs.open(status[i].getPath());

21 while ((line = inputStream.readLine())!= null){
22 Tuple addedTuple = parseTuple(line, c);

23 dataSet.add(addedTuple);

24 }

25 }

26
27 visualizer.addData(new InSituDataSet(id, dataSet));

28 dir.deleteOnExit();

29 }
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Local Collect
Method

1 public void localCollect( i n t id, DataSet data, Class... c) throws Exception{

2 ArrayList<Tuple> dataSet = new ArrayList<>();

3
4 File outputDir = new File("CollectorWrite");

5 FileUtils.forceMkdir(outputDir);

6
7 / / Wri te e x t e r n a l d a t a s e t t o CSV
8 data.writeAsCsv(outputDir.getPath(), org.apache.flink.core.fs.FileSystem.WriteMode.OVERWRITE);

9 env.execute("Write");

10
11 / / Read d a t a o r i g i n a l l y from e x t e r n a l d a t a s e t i n t o i n t e r n a l one
12 File dir = new File("CollectorWrite");

13 File[] directoryListing = dir.listFiles();

14 BufferedReader reader = null;
15 String line;

16
17 for (File file : directoryListing) {

18 t r y {

19 reader = new BufferedReader(new FileReader(file.getPath()));

20 while ((line = reader.readLine()) != null) {

21 Tuple addedTuple = parseTuple(line, c);

22 dataSet.add(addedTuple);

23 }

24 } catch (IOException e) {

25 e.printStackTrace();

26 } f i n a l l y {

27 i f (reader != null) {

28 t r y {

29 reader.close();

30 } catch (IOException e) {

31 e.printStackTrace();

32 }

33 }

34 }

35 }

36 visualizer.addData(new InSituDataSet(id, dataSet));

37
38 t r y {

39 FileUtils.deleteDirectory(dir);

40 }

41 catch (IOException e) {

42 e.printStackTrace();

43 }

44 }
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[PLGA10] W. D. Pauw, M. Leţia, B. Gedik, and H. Andrade, “Visual debugging for
stream processing applications,” Runtime Verification, pp. 18–35, 2010. [Online].
Available: http://link.springer.com/chapter/10.1007/978-3-642-16612-9_3

[Ric13] S. Richthofer, “JyNI – Using native CPython-Extensions in Jython,” no. Eu-
roscipy, pp. 59–64, 2013.

[Rob05] N. Robbins, Creating More Effective Graphs. Hoboken: John Wiley & Sons,
2005.

[SDW09] A. Slingsby, J. Dykes, and J. Wood, “Configuring hierarchical layouts to ad-
dress research questions,” in IEEE Transactions on Visualization and Computer
Graphics, vol. 15, no. 6, 2009, pp. 977–984.

[Shn92] B. Shneiderman, “Tree visualization with tree-maps: 2-d space-filling ap-
proach,” pp. 92–99, 1992.

[SKM06] T. Schreck, D. Keim, and F. Mansmann, “Regular TreeMap Layouts for Visual
Analysis of Hierarchical Data,” in Spring Conference on Computer Graphics, 2006.

[SW12] N. Shoresh and B. Wong, “Points of view: Data exploration,” Nature Methods,
vol. 9, no. 1, p. 5, 2012.

[Tuf01] E. Tufte, “The Visual Display of Quantitative Information,” CT Graphics,
Cheshire, 2001.

[VWV09] F. Van Ham, M. Wattenberg, and F. B. Viégas, “Mapping text with phrase
nets,” in IEEE Transactions on Visualization and Computer Graphics, vol. 15, no. 6,
2009, pp. 1169–1176.

[WD08] J. Wood and J. Dykes, “Spatially ordered treemaps,” in IEEE Transactions on
Visualization and Computer Graphics, vol. 14, no. 6, 2008, pp. 1348–1355.

[Wic06] H. Wickham, “An Implemetation of the Grammar of Graphics in {R}: gg-
plot,” American Statistical Association 2006 Proceedings of the Section on Statistical
Graphics, pp. 1–8, 2006.

[Wil05] L. Wilkinson, The Grammar of Graphics, 2nd ed. Springer, 2005.
[WV08] M. Wattenberg and F. B. Viégas, “The word tree, an interactive visual concor-

dance,” in IEEE Transactions on Visualization and Computer Graphics, vol. 14,
no. 6, 2008, pp. 1221–1228.

70

http://link.springer.com/chapter/10.1007/978-3-642-16612-9_3

	Abstract
	Acknowledgements
	Table of Contents
	List of Figures
	Introduction
	Motivation
	Structure of this Thesis

	Related Work
	Visualization of Data
	In-Situ Processing
	Visualization of Data Flow Graphs

	Visualizations
	Numerical Data
	Text Data
	Graph Data
	Hierachical Data
	Summary

	Data Flow Patterns
	Summarization Patterns
	Filtering Patterns
	Data Organization Patterns
	Join Patterns
	Meta Patterns
	Summary

	Applications
	Census Data Analysis
	Network Analysis
	Classification
	Custom Applications

	Implementation
	Overview
	Data Collection
	Visualization
	Usage

	Future Work
	Visualizations
	Real-Time Results
	Interface
	Automation

	Conclusions
	Collection Code

	Bibliography

