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ABSTRACT
The aim of this Master of Science thesis is to gain knowledge about how visual
elements/techniques can be used to improve the understandability of process models. In
order to accomplish our assignment, we divided the research in two specific phases. The
first phase consists of gaining insight into visual perception theories which describe how
the human brain perceives graphical information. Based on these theories, we proposed
seven visual techniques to improve the understandability of process models. In the
second phase, we selected three out of these seven techniques for an empirical study.
The study aims to measure the user preferences and comprehension of the models
when using the techniques. Real process models, provided for the industrial partner
Sogeti, were used to conduct the experiment. The study was carried out within people
with knowledge in the area of process modeling. The results of the study validates that
applying colors to branching tasks such that (1) the colors match each parallel-split with
its corresponding synchronization task and, (2) each exclusive-choice with its
corresponding simple-merge task improves the understandability of process models.
Although the other two proposed techniques were not validated with statistical
significance, the results are relevant for setting guidelines in how to draw process
models.

v

CONTENTS
PREFACE........................................................................................................................................iii
ABSTRACT.......................................................................................................................................v
CONTENTS ....................................................................................................................................vii
LIST OF FIGURES ..........................................................................................................................ix
LIST OF TABLES ............................................................................................................................xi
1

INTRODUCTION .....................................................................................................................1
1.1
1.2
1.3
1.4
1.5

2

Assignment Background ........................................................................................ 1
Problem Description............................................................................................... 1
Research Question ................................................................................................ 2
Research Approach ............................................................................................... 2
Outline of the report ............................................................................................... 4

LITERATURE REVIEW ...........................................................................................................5
2.1
Preliminaries ......................................................................................................... 5
2.2
Process Models ..................................................................................................... 5
2.2.1
Workflow Nets.........................................................................................................6
2.3
Classification of visual representations .................................................................... 7
2.3.1
Validated aesthetic criteria for similar graphs.........................................................9
2.4
Visual Perception ................................................................................................. 10
2.5
Summary ............................................................................................................ 12

3

PROPOSED VISUAL TECHNIQUES AND HYPOTHESIS ..................................................13
3.1
Preliminaries ....................................................................................................... 13
3.2
Potential Techniques ........................................................................................... 13
3.2.1
Technique 1: Flow orientation ..............................................................................13
3.2.2
Technique 2: Emphasizing key features ..............................................................13
3.2.3
Technique 3 – Traceability ...................................................................................16
3.2.4
Technique 4 – Orientation of the directed arcs ....................................................17
3.2.5
Technique 5 - Proximity of the elements ..............................................................18
3.2.6
Technique 6 - Visual clutter ..................................................................................19
3.2.7
Technique 7 – Amount of visual information ........................................................20
3.3
Selection of the techniques for the empirical study and hypothesis formulation ........ 21

4

METHODOLOGY AND RESEARCH DESIGN .....................................................................23
4.1
Research Methods ............................................................................................... 23
4.2
Research Design ................................................................................................. 24
4.2.1
Independent variable ............................................................................................25
4.2.2
Dependent variables.............................................................................................25
4.2.3
Experiment Design ...............................................................................................27
4.2.4
Undesired Factors ................................................................................................28
4.3
Sample selection ................................................................................................. 28

vii

4.4
Instrumentation .................................................................................................... 29
4.4.1
Process Models ....................................................................................................30
4.4.2
Guidelines.............................................................................................................31
4.4.3
Questionnaire Design ...........................................................................................31
4.4.4
Online experiment ................................................................................................36
5

DATA ANALYSIS AND INTERPRETATION ........................................................................40
5.1
Introduction ......................................................................................................... 40
5.2
Data Collection Results ........................................................................................ 41
5.3
Data Reduction .................................................................................................... 42
5.4
Data Analysis and hypothesis testing .................................................................... 43
5.4.1
Hypothesis 1 .........................................................................................................44
5.4.2
Hypothesis 2 .........................................................................................................48
5.4.3
Hypothesis 3 .........................................................................................................51
5.5
Models Comparison ............................................................................................. 54
5.6
Subjective Understandability ................................................................................ 55
5.7
Discussion .......................................................................................................... 57

6

CONCLUSIONS AND FURTHER WORK.............................................................................59

REFERENCES ...............................................................................................................................61
APPENDIX A: PROCESS MODELS USED FOR THE EXPERIMENT..........................................64
APPENDIX B: GUIDELINES ONLINE SYSTEM............................................................................72
APPENDIX C: BACKGROUND KNOWLEDGE QUESTIONNAIRE ..............................................73
APPENDIX D: QUESTIONNAIRE ..................................................................................................74
APPENDIX E: KOLMOGOROV-SMIMOV NORMALITY TEST .....................................................82
APPENDIX F: DESCRIPTIVES STATISTICS HYPOTHESIS 1 ....................................................83
APPENDIX G: DESCRIPTIVES STATISTICS HYPOTHESIS 2....................................................85
APPENDIX H: DESCRIPTIVES STATISTICS HYPOTHESIS 3 ....................................................87
APPENDIX I: BOX PLOTS FOR HYPOTHESIS 1 .........................................................................88
APPENDIX J: BOX PLOTS FOR HYPOTHESIS 2 ........................................................................89
APPENDIX K: BOX PLOTS FOR HYPOTHESIS 3........................................................................90

viii

LIST OF FIGURES

Figure 1 - Research Model ..............................................................................................3
Figure 2 -Tree graph .......................................................................................................8
Figure 3 - Planar graph ...................................................................................................8
Figure 4 - Hierarchic graph..............................................................................................8
Figure 5 - General Undirected Graph ..............................................................................8
Figure 6 - Technique to emphasize key features ...........................................................15
Figure 7 - Technique to improve traceability..................................................................16
Figure 8 - Straight-line standard ....................................................................................17
Figure 9 - Orthogonal standard......................................................................................17
Figure 10 - Subsequent/Non-subsequent tasks.............................................................18
Figure 11 - Technique dealing with the proximity of the elements..................................19
Figure 12 - Technique to improve the visual clutter .......................................................20
Figure 13 - Technique to improve the amount of visual information...............................21
Figure 14 - Experiment principles (Wohlin et al., 2000, pg 32).......................................24
Figure 15 - Fragmentation approach .............................................................................32
Figure 16 - Decomposition of the models for building the questionnaire ........................34
Figure 17 - System functionality ....................................................................................37
Figure 18 - Organizational structure of online experiment .............................................39
Figure 19 - Three steps in quantitative interpretation.....................................................40

ix

LIST OF TABLES
Table 1 - Workflow Net elements.....................................................................................6
Table 2 - Workflow Nets Control Patterns........................................................................7
Table 3 - Response time to discrimination of visual elements........................................14
Table 4 - Experiment elements definition.......................................................................26
Table 5 - Experiment Design .........................................................................................27
Table 6 - Randomized block design ..............................................................................28
Table 7 - Characteristics of the Models used during the experiment..............................30
Table 8 - Questions for the experiment..........................................................................35
Table 9 - Technical specifications..................................................................................39
Table 10 - Total number of experiments ........................................................................41
Table 11 - Sample Size .................................................................................................42
Table 12 - Number of eliminated experiments ...............................................................42
Table 13 - Mann-Whitney test for hypothesis 1 (without groups) ...................................44
Table 14 - Mood's Median test for Model A/Hypothesis 1 (without groups)....................45
Table 15 - Mann-Whitney test for hypothesis 1/Model A (groups)..................................46
Table 16 - Mood's Median test for Model A/Hypothesis 1 → Non-expert group .............47
Table 17 - Mann-Whitney test for hypothesis 1/Model B (groups)..................................48
Table 18 - Mann-Whitney test for hypothesis 2 (without groups) ...................................49
Table 19 - Mann-Whitney test for hypothesis 2/Model A (groups)..................................50
Table 20 -Mann-Whitney test for hypothesis 2/Model B (groups)...................................51
Table 21 - Mann-Whitney test for hypothesis 3 (without groups) ...................................52
Table 22 - Mann-Whitney test for hypothesis 3/Model C (groups) .................................53
Table 23 - Model (A and B) comparison ........................................................................54
Table 24 - Subjective Understandability / Hypothesis 1 .................................................55
Table 25 - Subjective Understandability / Hypothesis 2 .................................................56

xi

1 INTRODUCTION
1.1

Assignment Background

This research is part of a master project conducted at the Information System
department at the Eindhoven University of Technology. It will focus on the area of
process modeling with a practical approach.
The research will be conducted with the cooperation of Sogeti as the industrial partner.
Sogeti is an international organization that provides information technology services in
three areas: application services, infrastructure services and high tech consulting. Sogeti
will cooperate with their expertise and experience in the execution of the project.
This chapter will provide the background information and the overview of the research. In
section 1.2, we will address the problem area and the reasons for the investigation.
Section 1.3 will present the objective of the project and the research questions. Section
1.4 addresses the research model and the approach for executing the project. Finally, in
section 1.5 we include the outline of the report

1.2

Problem Description

Process models provide a graphical representation of business processes. The purpose
of these models is to describe the performance of the processes; set up the behavior
patterns and rules; and explain the rationale of the process. Most of the real-life process
models are large-scale graphs which show dense visual information. Mendling et al.
(2007) mention that larger process models tend to have more defects than smaller
models because of the limited cognitive capabilities of humans constrains modelers to
maintain the track of the complex models.
Therefore, organizations have special interest in the factors that influence the
understandability of process models. Mendling et al. (2007) also indicate that only little
empirical work has been done on the quality aspects of process models. They carried
out an experimental research into the understandability of process models based on
personal factors and model characteristics. Furthermore, they identified four additional
aspects that might influence the understandability of process models: modeling purpose,
knowledge of the domain, modeling language and visual layout.
The influence of the “visual layout” has been widely studied in other fields such as
source code writing, UML, and database diagram design (Purchase et al., 2001b). These
fields emphasize the importance of the visual layout for the readability and
understandability of the information. They have already established standard
specifications and quality measures regarding to the visual layout of the information. In
the case of process models we presume that the visual layout of the models also has a
fundamental influence on the understandability of the models and the underlying
processes. Within the process model field, this kind of standards needs yet to be
defined. Although intuitive layout criteria are used when drawing a process model, we
believe that there are some human perceptual principles (how the human eyes read
graphical information) that are not so intuitive and must be validated. Therefore, we have
selected “visual layout” as the topic for the present research.
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1.3

Research Question

The objective of this project is to analyze the layout factors of process models that can
influence their understandability and readability. For instance; orientation of the flow,
orientation of the arcs, traceability, overlapping, proximity, color and other visual aspects
will be analyzed. Furthermore, the aim of the project is to develop some guidelines on
how to draw process models in order to improve their visual quality and, therefore, their
understandability. The scope of the project is the graphical layout of the models.
The modeling language selected to conduct the research is “Workflow Nets”. “This
language is an extension of the classical Petri Nets established by Professor van der
Aalst from the Eindhoven University of Technology (van der Aalst & van Hee, 2002). A
deeper explanation of Workflow Nets will be presented in chapter 2.
Based on the objective of the project the general research question can be formulated
as follows:
How can visual elements/techniques be used to improve the understandability
of the process models?

In order to answer the main question, we have defined the following sub-questions:

1. How can visual perception theories be applied to the visual layout of
process models to improve their understandability?
2. Which visual techniques, based on visual perception theories, improve the
understandability of process models?
1.4

Research Approach

The research will be conducted in four phases. Figure 1 shows the activities that will be
executed in each phase.
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Figure 1 -Research Model

The first phase of the project consists of a literature study about related research. For
instance, best practices for notation and visualization in areas such as source code and
UML diagrams are used as a reference. Furthermore, theories of visual perception and
human cognition are analyzed in order understand how the human brain perceives
graphical information. This knowledge is used to propose several hypotheses that could
improve the understandability of process models. As a result of the project constraints
we limit the empirical investigation to only three hypotheses that could be tested.
During the second phase the methodology and research method used for testing the
hypotheses will be defined. The third phase consists of an empirical study of the user
preference and comprehension. The study will be carried out within a group of business
engineers and people with knowledge in the area. The purpose is to test the hypothesis
(proposed during the first phase) related with the understandability of the process
models. Last, the results of the experiment will be analyzed in order to obtain conclusion
and define guidelines.
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1.5

Outline of the report

The reminder of the report is structured following the research model depicted in Figure
1. Chapter 2 describes the main literature used in this study. Chapter 3 describes the
conceptual reasoning and the corresponding hypotheses derived from the analysis.
Chapter 4 will present the research methodology which includes a detailed explanation
of the experiment design. Chapter 5 presents the statistical analysis and hypothesis
testing. Moreover, an interpretation of the results will be provided for a clear
understanding on how the results from the experiment can be used. Last, Chapter 6
presents a discussion about the findings. The conclusions will be given, addressing
ideas for future work.
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2 LITERATURE REVIEW
2.1

Preliminaries

Much interest has been given to graph drawing and readability of diagrams. Many
theories about graphical perception have been analyzed in order to derive optimum
guidelines for aesthetic qualities of graphs. We will gain insight into these concepts in
order to propose visual guidelines for drawing process models.
First, it is important to explain general concepts that will support the development of the
project. In section 2.2, we will give a brief explanation of process model and its
importance in a practical context. The selection of the modeling language to be used
during the experiment will be also presented. Furthermore, a description of the modeling
language and its elements will be given.
In section 2.3, we will introduce the concepts of visual representation. The purpose is to
classify process models in one the groups based on their cognitive structure. In this way,
we can identify similar characteristics and taxonomic relationships that allow us to apply
validated theories of similar graphics to the process models.
In section 2.4, we will gain insight into visual perception theories. The aim is to
understand how the human brain perceives graphical information in order to propose
visual techniques that assist in a better human comprehension of process models.
Finally, in section 2.5, we will give a brief summary of the chapter emphasizing the main
points covered during the literature review.

2.2

Process Models

Before defining what a process model is, we will introduce the concept of business
process. According to Davenport (1993), “a business process is a structured and
measured, managed and controlled set of interrelated and interacting activities that uses
resources to transform inputs into specified outputs (goods or services) for a particular
customer or market”.
Then, we can have a better understanding of what a process model is.
A process model is the set of relevant facts (characteristics) about a business model
captured in a structured and documented form. A model is an abstraction process of the
real world into a formal representation, where the relevant facts are expressed in terms
of some formalism called a modeling language (Kalpic & Bermus, 2006).
From these two concepts, we can infer that a business process model is an abstraction
of a business process. The purpose of the models is to describe the behavior of the
processes; to set up the behavior patterns and rules; and to explain the rationale of the
business process. Generally, the models are presented in an intuitive graphical format
for an easier understanding. The notation used for the graphical representation is called
the modeling language. There are many modeling languages used in the business and
academic fields; the most well-known are UML, BPMN, EPC, Petri Net, Workflow Net,
etc. They can all be applied to represent the same business process but with different
notation. The Workflow Net language is a derivation of classical Petri Nets introduced by
Professor Van der Aalst. We selected the Workflow Net language for conducting our
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research since it has became a well-accepted language, especially in the academic
area. The reason is that the Workflow Net notation adds useful features for the business
process modeling area, conserving the mathematical nature and formalism of the Petri
Net language (van der Aalst, 1998). Moreover, Van der Aalst (1998) mentions three
powerful reasons for supporting the increasing use of Petri-nets-based Workflow
Management Systems in industry projects: (1) Formal semantics despite the graphical
nature, (2) state-based instead of event-based and, (3) abundance of analysis
techniques.
In the next section, we will give a basic explanation of the workflow net language
focusing only in the graphical aspects.
2.2.1

Workflow Nets

The Workflow Net language is used to create a graphical representation of business
processes. It consists of three basic elements: states, tasks and directed arcs. A
description of each element is provided in Table 1. A workflow net has a unique welldefined start state and a unique end state. When executing a workflow net for a specific
case, the tasks will be performed until the end state has been reached. A case is an
instance of the process.(van der Aalst & van Hee, 2002) For example: an insurance
claim of a specific client or a purchase order.

State

Task

Directed Arc

Token

States are the passive components of the workflow net. They represent
a condition in which the process is.
Tasks are the active components of the workflow net. They represent
an activity, event or operation in the process. By executing a task, the
process shifts from one state to another.

Directed arcs indicate the process paths of the model. They can only
connect a task to a state, or a state to a task. We will also use the
name “edges” to refer to directed arcs.

A distribution of tokens over places gives the state of a specific case

Table 1 - Workflow Net elements (van der Aalst & van Hee, 2002)

Basic Control Patterns
The basic control patterns used in the experiment are described in Table 2. Although the
functionality of workflow nets is much broader, we will only use the basic concepts
described below. For detailed information of workflow nets refer to (van der Aalst et al.,
2007).
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Sequence
A task is executed after the completion of a preceding task in the
process.
Parallel Split
Split the process into two or more branches that are executed in
parallel.
It sends the case (tokens) towards all places on the outgoing arcs
from this task.
Synchronization
Synchronize two or more parallel execution branches into a single
subsequent branch.
This task is only activated if a token has arrived on all incoming
places.
Exclusive Choice
Choose one execution branch from two or more alternatives.
It sends the case (token) towards only one place on an outgoing arc
from this task.
Simple Merge
Merge two or more alternative execution branches into a single
subsequent branch.
This task is activated each time a token has arrived on one of the
incoming places.
Table 2 - Workflow Nets Control Patterns (van der Aalst et al., 2007)

2.3

Classification of visual representations

McCormick et al. (1987) define visualization as “the study of mechanisms in computers
and in humans which allow them in concert to perceive, use, and communicate visual
information”. From the concept, we can infer that visualization involves both syntax and
image understanding. However, for a deeper analysis of these two elements it is
necessary to examine the cognitive structure of graphics and deduce a structural
classification. Lohse et al. (1994) affirm that the role of classifications is to structure
domains of systematic inquiry, and provide concepts for developing theories. The
understanding of the domains will help us to identify similar characteristics and
taxonomic relationships between graphics. These relationships in turn will give the
support to apply some validated theories of similar graphics (taxonomic relationships) to
process models.
Lohse et al. (1994) carried out an empirical study to classify visual representation from
the structural point of view. The structural point of view does not concentrate on the
content of the graphic but on its form. There are many structural classifications of
graphics. However, we chose the classification of Lohse et al. because it is based on
how people judge similarities in the syntax of the graph. They identify ten categories of
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visual representations. The categories are: graphs, tables, time charts, network charts,
process diagrams1, maps, cartograms, icons, and photo-realistic pictures.
Based on the definitions, we have placed the process models in the ‘Network charts’
group.
o

“Network charts show the relationships among components. Symbols indicate the
presence or absence of components. Correspondences among the components are
shown by lines, arrows, proximity, similarity or containment. Network charts present
non-spatial information.” (Lohse et al., 1994).

Tamassia et al. (1978) state that the classification of graphs is the main parameter to
select the algorithm for graph drawing. They mainly focus in diagrams composed of
nodes and arcs (network chart). Tamassia bases his research in four more specific
classes of diagrams: trees, planar graphs, hierarchic graphs and general undirected
graphs.
•

Tree. - A tree is a graph that has two vertices connected by only one path.

Figure 2 – Tree graph

•

Planar graph. - A planar graph can be drawn in the plane without arc intersection.

Figure 3 – Planar graph

•

Hierarchic graph. - This kind of graphs represents hierarchical structures. The main
characteristic is to be directed and acyclic.

Figure 4 – Hierarchic graph

•

General undirected graph.- It is a graph in which every arc is undirected

Figure 5 – General Undirected Graph

We consider the process models as a special type of hierarchic graph with the difference
that process models can contain cyclic nodes.

1

“Process diagrams describe the interrelationships and processes associated with physical objects. For
example a graph that describes the human nervous system” (Lohse et al., 1994)
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After classifying the graph, other factors must be taken into account for drawing a graph:
aesthetics, constrains and computational complexity (Tamassia et al., 1978).
•

Aesthetics2. - Criteria for graphic aspects in order to get a good readability
(Purchase et al., 2001b)

•

Constrains. - Features that constrain the application of some aesthetics due to
semantic meaning of the graph.

•

Computational complexity. - It refers to the running time of algorithms for applying
the aesthetics to the graph. Tamassia et al. (1978) states that the application of
many aesthetics correspond to NP-hard optimization problems. For this reason,
most of the algorithms are heuristic (e.g. Carpano algorithm and Sugiyama
algorithm).

The computational complexity is out of the scope of the project. We only intend to
propose and validate visual techniques empirically. Then, the computational complexity
must be considered in future projects, during the implementation of these techniques on
the modeling tools.

2.3.1

Validated aesthetic criteria for similar graphs

Similar experiments about the effectiveness of aesthetics on human understanding have
been done. We consider some of these criteria applicable to the process models layout.
This assumption is based on different argumentation. For instance, validated layout
criteria for graphs with similar taxonomy can also improve the understandability of
process model graphs. However, other aspects should be considered such as the
assurance of the evidence and scientific support. In this sense many empirical studies in
network charts have been conducted. Purchase et al. (1996) and Purchase (1997) have
carried out two similar experiments to validate some aesthetics that aid human
understanding. The tests were executed using general undirected graphs which consist
of nodes and undirected arcs. The first experiment was paper-based and the second
one was computer-based. The results of these experiments validate the following
hypothesis:
•
•

Reducing the number of arc crosses increase the understandability of the graph.
Reducing the number of arc bents increase the understandability of the graph

Moreover, several experiments have validated the same theory using UML class
diagram (Purchase et al., 2001a, 2001b). UML class diagrams have taxonomy that is
similar to the process model because both are classified within the network chart group.
Furthermore, similar aesthetic criteria have been included in well-accepted algorithms for
drawing graphs. Tammassia et al. (1978) addresses several algorithms for drawing
hierarchical graphs such as the Carpano algorithm, Sugiyama algorithm and, Rowe
algorithm. Although these algorithms have a different approach, all present similar
aesthetic criteria.
•
•
2

Minimization of the number of arc crossing
Minimization of backward arcs
This term will be used often throughout the report
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•

Minimization of the maximal arc length

These aesthetics have been the subject of many empirical researches for other
hierarchical graphs such as UML class diagram (Genero et al., 2007; Julesz, 1975;
Purchase, 1997; Purchase et al., 1996,2001a, 2001b; Sun & Wong, 2005). We assume
that these aesthetics are applicable to process models since they have been validated
for graphs with the similar cognitive structure. We believe that there is enough support to
adopt these principles in process model drawing. Therefore, we will not consider them
for the empirical validation, but we will apply them for drawing the process models to be
used during the experiment.
Several other drawing rules are also recommended by different authors. However, these
rules are not based on an empirical study or perceptual theories but in common-sense or
author’s assumptions.
2.4

Visual Perception

Another important concept is “Visual perception” which helps us to understand how the
human brain perceives graphical information. Lohse (1993) has carried out an
experimental study of human graphical perception and visual cognition. The study
consists of the simulation of human performance to process and understand the
information presented in a graphic display. He mentions the relevant factors that are
involved in processing graphical information: pattern perception, memory for images,
spatial reasoning, and vision. The cognitive process consists of sub-processes such as:
detection, clustering, discrimination and organization of the individual visual elements in
order to understand the graphical information as a whole (Cleveland, 1985; Treisman &
Schwartz, 1985). The process of discerning meaning from graphics is quite complex.
Kosslyn (1985) mentions the three main components in the process: perceptual process,
short-term memory (STM) and long-term memory (LTM). He describes the process in
several stages. Initially, the primitive visual elements (shape, color, position, length, etc.)
are detected and encoded. The perception of some of this information can be done in
parallel, while other information needs serial scanning and identification. The perceived
information is stored for a fraction of a second after shifting the gaze. When a visual
description of a graph element is built, it is stored in the STM for around seven seconds.
However, only a small part of the graphic information can be held in the STM at one time
(Broadbent, 1975; Egan & Schwartz, 1979). Kosslyn (1985) refers to the STM as a
restrictive factor that limits the processing of graphical information. Therefore, the
process of organizing and interpreting information is limited for the capacity and duration
of the STM. The next step is to pass the information to the LTM, where a kind of graph
schema is stored. This graph schema contains the combined learned elements from the
graph, which is used to understand the visual information.
Understanding the performance of the human brain to perceive graphical information
has resulted in many theories of perception. The aim of the theories is to analyze how to
group and organize visual primitives in large objects to obtain the most optimal
visualization for human understandability. Sun and Wong (2005) bring up several
theories of perception. The most relevant from the visual cognition point of view is
Gestalt theory. This theory states that the brain perceives the objects holistically. This
means that the human senses recognize the figures as a whole and not as the collection
of simple lines and curves (Kahneman & Henik, 1981).
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Gestalt theory, in turn, has revealed various principles of perceptual organization that are
relevant for our project. For instance, Gestalt psychology is based on the principle that
the whole is greater than the sum of its parts. Gestalt also proposed the theory called
“Gestalt effect” that consists of the capability of our senses to recognize figures or whole
forms instead of the simple group of lines and curves (Kahneman & Henik, 1981). This
has resulted in several principles of perceptual organization that are summarized by
(Sun & Wong, 2005). We will describe the ones that are relevant for our project.
•

Law of good figure. - It is also called the “law of simplicity”. This law states that
“images are perceived in a way such that their structures are as simple as possible.
The goodness is sensitive to the amount of information necessary to describe a
figure. Usually, a simpler and more stable figure is considered a good figure” (Sun &
Wong, 2005). This means that humans tend to perceive the objects the simplest and
most regular manner.

Several laws that predict this interpretation have been derived. The laws are described
below.
•

Law of similarity. - It states that “similar elements appear to be grouped together”
(Sun & Wong, 2005).

•

Law of proximity. - It states that elements that are close to each other appear to be
grouped together (Sun & Wong, 2005).

•

Law of familiarity. - It states that “elements are more likely to be grouped together if
the groups seem familiar or meaningful” (Sun & Wong, 2005).

•

Law of orientation. - It states that “horizontal or vertical orientations have higher
probabilities to be seen as a figure than other orientation” (Sun & Wong, 2005).

•

Law of continuation.- It states that “points tend to belong together if they result in
straight or smoothly curved lines when connected, and lines are grouped together in
such a way as to follow the smoothest path” (Sun & Wong, 2005).

Based on this knowledge, some experimental research about how to facilitate some
stages of this cognitive perception have been conducted. This research concludes that
some visual primitives can be perceived easier than others for the human eye. Julesz
(1975); Kahneman and Henik (1981) infer that texture and color are detected and
organized in parallel during the first stage of the visual processing. On the other hand,
elements such as shape, area and containment are slower to detect and organize
because they are processed through serial scanning (Treisman, 1982). The important
conclusion of this psychological review is that it is possible to manipulate the visual
elements of graphics in order to influence the performance of the cognitive process. An
optimal performance will result in a better understandability of the graphical information.
We will refer as “understandability” to the performance of the visual cognition process.
However, before going further into the factors that can improve the understandability of
visual information, it is necessary to determine the ways in which “understandability” can
be measured. Purchase et al. (1996) distinguish two understandability measurements.
The first one is a syntactic understandability, which is a general comprehension of the
graph structure. This understandability is application-independent and only involves the
form level of the visual representation. The second group is a semantic understandability
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which deals with a graph interpretation task. This understandability must be measured in
the application context. During this project we will focus in the semantic understandability
of process models. The cognitive process of the semantic understandability is more
complex because it requires a mapping between the syntactic elements with the
semantic information. Our aim is to propose visual techniques that assist the
comprehension of process models. Subsequently, we will validate our proposal in the
application domain.

2.5

Summary

During this chapter, three important concepts that will support the development of the
project were addressed. First, we explained the basic concepts of process models and
the reason for selecting the workflow net language to conduct our experiment. Second,
we gave a classification of visual representations from the structural point of view. The
purpose of this analysis was to find the support for applying some validated theories of
graphs with similar structure to process models. We placed the process models in the
‘Network chart’ group. Later, a sub-classification of the ‘Network chart’ was given,
locating the process models in the group of ‘hierarchical graphs’. Through this analysis,
we were able to support that some aesthetic criteria used for other ‘hierarchical graphs’
can be applied to process models. These criteria have been already the subject of many
empirical studies; therefore, we will not consider them for our empirical study.
Finally, we analyzed several visual perception theories such as Gestalt theory, the
discrimination process of visual primitives and, the visual cortical organization. Our aim
is to gain insight into how the human perceives graphical information in order to propose
visual techniques that assist in a better understanding of process models
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3 PROPOSED VISUAL TECHNIQUES AND HYPOTHESIS
3.1

Preliminaries

Throughout this chapter, several visual techniques/aesthetics that might improve the
understandability of process models will be proposed. In section 3.2, we will describe the
seven proposed techniques. Each technique is supported on the visual perception
theories analyzed in the previous chapter. In section 3.3, the selection of the techniques
for the empirical validation will be discussed. Afterwards, the hypotheses will be
formulated.
3.2

Potential Techniques

After gaining insight into the visual perception theories, a deep analysis of how these
theories could be applied to the layout of process model was done. This analysis results
in seven proposed visual techniques that might improve the understandability of process
models. Each technique addresses a specific factor of the visual layout (e.g. flow
orientation, traceability). Following, we explain the proposed techniques.
3.2.1

Technique 1: Flow orientation

Process models are directed diagrams which describe the flow of processes. Hence, the
elements that indicate the flow orientation are important in the visual layout. For this
reason, we are interested in the most effective flow orientation for aiding the
understandability of the model.
The perceptual organization theory states that figures presented in horizontal or vertical
orientation are perceived easier than other orientations (Sun & Wong, 2005). Tamassia
et al. (1978) also mention the orientation of the graph in the aesthetics that are
considered in the graph drawing algorithms. They define the taxonomy of this aesthetic
as the balance of the diagram with respect to the vertical axis or horizontal axes. We
found that the guidelines for drawing network charts recommend keeping a main flow
direction: top-to-bottom (vertical) or left-to-right (horizontal) (Alpfelbacher et al., 2006;
Jensen, 1996). Furthermore, several investigations about fundamental principles of
visual cortical organization show that the human orientation domain develops faster for
horizontal and vertical orientations (Chapman & Bonhoeffer, 1998). However, there is no
scientific support to affirm that one of the two directions is more effective for aiding
human understanding. Our interest is to investigate which orientation could improve the
readability and understandability of process models on computer screens. Although
there is no support to select one of the orientations, we believe that vertical orientation
could have a better effect on the understanding of the models. The reason is that users
are more accustomed to vertical scrolling than to horizontal scrolling.

3.2.2

Technique 2: Emphasizing key features

As mentioned before, most of the real-life process models are large-scale graphs which
show dense visual information. The general layout guidelines mostly mention aesthetics
to improve the organization of the diagram (syntactical structure). For instance,
Purchase (1997) conducted his study only based on the syntactic reading of graph
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drawing. However, the complexity in process models goes beyond the syntactic
understandability. The semantics themselves brings their own difficulty to the human
comprehension of the models. Moreover, interpreting and mapping the syntax elements
to their meaning (semantics) in a dense large-scale model can be the main difficulty in
the understanding of the model. Therefore, we want to propose a guideline to reduce the
perceptual overhead by enhancing key features which convey more complicated
semantics. Lohse (1993) emphasizes the importance of using visual elements to
facilitate the understanding of the information. For instance, the use of “smart pixels” in
computer displays to highlight key features and direct the attention to the relevant
information in the diagrams.
But the question is how to use visual elements to highlight some semantic meanings?
During the analysis of visual cognition, we addressed how some visual primitives are
easily perceived for the human brain. We mentioned that color and texture are
apprehended faster than other visual elements. Lohse (1993) states that the cognitive
overhead of associating syntactic elements to their semantic meaning can be reduced
with the use of colors. Sun and Wong (2005) recommend the use of colors in UML
diagrams to entities and relationships in order to help the user to distinguish elements.
He based this recommendation on perceptual organization theories which state that
objects in the same color can be distinguished easier from objects in other colors. Lohse
(1993) also presents another experimental research that simulates graphical perception.
Response time to answer questions based on visual layout elements is predicted during
the simulation. The results that might be relevant for our project are presented in Table
3:

Compare two colors in working memory
Compare two letters in working memory
Compare two words in working memory
Compare two shapes in working memory
Compare two forms in working memory

38
40
47
50
68

Table 3 – Response time to discrimination of visual elements

Furthermore, other authors such as Affelbacher et al. (2006) state that colors should be
used to emphasize important elements and relations between them.
Based on these studies, we believe that the use of color to assist the discrimination of
some patterns in the process models could improve the understandability of the
semantics. Then, we propose a visual technique to help in locating fragments of the
model where the process splits in several tasks until it merges again in a unique task.
Then, the matched 'entry-task' and 'exit-task' of each fragment is colored with the same
color. See Figure 6. The purpose is that the reader can determine through the colors
where the process splits and where it merges again. This will facilitate the control-flow
analysis of the process model.
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Figure 6 – Technique to emphasize key features

For identifying the branching tasks that must be colored, we follow the SESE (singleentry single-exit) approach. The procedure is as follows:
1. Locating the fragments of the model that has a single entry task and a single exit
task. Then, each fragment must comply the following conditions:
•

The entry-task is executed always somewhere before the exit-task

•

If the entry-task is executed, the exit-task must be always executed, even before
reaching the entry-task again.

The SESE fragments are either nested (e.g. Fragment_1 and Fragment_2) or disjoint
(e.g. Fragment_2 and Fragment_3), but they never overlap.
2. According to SESE approach, a set of sequential tasks or a single task is by itself a
single-entry-single-exit fragment. However, we exclude these trivial fragments since
they are not applicable to our approach. Only the fragments whose entry-task and
exit-task are branching tasks are considered.
Vanhatalo et al. (2008) present a method for analyzing and detecting errors in process
model. This method uses also the SESE decomposition approach. Then, each fragment
is analyzed for error detection. They implemented the method and tested in a case study
with around 340 real business models obtaining positive results. This shows that the
implementation of this technique might be used not only for improving the visual layout
but also for other purposes such as soundness analysis.
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3.2.3

Technique 3 – Traceability

Real-life process models are large-scale graphs that potentially contain a big amount of
cyclic tasks connected with long directed arcs. The long arcs increase the complexity of
models by making more difficult to maintain the track of the flow. Moreover, the limited
size of computer screens hinders the smooth reading of the model. Then, a technique
to aid with the location of the beginning and ending of long arcs without keeping a
visual track throughout the whole graph might improve the understandability of the
models. Based on the scientific support given for factor 2, we will use colors to highlight
the flowing of the directed arcs that connect two tasks.
Only for the purpose of explaining this technique, we refer as “connector” to the two
directed arcs and one state that link two tasks.

The technique consists of the following steps:
•

Settling a length threshold for determining the long connectors

•

Locating the connectors that exceed the length threshold.

•
Applying a color to the starting and ending of the connector, as well as, the state
that is located in the middle. See Figure 7.

Figure 7 – Technique to improve traceability
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The technique only considers the basic workflow net patterns described in section 2.2.1.
However, workflow nets could include state-based branching patterns such as deferred
choice. The visual representation of a deferred choice is two or more outgoing directed
arcs connected to one state. In this case, colors cannot be applied or, a different
approach for coloring should be used.
3.2.4

Technique 4 – Orientation of the directed arcs

After analyzing the available literature, we found some contradiction and ambiguities in
factors that could improve the comprehension of diagrams. The orthogonality of the
diagrams is one of these ambiguities that specially attracts our attention. First, we will
explain what orthogonality is, and how the perceptual theories address this aesthetic.
Orthogonality is a synonym for perpendicular (right) angles. Bridgeman et al. (1997)
define the orthogonal draws as the ones whose arcs are the concatenation of horizontal
and vertical segments. Tammasia et al. (1978) define two graphic standards for drawing
diagrams in the plane: the “straight-line” standard and the “grid standard”. The straightline standard consists of locating the nodes and then drawing straight lines to connect
the nodes (See Figure 8). The grid (orthogonal) standard consists of drawing the
diagram based on a rectangular grid, so the arcs follow horizontal and vertical tracks of
the grid (See Figure 9) (Tamassia et al., 1978).

Figure 8 - Straight-line standard

Figure 9 – Orthogonal standard

The assumption that orthogonal diagrams are preferable over straight-line diagrams are
based on the “law of orientation” which state that the horizontal or vertical orientation
have higher probabilities to be seen as a figure than other orientations. On the other
hand, the “law of continuation” states that elements tend to belong together if they are
connected in a straight or smoothly curved line (Sun & Wong, 2005). Therefore, the
corners of arcs should be rounded rather than sharp angles because it suits better to the
natural movement of the human eyes. These two laws can bring up some contradictions
when choosing the most effective aesthetics to improve the understandability of a graph.
The question is which of these two laws of the perceptual organization can improve the
understandability of the graphs better? In order to answer that question, many
experimental studies have been conducted.
Purchase et al. (2001b) present the results of an experimental study which objective was
to determine the user’s preference on the graphical layout of UML diagrams. According
to this study, 91 % of the subject preferred the diagram without bends. They argue that
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straight lines are easier to follow the track than bent lines. On the other hand, the same
experiment concludes that 61% of the subjects preferred the orthogonal drawing over
the non-orthogonal one. Considering that the orthogonal drawing introduces lines with
bends (90 degree angle), the result of the experiment might be contradictory.
Moreover, in a previous computer-based experiment (Purchase, 1997) executed for
general undirected diagrams, the results were significantly different. They show that
drawing orthogonal arcs does not have any effect in the understandability of the graph. It
is important to mention that the graphs used in the experiment were defined with
different levels of orthogonality. None of the graphs were totally orthogonal. This could
be a limitation to validate the influence of the orthogonality in the understandability of
graphs. We have also noticed that some graph drawing algorithms use a straight-line
format while other uses an orthogonal format. This gives the idea that it is not certain
which is the most optimal aesthetic. Since the effect of this aesthetic in network charts is
not clear, we have an interest to investigate the influence of orthogonality in the
understandability of process models.

3.2.5

Technique 5 - Proximity of the elements

Workflow nets use several patterns to express the semantics. The semantics of some
patterns are easy to perceive; therefore, less likely to be misunderstood. This is the case
of the ‘strict sequence’ where the tasks are executed step by step in an exact order.
However, some patterns carry more complex semantics. This is the case of branching
patters such as AND-split, AND-join, XOR-split and XOR-join. Tracing the flow when
branching patters are present requires an extra cognitive effort. The reason is that the
process does not follow a simple sequence; instead, it needs to perform a choice or a
parallel execution. Hence, special attention must be given to these patterns in order to
facilitate the readability and understandability of the models.
Real-life process models require a big drawing area. However, the area on computer
screens is limited. As a consequence, the smart use of available space is a critical factor
for the understandability of workflow nets. The optimum is a fair trade-off between
compaction of the visual elements and clearness. In that sense, we propose to use
compaction in the parts of the models where clearness is not affected. Then, the saved
drawing space could be used for emphasizing the more complex elements in the model.
We will introduce the concept of ‘subsequent tasks’ that will be used later:
Subsequent tasks: tasks which are located consecutively (and immediately one after
another) in the model (See Figure 10).

Figure 10 – Subsequent/Non-subsequent tasks
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We assume that the following visual factors will improve the readability of workflow nets:
•

Minimizing the arc length between subsequent sequential tasks (See Figure 11-a).

•

Increasing considerably the arc length between a branching task and the connected
subsequent tasks. The statement “increasing considerable” means that the arc
length should be appreciable longer than the one between subsequent sequential
tasks (See Figure 11-b).

•

Minimizing the arc length of non-subsequent tasks.

a

b
Figure 11 – Technique dealing with the proximity of the elements

The reasons to support our assumptions are:
•

Based on the law of proximity, minimizing the arc length between sequential tasks
will give the visual perception that those tasks belong together; therefore, they must
be executed without interruption. Apfelbacher et al. (2006) state that users usually
can read diagrams easier with short arcs because the nodes are closer together and
the possibility of crossing arcs is smaller. This is also the reason why the arc length
between non-subsequent tasks should be minimized.

•

A longer arc length between a branching task and the connected subsequent tasks
will emphasize that the strict sequence is finished and a new semantic must be
interpreted. Furthermore, Lohse (1993) states that the closer two objects are, the
more difficult it is to discriminate between them. The branching patterns require more
discrimination. Therefore, locating the tasks too close of each other can make the
readability more complex. However, the arc should not be too long because it can
hinder the user to find the connected tasks. As we mentioned before, the arc length
should be appreciable longer than the one between subsequent sequential tasks.

3.2.6

Technique 6 - Visual clutter

In a workflow net, the branching tasks have many ingoing arcs and/or many outgoing
arcs. However, the space in the outline (contour) of a task is limited. Hence, when the
amount of arcs connected to a task is big, they need to be located very close to each
other. Lohse (1993) states that the closer two objects are, the more difficult it is to
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discriminate between them. Consequently; the bigger amount of arcs linked to a task,
the more complex it is to discriminate between ingoing and outgoing arcs. In that sense,
we believe that emphasizing the distinction between ingoing and outgoing arcs could
reduce the visual clutter and facilitate the understandability of the model.
Based on the law of proximity and the law of familiarity (Sun & Wong, 2005), we assume
that grouping ingoing arcs and outgoing arcs in two different bunches will improve the
understandability of the model (See Figure 12). Moreover, Jensen (1996) has already
suggested that “collecting all input arcs on one side of the node and all output arcs on
the opposite side” could improve the readability of a CP-net (Coloured Petri Nets).

Figure 12 – Technique to improve the visual clutter

3.2.7

Technique 7 – Amount of visual information

Process models contain many branching patterns with ingoing and outgoing arcs.
Tracing the flow of these models can be difficult, especially when there are several arcs
running in parallel very close to each other. Moreover, the bigger the number of arcs, the
more cluttered the diagram becomes. Purchase et al. (1996) indicate that arcs in UML
class diagrams should be merged rather than separated. They support their theory on
the “law of good figure” of Prägnaz. This law states that the “goodness” of a graph is
susceptible to the amount of information and elements contained in the graph. Most of
the time, a simpler graph with less information is considered a better figure (Sun &
Wong, 2005). Furthermore, Apfelbacher et al. (2006) state that arcs that lead to the
same node should be merged because it minimizes the space that arcs need on the
diagram, and facilitate the user in following the arcs.
We assume that reducing the amount of elements on the model by merging the ingoing
(See Figure 13-a) and outgoing (See Figure 13-b) arcs of the branching tasks could
increase the understandability of the workflow nets. However, it is important to know the
amount of arcs belonging to each branching pattern. Therefore; we propose to indicate
the amount of merged arcs next to the arc connection. In this way, the space that arcs
need is minimized without loosing any semantic information.
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a) Merging ingoing arcs

b) Merging outgoing arcs

Figure 13- Technique to improve the amount of visual information

3.3

Selection of the techniques for the empirical study and hypothesis
formulation

In the previous section, we proposed seven techniques for improving the visual layout
of process models. These techniques are based on visual perception theories that
explain how the brain perceives graphical information. However, these assumptions
cannot be accepted without an empirical testing. Although they are supported for the
visual perception theories analyzed in chapter 2, the positive effect of applying them to
process models is not assured. The reason is that process models carries with them
complex semantics and syntax which in combination with the new visual elements
could create the opposite effect, confusion and misunderstanding. Another reason is
that somehow several visual perception theories contradict each other. For instance,
the law of orientation and the law of continuation could derive in two contradictory
concepts. Therefore, an empirical study is necessary to validate these assumptions.
From the seven techniques proposed, only three will be chosen for empirical testing.
The reason is the time constraints that limit the project. The selection will be based on
their relevance for improving the understandability of process models, the feasibility of
being validated and, the likelihood of positive results.
Technique 1. - This technique focused on the orientation of the flow. Although this
factor is a relevant criterion when drawing process models; its application is not totally
applicable in large process models. In most of the cases, the combination of horizontal
and vertical orientation is applied due to the drawing area constraint. Therefore, this
technique will not be considered for the empirical study.
Technique 2. - The second technique focuses on applying colors to corresponding
branching tasks. As mentioned in section 3.2.2, color is one of the visual primitive
apprehended the fastest for the human brain. Then, we believe that its applicability to
process models could have positive results. Furthermore, the empirical testing of this
assumption is straightforward since we will compare a model “with colors” with a
model “without colors” (2 levels of the changing factor). Therefore, we will include this
technique in the empirical study. For testing the influence of this factor we defined the
following hypothesis:
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Hypothesis 1: Applying colors to branching tasks such that the colors match
(1) each parallel-split with its corresponding synchronization task and; (2)
each exclusive-choice with its corresponding simple-merge task improves the
understandability of process models.
Technique 3. - The next technique proposes to apply matching colors at the
beginning and ending of long arcs. The aim is to support the traceability of the flow.
We strongly believe that the implementation of this technique will be very relevant for
improving the understandability, especially of large process models. Additionally, the
empirical testing is straightforward since we will compare a model “with colors in the
arcs” with a model “without colors” (2 levels of the changing factor). Therefore, this
technique will be included in the empirical study by testing the following hypothesis:
Hypothesis 2: Highlighting with colors the starting and ending points of a long
connector, as well as the state that link two tasks will improve the
understandability of workflow nets.
Technique 4. - This technique proposes to fix the arcs to an orthogonal grid. Although
this assumption has been subject of many empirical studies, the results are
contradictory. Hence, we have a special interest in validating this assumption for
process models. Moreover, the empirical testing is straightforward since we will
compare process models with orthogonal arcs with non-orthogonal arcs (2 levels of
the changing factor). Hence, this technique will be included in the empirical study. For
testing this technique we defined the following hypothesis:
Hypothesis 3: Fixing arcs to an
understandability of the process model

orthogonal

grid

increases

the

Technique 5. – This technique focuses on varying the length between two
subsequent sequential tasks and, between branching tasks with the connected tasks.
The empirical testing of this assumption is not straightforward. It involves many
constraints and conditions such as the drawing area and the topology of the model.
Therefore, many factors will influence the result of the experiments making the
experiment design very complex. Hence, we will not include this hypothesis in the
empirical test.
Technique 6 and 7. – The techniques proposed for factor 6 and 7 deal with ingoing
and outgoing directed arcs. We perceived that these assumptions might not have
relevant results in big process models. Although the purpose of these visual
techniques is to reduce the cluttering of the model, it could also produce confusion and
misunderstandings. Additionally, the feasibility of empirical testing is not
straightforward since the changing factor has more than two levels. Hence, we will not
include these techniques in the empirical study.
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4 METHODOLOGY AND RESEARCH DESIGN
This chapter deals with the methodology and research method used for testing the
hypotheses presented in chapter 3. In section 4.1, general concepts about empirical
studies are illustrated. In section 4.2, a detailed explanation of the research design is
given. During this section the selection of independent and dependent variables, the
experiment design and, the undesirable factors are addressed. In section 4.3, we explain
the sample selection. In section 4.4 the instrumentation used for the experiment is
elaborated on. It includes the construction of the process modes, the questionnaire
design, the guidelines and the online tool.

4.1

Research Methods

Prior to the research design, several concepts are reviewed to determine the most
adequate methodology to conduct our empirical study. In this sense, we briefly describe
the available methods for gathering and analyzing data.
According to Grix (2004) and Wohlin et al. (2000), there are two types of research from
the point of view of empirical studies. The first one is the “Qualitative research” which
aims to obtain thorough understanding of human behavior and the causes of the
behavior. It is concerned about “why” and “how” of the phenomenon. The qualitative
research is commonly employed for the social sciences (Wohlin et al., 2000).
The second type is the “Quantitative research” which aim is to quantify a relationship
through a systematic scientific investigation. Its main objective is to identify quantitative
properties in a cause-effect relationship (Wohlin et al., 2000). The quantitative research
uses controlled experiments, mathematical models and case studies. Both kind of
research make use of different methods/strategies for gathering and analyzing empirical
data (Grix, 2004). The most common methods of enquiry are:
Survey: It is usually used for gathering qualitative or quantitative data about past events
(Wohlin et al., 2000). The process requires a structured interaction between the
researcher and the subject, which is the potential source of information. The surveys can
be done through an interview or a questionnaire.
Documentary Analysis: It is the study of documentary evidence such as books,
websites, letters, laws and other text information. The purpose it to answer questions like
“who says what?”, “why?”, etc. (Grix, 2004).
Case study: This is an observational study used for monitoring specific attributes or
relationship between attributes. Case study does not use large samples like the
experiments; instead it uses a thorough examination of a single event to collect and
analyze data (Wohlin et al., 2000).
Experiment: It is mainly used to observe the specific behavior or patterns in order to
solve a question or a hypothesis. It consists of manipulating systematically a variable to
compare the outcomes and formulate conclusions (Graziano & Raulin, 2000; Grix,
2004). Experiments are used when it is possible to have control over the situation.
Experiment method is used for instance for confirming theories, validating conventional
conceptions, exploring relationships, evaluating the accuracy of models and validating
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measures (Wohlin et al., 2000). Before going further in the explanation of experiment
method, we will introduce some general definitions. The terms described below will be
used in the sequel of the document (Wohlin et al., 2000).
•

Dependent Variable: They are the ones that are observed to change in reaction to
variations of the independent variables. The purpose of the experiment is observing
the effect of the dependent variables. They are also known as response variable or
measured variable. In the experiment context, the dependent variable answer the
question “What do I observe?”.

•

Independent Variable: These variables are deliberately manipulated to produce an
effect in the dependent variables. They are also known as controlled variables or
predictor variables. In the experiment context, the independent variable answer the
question “What do I change?”.

•

Treatment: A treatment is the specific level or value of the independent variable

•

Objects: It is the recipient of the treatment.

•

Subjects: The respondent of the survey. The population that apply the treatment.

•

Experiment: An experiment is a treatment applied to the combination of an object
and a subject.

4.2

Research Design

After analyzing the type of research, the next step is selecting the right research method.
The intent of the research is to manipulate an independent variable (visual factors) to
see the effect in the dependent variable (human understandability). Therefore, the
experiment method seems to be the more appropriate to conduct the research.

Figure 14 - Experiment principles (Wohlin et al., 2000, pg 32)

Figure 14 shows the basic principles of the experiment method. The process is divided in
two states: theory stage and observation stage. During the “Theory” stage a cause-effect
relationship is proposed based on literature study. Afterwards, the second stage
“Observation” is conducted in order to validate the relationship. We have already
determined cause-effect relationships during the hypothesis definition. In order to
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confirm those relationships, it is necessary to execute the “observation” stage. For
executing that stage, the definition of the dependent variables, independent variables,
treatments and objects for the relationship (hypothesis) is necessary.

4.2.1

Independent variable

Each of the three hypothesis defined in chapter 3 manipulates only one independent
variable.
•

Hypothesis 1

-

Colors in branching patterns

•

Hypothesis 2

-

Colors in the starting and ending of long arcs

•

Hypothesis 3

-

Arc format

The independent variables must be scaled according to a particular ratio before defining
the treatments. We have defined the scale of each independent variable using two
values:
•

Value “0” represents the negative presence of the independent variable. Value “0” is
the level that we assume makes the process model difficult to understand.

•

Value “1” represents the positive presence of the independent variable. Value “1” is
the level that we assume makes the process model easy to understand.

Therefore, we define two treatments for each hypothesis. The first treatment has the
independent variable with value 0 and, the second treatment has the independent
variable with value 1.

4.2.2

Dependent variables

As mentioned before, the dependent variable for each hypothesis is the “human
understandability”. However, we must define quantitative measurements for assessing
the understandability. Genero, Poels and Piattini (2007) mention two methods to
measure understandability: the perception-based measure and the ‘performance-based’
measure. The perception-based measure is based on the judgment of the participants
about how difficult they find it to understand something. Genero et al. (2007) calls this
kind of measure “Subjective Understandability”.
The performance-based measure assesses the efficiency in which the participants
execute specific tasks based on their understanding. For measuring understandability in
the three hypotheses, we use the performance-based measures:
•

Understandability Effectiveness (UE). – This refers to the number of correct answers
per model. The UE will give us a value of how well the participants understand the
model based on their performance in the understandability tasks.

•

Understandability Time (UT). - This refers to the time (expressed in seconds) needed
to understand the model in order to perform a specific task.
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Moreover, we use the “Subjective Understandability” measure for hypothesis-1 and
hypothesis-2. The participants are asked if the new visual technique used during the
experiment helped them to understand the process model. The “Subjective
Understandability” is not used for hypothesis-3 because it does not deal with a new
technique as hypothesis 1 and 2. Therefore, formulating the question for measuring
‘Subjective understandability’ in hypothesis 3 is not straightforward and will not be
considered.
Following, we will define the elements of each hypothesis.

Causeeffect
relationship

Hypothesis 1

Hypothesis 2

Hypothesis
3

Independe
nt variable

Colors in
branching
patterns

Colors in
the starting
and ending
of long
arcs

Edge
format

Dependent
Variable

Treatments

1.a Model with colors in all the
branching patterns (value
• Understandability
1)
Effectiveness
1.b Model with no colors in any
pattern (value 0)
• Understandability
Time
2.a Model with colors in every
• Subjective
long arc/place (value 1)
Understandability
2.b Model with no colors in any
long arc/place (value 0)
• Understandabili
ty Effectiveness
• Understandabili
ty Time

3.a Model using orthogonal
standard (value 1)
3.b Model using nonorthogonal standard
(value 0)

Object

• Model A
• Model B

• Model C
• Model D

Table 4 - Experiment elements definition

Table 1 shows that hypothesis 1 and 2 will be tested in two different models (A and B),
and, hypothesis 3 will be tested in models C and D. We will test each hypothesis in two
different models in order to be able to generalize the results for all process models. The
reason is that real-life process models have different structures and topologies.
Therefore, it is not possible to generalize for all the models a result that has been tested
in only one model. The bigger the amount of models used for testing the hypothesis, the
more valid the result is for all process model. However; due to the limited amount of
subjects, we will use only two models for testing each hypothesis.
As we have described before, each cause-effect relationship involves only one factor
(independent variable). The other factors must be kept constant for both treatments in
order to ensure that there are not undesirable factors influencing the results. Therefore,
the independent variable is the only visual element that differs between the two
treatments of each hypothesis. Since we will use the same models (A and B) for testing
hypothesis 1 and 2, the ‘treatment b’ for both hypotheses is the same. ‘Treatment b’
represents the model with no colors for both hypotheses, and the other visual factors are
kept constant. Therefore, treatment “1.b” and treatment “2.b” can be represented for the
same model during the experiment.
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4.2.3

Experiment Design

After defining the main elements of the experiment, the adequate experiment design
must be selected. The three proposed hypotheses are independent of each other. The
purpose is to test the validity of each cause-effect relationship when manipulating only
one independent variable. It is not our interest to test the effect of the interaction
between two or more independent variables. Hence, we will use the completely
randomized design. This design is suitable for experiments of one independent variable
with two treatments. Using the completely randomized design, we can compare the two
treatments of each hypothesis against each other. “The design uses the same object for
both treatments and assigns the subjects randomly to each treatment (Wohlin et al.,
2000)”. However, Wohlin et al. (2000) also emphasize the importance that the number of
subjects per treatment is balanced. They states that balancing design is not necessary
but it is desirable because it makes simpler and stronger the statistical analysis of data.
As mentioned previously, the number of participants for the experiment is limited.
Therefore, we use several treatments (from different hypothesis) for each participantexperiment in order to increase the size sample per hypothesis. It means that each
participant applies a random combination of treatments with objects (process model)
when executing the experiment. However, we are aware that if the amount of time
required for executing the experiment is too long, it might discourage the participants to
take part in the experiment. Hence, we have decided to prioritize hypothesis 1 and 2.
We will divide the experiment in two parts: the first part aims to validate hypothesis 1 and
2 and; the second part, which is optional, aims to validate hypothesis 3. In this way, we
make sure that hypothesis 1 and 2 have the required size sample. We expect to obtain
also a sample size enough to validate hypothesis 3. The combination of process models
and treatments for each part of the experiment is shown in Table 5.
T

FIRST PART
Model : Treatment
Model : Treatment

T

SECOND PART
Model : Treatment
Model : Treatment

1

A : 1.a

B : 2.a

1

C : 3.a

D : 3.b

2

A : 1.a

B : 1-2.b

2

C : 3.b

D : 3.a

3

A : 2.a

B : 1.a

3

D : 3.b

C : 3.a

4

A : 2.a

B : 1-2.b

4

D : 3.a

C : 3.b

5

A : 1-2.b

B : 1.a

6

A : 1-2.b

B : 1.b

7

B : 2.a

A : 1.a

8

B : 1-2.b

A : 1.a

9

B : 1.a

A : 2.a

10

B : 1-2.b

A : 2.a

11

B : 1.a

A : 1-2.b

12

B : 1.b

A : 1-2.b

Table 5 - Experiment Design
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As we can see in Table 5, the first part of the experiment has 12 possible tests and the
second part 4 possible tests. The tests are formed with all possible combinations of
models and treatments, such that neither the same model nor the same treatment will be
assigned to one participant. During the first part of the experiment, each participant will
be assigned randomly to one of the 12 tests. If the participant decides to continue, the
system will assign him/her randomly one of the 4 tests of the second part.

4.2.4

Undesired Factors

We have identified two factors that could have an undesired effect on the responses.
The first factor is the experience of the subjects in workflow nets. To minimize the effect,
we will apply the blocking technique. Blocking is used to eliminate bias when comparing
between treatments. It consists of grouping the subjects in blocks, so it is possible to
study the effect of the treatments on each block (Wohlin et al., 2000). Therefore, we will
group the subjects in two groups: people with experience and people with no experience
in workflow nets.

First Part of the Experiment

Second Part of the Experiment

Expert subjects
Non-expert subjects

Table 6 - Randomized block design

The second factor is the order of the treatments execution. Since each subject will
execute several treatments; an order to present the treatments must be selected. It is
difficult to predict a potential bias in the order of execution. For instance, structural
characteristics of the object in the first treatment could influence how the subject
perceives the object on the second treatment and so on. Our intention is to average out
the effect of execution order; therefore, the order of how treatments are presented to the
subject will be also randomized (e.g. First subject: ‘Modeal A →1.a’ and ‘Modeal B
→2.a’; Second subject: ‘Modeal B →2.a’ and ‘Modeal A →1.a’ ). See Table 5 for all the
possibilities.

4.3

Sample selection

Wohlin at el. (2000) states that the selection of the sample is closely linked with the
generalization of the results. Therefore, the sampling must be representative of the
population in order to generalize the results for that population. We execute the
experiment between people with knowledge in the area of process modeling. The
request for participating in the experiment was sent by email to students, academics and
professionals that work in the area of process modeling. The participants belong mainly
to the following organizations:
•

Eindhoven University
http://w3.tue.nl/nl/

of

Technology
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(students

and

academics).

See

•

University of Cooperative Education Karlsruhe (students and academics). See
http://www.ba-karlsruhe.de/en/index.php

•

Hasso Plattner Institute – Business Process Technology Group (students and
academics)

•

Sogeti (industry area). See http://www.sogeti.nl

•

Members of the business process group lists:

•

o

EMISA: it is a mailing list of the Special Interest Group "Design Methods for
Information Systems and their Application" which is a division of the German
Informatics Society.

o
o

WI: it is a mailing list of the German Information Systems community.
Modellierung: itis a mailing list of the German Informatics Society to cover all
divisions that are related to modelling.

Pallas Athena (industry area). See http://nl.pallas-athena.com

The method used for determining the sample is the probability sampling. This method
gives each person in the population an equal chance of being selected for the
experiment. However, we have identified subgroups in the population that could
influence the results (section 4.2.4). These sub-groups are: people with experience and,
people without experience in the Workflow Net language. We believe that the differences
between the results (especially the reaction time) from the two groups will be meaningful.
The probabilistic technique that was used for selecting the subject is “stratified random
sampling”. This sampling technique consists of dividing the population into several
groups with different characteristics that are well known. In our case, the population is
divided into expert group and non-expert group. Then, random sampling is applied
between each group (Wohlin et al., 2000).
The size of the sample must be at least 20 subjects for each group (Graziano & Raulin,
2000). However, we expected a larger sample. “The larger the sample is, the lower the
error becomes when generalizing the results (Grix, 2004)”. Wohlin at el. (2000) also
affirm that the reliability of the results is closely related with the sample size.

4.4

Instrumentation

The instrumentation is the practical implementation of the experiment. The
instrumentation requires a meticulous design and implementation. It must provide only a
mean to perform and monitor the experiment without affecting the result itself (Wohlin et
al., 2000). Since visual elements are the core of this experiment, the visual aspects of
the instrumentation require a special consideration in order to not affect the outcome of
the experiment. Wohlin et al. (2000) mention three types of instruments: objects,
guidelines and measurement instruments. For this experiment, the objects consist of the
Process Models that will be used to validate the hypotheses. In section 4.4.1, we will
describe the method used to select the appropriate process models (objects) for the
experiment.
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The guidelines are the information required to guide the participants in the experiment.
The guidelines are especially important for this experiment since new techniques to
improve the visualization of process model will be applied. The participants are not
familiar with these new techniques; therefore, a short and clear explanation of each
technique is needed. In section 4.4.2, an explanation about the guidelines will be given.
The measurements are the methods used for the data collection. For this experiment, a
questionnaire will be used to measure how well the participants understand the process
models. In section 4.4.3, we will explain in detail the method used to build the
questionnaire. In section 4.4.4, an explanation about the design of the online tool will be
given.

4.4.1

Process Models

The process models used for the experiment were selected from real-life models
provided by the IT consultancy company Sogeti. The models are the conceptual
representation of the business processes from several organizations. The names of the
organizations are not be mentioned due to confidential issues.
The process models were originally modeled in other languages:
Model A → UML
Model B → UML and Descriptive
Model C → EPC
Model D → EPC
The models were translated to the Workflow Net language using semantic
equivalences. Additionally, some changes are made to the models in order to adjust
them to the level of complexity required for the experiment.
The characteristics of the models are described in Table 7. These characteristics are
based on metrics related with the size and the structure of the process models.
(Cardoso et al., 2006; Lee & Yoon, 1991)

Number of tasks (NOA)

MODEL A
63

MODEL B
48

MODEL C
38

MODEL D
43

Number of places (NOP)

75

59

49

54

Number of Directed arcs (NOAR)

157

120

97

107

Number of Parallel Splits

8

3

3

3

Number of Synchronizations

8

3

3

3

Number of Exclusive Choice

7

8

7

7

Number of Simple Merges

7

8

7

7

Average number of arcs going out of a
place (PO)

1,05

1,01

0,99

0,99

Average number of arcs going out of a
task (TO)

1,25

1,25

1,28

1,24

Number of loops

5

4

5

3

Number of right bends in the orthogonal
format

-

-

72

73

Table 7 – Characteristics of the Models used during the experiment
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Hypothesis 3 is tested using Model C and Model D. Since this hypothesis deal with the
format of the directed arcs, we measure the number of bends of the orthogonal arcs from
these two models. These characteristic might be relevant for explaining the results
obtained from the empirical test.
The activity labels of the tasks are replaced by a capital letter plus a number (e.g. A1,
B2). The purpose is to remove the influence of the domain knowledge and facilitate the
reading of the model. The order of the letters and numbers is given following a logical
sequence, then, it does not have any meaning in the flowing of the models. The models
are presented in Appendix A.

4.4.2

Guidelines

The guidelines are necessary to direct the participant in the experiment. The experiment
is self-administered through an online system; hence, the participant will have no
assistance in case that the information is not clear. This could produce not reliable
results and, subsequently, an invalid experiment. Therefore, the preparation of the
guidelines is important for the success of the experiment.
We have divided the guidelines in the three sections:
•

Introduction. – It contains a short explanation of the research objective. Furthermore,
a description of the experiment procedure and, the requirement to participate are
given. It is important to be clear and concise to not discourage the participants from
taking part in the experiment. See APPENDIX B.

•

Explanation of the modeling language. - Since the population for the experiment is
people with knowledge in process modeling, the participants are not required to have
knowledge of the Workflow net language. Therefore, the main concepts of the
language are presented after the introduction. This information provides the
participants with enough knowledge to take part in the experiment. The explanations
consist of the general concept, the main elements and, the control patterns of the
Workflow net language used during the experiment. Graphical examples were given
to facilitate the understanding of the concepts. Moreover, an animation simulating the
behavior of the patterns was presented to the participants. See APPENDIX B.

•

Explanation of the visual techniques. - A description of the visual techniques applied
to the process models is presented to the participants. The explanation of each
technique is shown just before the participant starts the execution of the experiment.
A graphical example to facilitate the understanding was presented.

4.4.3

Questionnaire Design

The questionnaire intends to measure the participant’s understanding of the models. For
building the questionnaire, two factors are considered: coverage and length. The
coverage means that the questions should cover the complete domain of the model. The
aim is to measure if the participant understands the structure and the behavior specified
by the model.
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The second factor refers to the number of questions and the time needed to answer the
questionnaire. Based on previous experiences, the time for executing the whole
experiment should not exceed one hour. Furthermore, we expect a significant amount of
participants from the business area whose availability time is very limited. However, it is
not possible to reduce the length of the questionnaire if it affects the coverage. Our
purpose is to find an appropriate balance between coverage and length.
For building the questionnaire we use a technique that consists of decomposing the
model into fragments in such a way that each fragment can be analyzed in isolation. For
decomposing the model, we firstly follow the SESE fragmentation approach. As we
mentioned before, this approach decomposes the model into fragments with a single
entry and a single exit in such a way that the fragments are either nested (e.g. fragments
F1 and F2 in Figure 15) or disjointed (e.g. fragments F2, F3 and F4) but never
overlapped. Only with the purpose of explaining our approach, we will call the fragments
that do not contain any nested fragment “unit of understandability”. Although a single
task by itself and a ‘set of 2 tasks’ are considered as a SESE fragment; we will not
consider these fragments as a “unit of understandability”. The reason is that they do not
convey any complexity in its understandability for being considered as a “unit of
understandability”. Therefore; after applying SESE fragmentation, we will eliminate the
fragments with less than 1 or 2 tasks.
For instance, in Figure 15, we can see that the model has been decomposed in 4
fragments. Fragment F1 contains the complete model. The other 3 fragments F2,F3 and
F4 are “units of understandability”.

Figure 15 - Fragmentation approach

Then, the questions are systematically built aiming to measure the understandability of
each fragment individually, as well as the understandability of the model as a whole. The
decomposition of the models is shown in Figure 16. The figure also shows the fragments
that each question covers, the location of the tasks referred in the question, and the
coverage of the question. The coverage is calculated as the percentage of number
tasks in the ‘covered fragment’ compared with the total number of tasks in the whole
model. The coverage is labeled low when the question covers less than 50% of the
model, and high when it covers 50% or more.
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Model A
Question

Covered
Fragments

Location of
tasks in
questions

1

J

K,M

Low coverage

19%

2

N,O

N

Low coverage

36%

3

E,F,G

E,H

Low coverage

25%

4

B,I

H,N

High coverage

60%

5

R

R,T

Low coverage

14%

6

B,C

E,R,S

High coverage

98%

7

N,O

N,Q,S

Low coverage

36%

8

O

Q,S,R

Low coverage

27%

9

A

High coverage

100%

Coverage

Model B
Question

Covered
Fragment
s

Location of
tasks in
questions

1

E

H,K

Low coverage

31%

2

E

E,I

Low coverage

31%

3

I

I,K

Low coverage

17%

4

B

M,I

High coverage

77%

5

B

J,M

High coverage

77%

6

O

O

Low coverage

12%

7

E,F

E,I,M

Low coverage

46%

8

E,F

H,M

Low coverage

46%

9

A

A

High coverage

100%
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Coverage

Model C
Question

Covered
Fragments

Location of tasks
in questions

1

B

C,D

Low coverage

42%

2

B,

D,B

Low coverage

42%

3

B,H,I

F,M,I

High coverage

94%

4

I

K,J

Low coverage

34%

5

J,N

J

Low coverage

26%

6

I

K,N

Low coverage

34%

7

H,I

M,J

Low coverage

52%

8

B,G

E,N,H

High coverage

99%

9

A

High coverage

100%

Coverage

Model D
Question

Covered
Fragments

Location of tasks in
questions

1

C

D,E

Low coverage

21%

2

B,G

C,G

High coverage

50%

3

G

G

Low coverage

22%

4

H

H,I

Low coverage

19%

5

J

J

Low coverage

30%

6

G

G

Low coverage

22%

7

G,H

G,I

Low coverage

41%

8

J

K,L

Low coverage

30%

9

A

High coverage

100%

Coverage

Figure 16 - Decomposition of the models for building the questionnaire

34

Fink and Kosecoff (1985) state that close-ended questions (also called forced choice)
have proven to be the most efficient and reliable because they are easy to use, score
and code. Therefore, we used closed-ended question for building the questionnaire.
Fifteen questions were built for each model; however, several questions were rejected
due to the time constraint. At the end, nine closed-ended questions per model are
preserved for the experiment. See the complete questionnaires in Appendix D.
Fink and Kosecoff (1985) mention that items/questions that look alike in a long selfadministered questionnaire may lead to fatigue or boredom, and the participant might
give up. To minimize loss of interest, we build the questions using different formats. See
the different type of questions in Table 8. In this way, the task that the participant is
asked to do differs from one question to another.
Table 8 shows the type questions used during the experiment. For answering the
questions, the participants need to use their knowledge about different concepts of
process modeling: concurrency, recurrence, reachability, and others.
We have
generalized the main concepts that will be used for each question in Table 8.

FACTOR
Concurrency

QUESTION
Can task-1 and task-2 both be executed for the same case?

Exclusiveness
Recurrence

Can task-1 be executed more than once for the same case?

Reachability

If task-1 is executed for a case, must then always task-2 be executed
for the same case?

Reachability

Can task-1 be executed before task-2 for any case?

Recurrence

If task-1 is executed n times, how many times is task-2 executed for
the same case?

Concurrency

Is it possible that task-1and task-2 are being executed in parallel (at
the same time) for a case?

Reachability

Suppose that the instance processing is completed for a case. Would
it be possible that task-1 was executed some time before task-2, and
task-3 executed some time after task-2?

Concurrency
Exclusiveness
Correctness

Is there any problem with the model ( e.g. deadlock, proper
completion, etc)

Table 8 - Questions for the experiment

The order in which the questions are presented differs between models. They are
organized according to the natural sequence of the model. It means that the questions
which refer to tasks at the beginning of the model are located first. In case of conflict, the
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low-coverage questions are located before the high-coverage questions. In this way, the
participant becomes gradually familiar with the model as it would be in real life.

4.4.4

Online experiment

Executing the experiment through a web-based system carries with it several
advantages. Lumsden and Morgan (2005) mention the benefits to use online
questionnaires in terms of cost, speed, appearance, flexibility, functionality and usability.
However, it could also have many disadvantages if the online system is poorly designed.
Therefore, for designing and implementing the online survey we have considered many
factors related with functionality, organization, layout and technical requirements.
Following, we explain the most important aspects considered during the implementation
of the system.

Functionality
There are several free web-based tools available for online experiments/surveys. We
analyzed some of them; however, the functionality of these systems did not comply with
the requirements for this experiment. Hence, we decided to implement the entire system
(self-development) in order to adapt the system to the necessities of the experiment.
According to Reynolds et al. (2007), two categories of requirements need to be
considered for designing a web survey system: content and functionality. The content
includes the guidelines, process models and questionnaire which were already
addressed in the previous sections. The functionality of the system is described below:
•

The guidelines are presented in well organized sections. The participants can take
as long as they need to understand the guidelines (section 4.4.2).

•

The participant must fill out a web form about their experience with process modeling
and "Workflow Nets".

•

After the participant submits the form, he/she is directed to a new window where the
experiment is conducted. At this time, the system creates a unique user session for
the participant. The experiment execution will be tracked through the session and
stored in the database.

•

The system assigns randomly the model and the order of execution for each
participant based on the experiment design. The participant could be assign to one
of the tests defined in Table5 The randomization is used to avoid the undesirable
factors which are explained in section 4.2.4.

•

The explanation about the model and visual technique is presented before the
participant starts the experiment execution.

•

After starting the experiment execution, the process model and the questions are
presented. The question appears on the left frame and the process model (graphic)
on the right frame of the screen. The ‘tasks’ involved in the question are highlighted
(with red arrows) on the model in order to facilitate the location of the elements. See
Figure 17.
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Figure 17 - System functionality

•

One question at a time is presented to the participant. In this way, the system can
store the answer and reaction time of each question separately. The purpose is to
analyze possible relations between the type of question and the applied technique.
Another benefit is that it can minimize data loss. It is expected that participants
interrupt the completion process at any time during the experiment, an experiment
with only one question per submission allow more data to be saved. Furthermore,
showing only one question at the time could avoid respondent fatigue since they do
not see the long form with the nine questions. See Figure 17.

•

A summary with the explanation of the Workflow net language patterns is available
during the whole experiment for assisting the participant. The summary is shown in
the bottom right corner of the window. See Figure 17.

•

After the participants click the submit button “Next”, the answer and the reaction time
for the question are saved into the database. Then, the next question is displayed.

Potential Problems
The instrumentation used for executing the experiment must be the same for all the
participants. The reason for this is to avoid undesirable factors that could invalid the
results. In this context, several factors that might influence the results were identified.
Although these factors are out of the experiment-design reach, specific actions were
taken in order to avoid a negative influence of these factors.

37

Screen size and resolution
The screen size and resolution of the computer used for executing the experiment
change the visual conditions of the experiment among the participants. These
differences might affect the reaction time for answering the questions since the
participants do not see the same portion of the process model in the window. Some
participants will have to scroll more than others not analyze the model. Consequently,
the reaction time will not measure the time that the participants need to understand the
model under the same conditions because the conditions of the instrumentation differ
between them. For eliminating this undesirable factor, the following actions are taken:
•

A window with fixed dimensions 1024x768 is open for executing the experiment. The
window has the resize option blocked. The smallest screen resolution allowed for
executing the experiment is 1024x768. The system captures the screen resolution
for all the participants. In case of a smaller resolution, that experiment execution will
be dismissed.

•

If the browser in the client side is configured to reject pop-up windows, the
experiment will be open in a normal window with the resize option available. In this
case, the process model is displayed in a frame with a fixed length and width. We
use html framing and CSS layers to fix the size of the frame. Hence, all the
participants have the same visual conditions independently of the screen
resolution/size that they use for executing the experiment.
Browser

The browser used to execute the experiment might change the user interface and the
functionality of the online system. Therefore, we tested the proper performance of the
system in the three most used browsers in the market: Internet Explorer (6 and 7),
Firefox and Safari. The system captures and store in the database the browser used for
executing the experiment. In case of a different browser is used for the experiment, we
will check the right performance of the experiment in that browser and dismiss the
experiment in case of differences in the display. The reason is that differences in the
display (visual presentation) of the experiment might influence the results

General Organization
The general organization of the online experiment must be intuitive for the participants.
We organized the guidelines (Section 4.4.2) and the experiment itself as shown in Figure
18.
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Figure 18 - Organizational structure of online experiment

Layout
Aspects related to the navigation and layout are very important when designing the
system. Lumsden and Morgan (2005) state that online questionnaires should have a
positive visual impression in order to reflect professionalism to the participants. This
could increase the response rate and data quality. Therefore, we put special attention to
the interface design such as font features, background colors and buttons. Reynolds et
al. (2007) states that professional adults prefer white or solid background and only the
necessary images to clarify a specific concept.

Technical Considerations
The Eindhoven University of Technology provides with the technical infrastructure for
conducting the experiment. The system is hosted in the web server from the Computer
Science department of the university. The language and database used for the
implementation were selected based on the technology used for the university. The
technical specifications are shown in Table 9.
Operating system
Web server
Database system
Programming language

Windows
Apache Server
MySQL - 5.0.45
PHP 5.1.4 and JavaScript
Table 9 - Technical specifications
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5 DATA ANALYSIS AND INTERPRETATION
5.1

Introduction

After collecting the experimental data, we elaborate on the analysis and interpretation of
the results. The purpose of the analysis is to obtain valid conclusions. First, a description
of the data collection results is given in section 5.2. Subsequently, we use quantitative
interpretation for analyzing the data. See Figure 19. As it can be seen, the quantitative
interpretation is composed of three phases: data set reduction, descriptive statistics and,
hypothesis testing.

Figure 19 - Three steps in quantitative interpretation [Wohlin et al., 2000, pg 81]

The data set reduction is applied in order to eliminate the abnormal data points and
outliers. This stage is important since we expect a considerable amount of abnormal
data. The reason is that the experiment was executed under non-controlled conditions
such as a laboratory with self instrumentation. Section 5.3 will be elaborated on data set
reduction.
The descriptive statistics is used for describing and discover specific patterns on the
data set (Grix, 2004). We use descriptive statistics before hypothesis testing to get a
better understanding of the distribution of the data and determine the analysis method to
be used. Then, the hypothesis testing is executed using the statistical method in order to
validate the hypothesis with a specific significance. In section 5.4 we elaborate on
descriptive statistics and hypothesis testing of the 3 hypotheses proposed in chapter 3.
In section 5.5, the results of the perception-based measure called “Subjective
Understandability” are presented for hypothesis 1 and 2. This measure is the judgment
of the participants about how helpful they perceive the colors for understanding the
process model.
Last, in section 5.6, we discuss the outcome of the experiment.
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5.2

Data Collection Results

The data collection was executed among people with knowledge on process modeling.
The experiments were conducted for approximately one month (from June/1 to July/4).
In total, 176 participants took part in the experiment. Each participant had the option to
execute 1 to 4 experiments related to different hypothesis on different process models.
The first part of the participation consist of 2 independent experiments related with
hypothesis 1 and 2. The second part of the experiment consists of 2 process models
related with hypothesis 3. However, the participant was able to stop the experiment in
any moment since it was not executed in a controlled environment. Furthermore, the
samples are independent because each participant was presented with only one of the
treatments per model.
Table 10 shows the total number of participants per treatment that started the
experiment. Treatment 1.b is the same as 2.b for both models because it represents the
(control) model with any color. In total 453 experiments were executed from 176
participants.

Hypothesis 1

Hypothesis 2

Hypothesis 3

Model A

Model B

Model A

Model B

Model C

Model D

1.a

1.b

1.a

1.b

2.a

2.b

2.a

2.b

3.a

3.b

3.a

3.b

52

51

50

50

51

-

51

-

38

36

36

38

TOTAL

453

Table 10 - Total number of experiments

The participants must be located in one of the two groups (experts and non-experts)
defined on the experiment design. Some questions about knowledge background were
asked before the experiment to determine the group to which the participant belongs.
Table 11 shows the number of valid experiments per group after executing the
participant classification and data reduction (See Table 12). It can be seen that only 329
experiments (72,63%) from the 453 were valid for executing the data analysis process.
The data reduction process will be explained in the next section.
The classification of participants was executed based on their answers about their
familiarity, confidentiality, competence and experience with Workflow Nets. There were
few cases with contradictory answers. In these situations a manual classifications was
made base on the tendency of the answers. The complete questionnaire about
knowledge background is presented in Appendix C.
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Hypothesis

Model

Treatment

Non-expert
Group

Expert Group

TOTAL

Model
A

1.a

18

13

31

1.b

26

13

39

Model
B

1.a

19

13

32

1.b

20

16

36

Model
A

2.a

21

15

36

Same than Model A : Treatment 1.b

-

Model
B

2.a

Model
C

3.a

21

11

33

3.b

18

12

30

Model
D

3.a

27

4

31

3.b

26

4

30

213

115

329

Hypothesis 1

2.b

Hypothesis 2

17

2.b

Hypothesis 3

14

31

Same than Model B : Treatment 1.b

-

TOTAL PER GROUP

Table 11 - Sample Size

5.3

Data Reduction

Before proceeding further with the data analysis, the data reduction phase is executed.
The data set reduction is applied in order to eliminate the abnormal data points and
outliers. The first step is checking completeness. During this step, we eliminate the
experiments with less than 6 answers, from the total 9 questions. The system was set
not to allow the participants to skip any question. The participant had the option to
answer ‘I don’t know’ for every question. Therefore, an experiment with less than 9
answers means that the participant dropped the experiment before the completion. The
completeness checking dismisses the highest percentage of the eliminated data points
because many participants dropped the experiment immediately after starting. Ninetythree percent of the incomplete experiments were dropped after the first or second
question; therefore only 11 incomplete experiments were included in the data set. Table
12 shows the number of eliminated experiments. We can see that a total of 98
experiments for the 3 hypothesis were eliminated due to completeness checking.
Hypothesis 1

Number of eliminated
Checking Completeness
Checking quality
TOTAL

Hypothesis 2

Hypothesis 3

Model A

Model B

Model A

Model B

Model C

Model D

1.a

1.b

1.a

1.b

2.a

2.b

2.a

2.b

3.a

3.b

3.a

3.b

16

10

15

10

12

-

15

-

4

4

5

7

98

5

2

3

4

3

-

5

-

1

2

0

1

26

21

12

18

14

15

-

20

-

5

6

5

8

124

Table 12 – Number of eliminated experiments
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Total

The second step is eliminating the experiments that have not delivered a minimum level
of quality. For instance; Genero et al. (2007), in their study, executes a strict quality
checking, excluding the experiments with 2 wrong answers from the total 10 questions.
For our experiment, the level of quality is defined through the minimal number of correct
answers (Understandability Effectiveness) and, the time required to execute the
experiment (Understandability time). We expect that at least 5 answers for the “expert
group” and, 4 answers for the “non-expert group” are correct for being included in the
data set. The experiments with less correct answers are eliminated. Quality checking is
executed because only participants with knowledge in ‘Process Modeling’ were allowed
to take part in the experiment (This was mentioned in the introduction of the experiment).
It is considered that an experiment with less than 40% correct answers shows lack of
knowledge or seriousness. For the case of “Understandability time”, we expect that each
experiment is executed in no more than 30 minutes. This threshold is considered
reasonable based on our own experience. Only few cases (26) are eliminated for quality
checking (See Table 11). Most of them had 0 or 1 correct answer. This reflects that the
quality level of the experiments is high. No experiments were eliminated due to
differences in the browser display (See section 4.4.4/ Potential Problems). After
cleaning the data, we obtained 329 experiments for testing the three hypotheses. Table
11 shows the distribution of the valid experiments per treatment.
5.4

Data Analysis and hypothesis testing

During this phase, the analysis of the results for both dependent variables is conducted.
We used the statistical analysis software SPSS to explore the results (Pallant, 2001).
Firstly, descriptive statistics are obtained in order to visualize the central tendency and
dispersion of the data. This helps to have a general view of the data set. We also use
the graphical visualization ‘box plot’ to have an overview about dispersion and
distribution density of the variables. See Appendix I, J and K.
The Kolmogorov-Smimov test is used to test whether the distribution of each variable is
normal. Based on the distribution, the analysis model for the hypothesis testing is
selected. Kolmogorov-Smimov test compares the scores of the sample with a normal
distributed set of data that have the same mean and standard deviation. If the
significance of the test is higher than 0.05 (p>0.05), we can conclude that the sample is
not significantly different from normal distribution (Pallant, 2001). As it could be seen in
Appendix E, Kolmogorov-Smimov test indicates that the data distributions for
“Understandability Effectiveness” (correct answers) and Understandability time” (reaction
time) are not normal for most of the data sets. The reason could be that the size of the
samples is not large enough to depict a normal distribution. Since most of the data
distributions are not normal, we decide to use the non-parametric statistic test MannWhitney. Furthermore, Mood’s median test is used to strengthen the hypothesis
accepted for Mann-Whitney test. These two statistical tests assume that the samples are
randomly and independently drawn from the population (Pallant, 2001). Mann-Whitney
statistic test can be used when the experiment consists of one factor and two treatments
with a completely randomized design (Wohlin et al., 2000) as it is the case of our
experiment. Mood’s median is used to test the equality of the medians from two or more
groups.
Before applying the statistical method to test the hypothesis, we formalize the
experiment definition into a null hypothesis (Ho) and an alternative hypothesis (H1). The
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null hypothesis states that there is no statistical difference between two populations.
While the alternative hypothesis is the hypothesis in favor of which the null hypothesis is
rejected (Wohlin et al., 2000). Following, we show the results of the data analysis and
hypothesis testing obtained per hypothesis.
5.4.1

Hypothesis 1

This hypothesis is validated using model A and B. Each model is tested in two different
populations: experts and non-experts. First, we formally states hypothesis 1. Since we
have two dependent variables, there are two null hypotheses (Ho) and two alternative
hypotheses (H1).
Ho (correct answers): Model A→1.a(correct answers)<= Model A→1.b (correct answers)
Ho (reaction time): Model A→1.a (reaction time) >= Model A→1.b (reaction time)
H1 (correct answers): Model A→1.a (correct answers) > Model A→1.b (correct answers)
H1 (reaction time): Model A→1.a (reaction time) < Model A→1.b (reaction time)
Analysis of the whole population without groups
Appendix F shows the descriptive statistics of the models A and B. We can see that
treatment 1.a has a higher mean than treatment 2.a of correct answers in the two
models (Model A: 7,55 vs. 6,95, Model B: 7,06 vs. 6,89). The standard deviation is
approximately the same for treatment 1.a and 1.b in both models. Apparently, these
results are supporting our hypothesis for the dependent variable ‘correct answers’.
However, it is difficult to say if the difference is significant enough. For the reaction time,
we can see that the differences between the means are less than 0,1 minute for both
models, which seem not significant.

Treatment
Correct
Answers

MODEL A

MODEL B

Ranks

Ranks

N

Mean Rank Sum of Ranks

1.a 31

40.74

1263.00

1.b 39

31.33

1222.00

1.a 31

33.98

1053.50

1.b 39

36.71

1431.50

Treatment
Correct
Answers

Total 70
Reactio
nTime

1.a 32

35.77

1144.50

1.b 36

33.38

1201.50

1.a 32

32.61

1043.50

a.b 36

36.18

1302.50

Total 68

Total 70

Time

Total 68

Test Statistics
Mann-Whitney U
Wilcoxon W
Z
Asymp.Sig(2-tailed)
Exact Sig. (2-tailed)
Exact Sig. (1-tailed)
Point Probability

N Mean Rank Sum of Ranks

Test Statistics

CorrectAnswers

ReactionTime

442.000
1222.000
-1.967
.049
.049
.025
.001

557.500
1053.500
-.556
.578
.583
.291
.002

CorrectAnswers ReactionTime
Mann-Whitney U
Wilcoxon W
Z
Asymp. Sig. (2-tailed)
Exact Sig. (2-tailed)
Exact Sig. (1-tailed)
Point Probability

Table 13 - Mann-Whitney test for hypothesis 1 (without groups)

44

535.500
1201.500
-.509
.611
.615
.307
.004

515.500
1043.500
-.743
.457
.462
.231
.002

The results of Mann-Whitney test are shown in Table 13. The first table ‘Ranks’
summarizes the data after it has been ranked (Pallant, 2001). We can see that the
bigger difference between ranked scores is between Model A→1.a and Model A→1.b for
correct answers. Since Mann-Whitney is based on scores being ranked from lowest to
highest, the group with the highest mean rank is the group with greatest number of high
scores (Pallant, 2001). Following this, we can see that Model A→1.a has greater number
of high scores than Model A→1.b. For checking if this difference is significant, we refer
to the table ‘Test Statistics’. We look the Exact Significance (1-tailed) since we made a
prediction about in which direction the two groups will differ. The Exact Significance (1tailed) gives us the one tailed probability that the test statistic is a chance result (Pallant,
2001). Since we are using a confidential level of 95%, this value needs to be lower than
0.05 to accept the result. We can see that only the one-tailed probability (p) for correct
answers of Model A is lower than 0.05. Therefore, Ho (correct answers) for Model A is
rejected.
Then, we conclude that the average rank of correct answers is higher for Model A
when using colors on the branching patterns, with a confidence level greater than
95%.
We used Mood’s median test to support the result obtained for Mann-Whitney test.
Although Mann-Whitney and Mood’s median tests are based on differences in the
medians, there is an important difference between them. Mann-Whitney orders and
ranks the data in terms of closest to farthest from the median; while Mood’s test does not
take into account the distances from the media but only which side of the media the
observations lie on (Lehmkuhl, 1996). Therefore, we decided to strengthen our finding
using Mood’s median.

Frequencies

Test Statistics
CorrectAnswers ReactionTime

Treatment
1.a 1.b N
CorrectAnswers

ReactionTime

70

70

7.00

8.5834

> Median

18

13 Median

<= Median

13

4.281

.058

> Median

16

26 Chi-Square
19 df

1

1

<= Median

15

20

Asymp. Sig.

.039

.810

Table 14 - Mood's Median test for Model A/Hypothesis 1 (without groups)

We will focus only in the Ho (correct answers) for Model A since it was the null
hypothesis rejected for Mann-Whitney. Table 14 shows the result of the Mood’s median
test. We can see that p=0.039 (p<0.05); therefore, we confirm the result obtained with
Mann-Whitney test.
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Analysis per groups: Experts and Non-experts
As mentioned in Chapter 3, we believe that the experience/knowledge of the participants
on the Workflow net language can have an effect on the responses. However, we are
not interested in this effect; therefore, the participants are grouped into two groups:
experts and non-experts in order to minimize the effect.
We analyzed the data of the two groups separately.
The descriptive statics of the two dependent variables (Correct Answers and Reaction
Time) for Model A are shown in Appendix F. We can observe that the mean and the
median of correct answers are higher for Treatment 1.a for both groups (Experts: 7,9 vs.
7,5; Non-experts: 7,1 vs. 5,9). However, the difference is bigger in the non-expert group.
The difference on the mean reaction times of experts and non-experts seems not
significantly different (Experts: 9,8 vs. 9,6; Non-experts: 10,2 vs. 11,5).
The descriptive statics of the two dependent variables for Model B are shown in
Appendix F. We can observe that the mean of correct answers are basically the same
for both treatments in expert and non-expert groups (Experts: 7,16 vs. 7,30; Nonexperts: 6,92 vs. 6,38). However, the difference on the mean reaction times seems
meaningful (Experts: 8,9 vs. 9.9; Non-experts: 9,8 vs. 11). For both groups, the mean
reaction time is smaller when executing Treatment 1.b. Again, the difference of mean
reaction time for the non-expert group appears to be more significant.
MODEL A
Expert Group

Non-Expert Group

Ranks

Ranks

Treatment N Mean Rank
Correct 1.a
Answers
1.b
Total

Total

Treatment

N Mean Rank

1.a

13

17.04

Sum of Ranks
221.50

1.b

13

9.96

129.50

Total

26

18

25.53

Correct
459.50 Answers

26

20.40

530.50

13

11.23

146.00

23.97

Reaction
431.50 Time

1.a

18

1.b

13

15.77

205.00

26

21.48

558.50

Total

26
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Reaction 1.a
Time
1.b

Sum of
Ranks

44
Test Statistics
Test Statistics

CorrectAnswers ReactionTime

CorrectAnswers ReactionTime
Mann-Whitney U
Wilcoxon W
Z
Asymp. Sig. (2tailed)
Exact Sig. (2-tailed)
Exact Sig. (1-tailed)
Point Probability

179.500
530.500
-1.345
.179
.184
.095
.006

Mann-Whitney U
207.500 Wilcoxon W
558.500 Z
-.633 Asymp. Sig. (2-tailed)
.527 Exact Sig. [2*(1-tailed Sig.)]
Exact Sig. (2-tailed)
.535
Exact Sig. (1-tailed)
.267
Point Probability
.004

Table 15 - Mann-Whitney test for hypothesis 1/Model A (groups)
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38.500
129.500
-2.429
.015
.016a
.017
.009
.004

55.000
146.000
-1.513
.130
.139a
.139
.069
.007

The results of Mann-Whitney test for Model A are shown in Table 15. We can see that
the bigger difference between ranked scores is between Non-Experts→1.a and NonExperts→1.b for correct answers. Non-Experts→1.a has greater number of high scores
than Non-Experts→1.b. For checking if this difference is significant, we refer to the table
Test Statistics. The Exact Significance (1-tailed) is 0.009 (p<0.05). Therefore, Ho
(correct answers) for Model A→ Non-Experts is rejected.
Then, we conclude that color in the branching patters improves the
understandability effectiveness (correct answers) partially for the non-expert
group with a confidence level higher than 95% (p<0.01).
For correct answers, Experts→1.a has also a greater number of high scores than
Experts→1.b; with one-tailed probability value of 0.095. Although this value is small, it is
not possible to reject Ho (the null hypothesis) with a confidence level of 95%.
For reaction time, the difference in the expert group is not significant. However, the nonexpert→1.a has a greater number of high scores than non-expert→1.b with one-tailed
probability value of 0.069. Although this value is small, it is not possible to reject Ho (the
null hypothesis) with a confidence level of 95%.

Test Statistics

Frequencies

CorrectAnswers ReactionTime

Treatment
1.a
CorrectAnswers

ReactionTime

1.b

> Median

10

3

<= Median

3

10

> Median

4

9

<= Median

9

4

N
Median
Exact Sig.

26
6.50
.017

26
9.0500
.115

a. Experience = 2
b. Grouping Variable: Treatment

Table 16 -Mood's Median test for Model A/Hypothesis 1 → Non-expert group

Table 16 shows the result of the Mood’s median test for Model A→Non-expert group.
We can see that p=0.017 (p<0.05) for correct answers; therefore, we reject Ho
supporting the result obtained with Mann-Whitney test.
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MODEL B
Expert Group

Non-Expert Group

Ranks

Ranks
Treatment N
1.a
Correct
Answers 1.b
Total

Mean Rank Sum of Ranks

19

19.26

20

20.70

1.a
Correct
414.00 Answers 1.b
Total

19

20.00

380.00

20

20.00

39

1.a

Reaction
1.b
Time
Total

Treatment N

39

366.00

13

16.92

220.00

16

13.44

215.00

13

12.92

168.00

16

16.69

267.00

29

1.a

Reaction
1.b
400.00 Time
Total

29
Test Statistics

Test Statistics

CorrectAnswers ReactionTime

CorrectAnswers ReactionTime
Mann-Whitney U
Wilcoxon W
Z
Asymp. Sig. (2-tailed)
Exact Sig. [2*(1-tailed
Sig.)]
Exact Sig. (2-tailed)
Exact Sig. (1-tailed)
Point Probability

Mean Rank Sum of Ranks

176.000
366.000
-.403
.687

190.000
400.000
.000
1.000

.708a

1.000a

.702
.345
.011

1.000
.506
.011

Mann-Whitney U
Wilcoxon W
Z
Asymp. Sig. (2-tailed)
Exact Sig. [2*(1-tailed
Sig.)]
Exact Sig. (2-tailed)
Exact Sig. (1-tailed)
Point Probability

79.000
215.000
-1.141
.254

77.000
168.000
-1.184
.236

.288a

.249a

.271
.135
.014

.249
.125
.009

Table 17 - Mann-Whitney test for hypothesis 1/Model B (groups)

The results of Mann-Whitney test for Model B are presented in Table 17. The one-tailed
values show that the data do not give evidence to reject Ho for either groups. Although
one-tailed probability (p) is small for correct answers and reaction time in the non-expert
group, it is not possible to reject Ho with a confidence level of 95%. Then, we conclude
that these data do no support the hypothesis that colors in branching patterns improves
the understandability of process models.

5.4.2

Hypothesis 2

This hypothesis was validated using model A and B. Each model was tested in two
different populations: experts and non-experts.
First, we formally states hypothesis 2. Since we have two dependent variables, there are
two null hypotheses (Ho) and two alternative hypotheses (H1).
Ho (correct answers): Model A→2.a(correct answers)<= Model A→2.b (correct answers)
Ho (reaction time): Model A→2.a (reaction time) >= Model A→2.b (reaction time)
H1 (correct answers): Model A→2.a (correct answers) > Model A→2.b (correct answers)
H1 (reaction time): Model A→2.a (reaction time) < Model A→2.b (reaction time)
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Analysis of the whole population without groups
The descriptive statistics of the Models A and B, used for testing hypothesis 2 are shown
in Appendix G. We can see that treatment 2.a has a lower mean of reaction time in the
two models (Model A: 9,3 vs. 10,3; Model B: 9,4 vs. 10,4). However, the median for the
Model A gives an opposite result; treatment 2.b is smaller than treatment 2.a. The
standard deviation is considerably different between the two treatments (for Model A and
B).
For the correct answers, we can see that the differences between the means are very
small (Model A: 7,2 vs. 7; Model B: 6,8 vs. 6,9). Moreover, the medians are exactly the
same (7 for all).

MODEL A

MODEL B

Ranks

Ranks

Treatment N Mean Rank Sum of Ranks
Correct 2.a
Answers
2.b
Total
Reaction 2.a
Time
2.b
Total

36

39.56

1424.00

39

36.56

1426.00

Treatment N Mean Rank Sum of Ranks
Correct 2.a
Answers
2.b

75

Total

36

36.99

1331.50

39

38.94

1518.50

Total

Test Statistics

1048.00

36

34.17

1230.00

31

33.00

1023.00

36

34.86

1255.00

67
Test Statistics

CorrectAnswers ReactionTime
Mann-Whitney U
Wilcoxon W
Z
Asymp. Sig. (2tailed)
Exact Sig. (2tailed)
Exact Sig. (1tailed)
Point Probability

33.81

67

Reaction 2.a
Time
2.b

75

31

646.000
1426.000
-.607

665.500
1331.500
-.387

.544

.699

.548

.702

.276

.351

.002

.002

CorrectAnswers ReactionTime
Mann-Whitney U
Wilcoxon W
Z
Asymp. Sig. (2tailed)
Exact Sig. (2tailed)
Exact Sig. (1tailed)
Point Probability

552.000
1048.000
-.078

527.000
1023.000
-.390

.938

.697

.940

.701

.470

.350

.003

.002

Table 18 - Mann-Whitney test for hypothesis 2 (without groups)

The results of Mann-Whitney test are shown in Table 18. The one-tailed values show
that the data does not give evidence to reject Ho for either model. We conclude that
these data do no support the hypothesis that colors in long arcs improve the
understandability of process models.
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Analysis per groups: Experts and Non-experts
The descriptive statics of the two dependent variables for Model A are shown in
Appendix G. We can see that the mean of correct answers of treatment 2.a is slightly
higher than treatment 2.b for experts and non-experts (Experts: 7,9 vs. 7,6; Non-experts:
6,3 vs. 5,9). However, the medians are exactly the same (2.a=2.b) for both groups.
The mean reaction time of treatment 2.a is lower than treatment 2.b for both groups
(Experts: 8,7 vs. 9,6; Non-experts: 10,2 vs. 11,5). Although the results seem to support
hypothesis 2, the differences in means and medians between the two treatments are
apparently not significant for both groups.
The descriptive statics of the two dependent variables for Model B are shown in
Appendix G. We can see that the mean of correct answers of treatment 2.a is lower
than treatment 2.b for the expert group (7,06 vs. 7,30). This is opposite to the
assumption made in hypothesis 2. For the non-expert group, the mean of correct
answer is higher for treatment 2.a (6,5 vs. 6,4); however, the difference seems not
significant.
For both groups, the mean reaction time of treatment 2.a is lower than 2.b with around 1
minute. This difference seems not significant for supporting hypothesis 2.
MODEL A
Expert Group

Non-Expert Group

Ranks
Treatment N
Correct 2.a
Answers
2.b
Total
Reaction 2.a
Time
2.b
Total

Ranks

Mean Rank

Sum of Ranks

Treatment N Mean Rank Sum of Ranks

1

21

26.05

2

26

22.35

Correct 2.a
Answers
2.b

Total

47

1

21

23.29

Time

2

26

24.58

Total

47

15

16.10

241.50

13

12.65

164.50

Total

28

2.a

15

13.33

200.00

2.b

13

15.85

206.00

Total

28

Test Statistics

Test Statistics

CorrectAnswers Time
Mann-Whitney U
Wilcoxon W
Z
Asymp. Sig. (2-tailed)
Exact Sig. (2-tailed)
Exact Sig. (1-tailed)
Point Probability

230.000
581.000
-.956
.339
.341
.173
.005

CorrectAnswers
258.000
489.000
-.321
.748
.759
.379
.008

Mann-Whitney U
Wilcoxon W
Z
Asymp. Sig. (2-tailed)
Exact Sig. [2*(1-tailed
Sig.)]
Exact Sig. (2-tailed)
Exact Sig. (1-tailed)
Point Probability

Time

73.500
80.000
164.500 200.000
-1.161
-.806
.245
.420
.274a

.440a

.277
.141
.031

.440
.220
.013

Table 19 - Mann-Whitney test for hypothesis 2/Model A (groups)

The results of Mann-Whitney test for Model A are presented in Table 19. The one-tailed
values show that the data do not give evidence to reject Ho for either all dependent
variables. We conclude that these data do no support the hypothesis that colors in long
arcs improve the understandability of process models.
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MODEL B
Expert Group

Non-Expert Group

Ranks
Treatment N
Correct 1
Answers
2
Time

Ranks

Mean Rank Sum of Ranks

17

17.53

298.00

20

20.25

405.00

Total

37

1

17

19.88

338.00

2

20

18.25

365.00

Total

37
Test Statistics

Treatment N
Correct 1
Answers
2
Time

14

16.71

234.00

16

14.44

231.00

Total

30

1

14

13.50

189.00

2

16

17.25

276.00

Total

30
Test Statistics

CorrectAnswers Time
Mann-Whitney U
Wilcoxon W
Z
Asymp. Sig. (2-tailed)
Exact Sig. [2*(1-tailed
Sig.)]
Exact Sig. (2-tailed)
Exact Sig. (1-tailed)
Point Probability

Mean Rank Sum of Ranks

CorrectAnswers Time

145.000
298.000
-.789
.430

155.000
365.000
-.457
.648

.460a

.662a

.439
.215

.662
.331

.002

.011

Mann-Whitney U
Wilcoxon W
Z
Asymp. Sig. (2-tailed)
Exact Sig. [2*(1-tailed
Sig.)]
Exact Sig. (2-tailed)
Exact Sig. (1-tailed)
Point Probability

95.000
231.000
-.733
.463

84.000
189.000
-1.164
.244

.498a

.257a

.470
.230
.012

.257
.129
.009

Table 20 -Mann-Whitney test for hypothesis 2/Model B (groups)

The results of Mann-Whitney test for Model B (with groups) are presented in Table 20.
The one-tailed values show that the data do not give evidence to reject Ho for both
groups. Although one-tailed probability (p) is small for reaction time in the non-expert
group, it is not possible to reject Ho with a confidence level of 95%. We conclude that
these data do no support the hypothesis that colors in long arcs improve the
understandability of process models.

5.4.3

Hypothesis 3

This hypothesis was validated using model C and D. Each model was tested in two
different populations: experts and non-experts.
First, we formally states hypothesis 3. Since we have two dependent variables, there are
two null hypotheses (Ho) and two alternative hypotheses (H1).
Ho (correct answers): Model A→3.a(correct answers)<= Model A→3.b (correct answers)
Ho (reaction time): Model A→3.a (reaction time) >= Model A→3.b (reaction time)
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H1 (correct answers): Model A→3.a (correct answers) > Model A→3.b (correct answers)
H1 (reaction time): Model A→3.a (reaction time) < Model A→3.b (reaction time)

Analysis of the whole population without groups
The descriptive statistics of the models C and D, used to test hypothesis 3 are shown in
Appendix H. We can see that treatment 3.a has a lower mean of correct answers in the
two models (Model C: 7 vs. 7,07; Model D: 6,8 vs. 7,5). However, the difference is more
significant in Model D. The standard deviation is approximately the same for treatment
3.a and 3.b for both models. Apparently, these results are contradicting our hypothesis
for the dependent variable correct answers.
For the reaction time, we can see that the differences between the means are less than
0.1 minute for both models (Model A: 7,7 vs. 7,2; Model B: 5,9 vs. 5,8), which seem not
significant.

MODEL C

MODEL D

Ranks

Ranks

Treatment

N Mean Rank Sum of Ranks

Correct

3.a

32

31.30

1001.50

Correct 3.a

31

26.35

817.00

Answer

3.b

30

31.72

951.50

Answer 3.b

29

34.93

1013.00

Total

62

Reaction 3.a

32

31.67

1013.50

Time

3.b

30

31.32

939.50

Total

62

Treatment

Time

N Mean Rank Sum of Ranks

Total

60

3.a

31

30.31

939.50

3.b

29

30.71

890.50

Total

60

Test Statistics

Test Statistics

CorrectAnswer ReactionTime
Mann-Whitney U

CorrectAnswer ReactionTime

473.500

474.500

Mann-Whitney U

321.000

443.500

1001.500

939.500

Wilcoxon W

817.000

939.500

-.093

-.077

-1.947

-.089

Asymp. Sig. (2-tailed)

.926

.938

Asymp. Sig. (2-tailed)

.051

.929

Exact Sig. (2-tailed)

.930

.941

Exact Sig. (2-tailed)

.052

.933

Exact Sig. (1-tailed)

.465

.471

Exact Sig. (1-tailed)

.027

.466

Point Probability

.003

.003

Point Probability

.001

.003

Wilcoxon W
Z

Z

Table 21 - Mann-Whitney test for hypothesis 3 (without groups)
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The results of Mann-Whitney test are shown in Table 21. We can see that the bigger
difference between ranked scores is between Model D→3.a and Model D→3.b for
correct answers. Model D→3.b has greater number of high scores than Model D→3.a.
This result is contradictory to our hypothesis. Moreover, the one-tailed probability (p) for
correct answers of Model D is lower than 0.05. However, the mean ranks show that this
is a significant result opposite to the assumption of hypothesis 3. The other p values are
not significant. Therefore, we cannot reject Ho (correct answers) and Ho (reaction time)
for both models. The conclusion is that these data do no support the hypothesis that
fixing arcs to an orthogonal grid increases the understandability of the process models.
Analysis per groups: Experts and Non-experts
The descriptive statics of the two dependent variables for Model C are shown in
Appendix H. We can see that the means of correct answers and reaction times are
almost the same for both groups (Experts: 7,3 vs. 7,7; Non-experts: 6,4 vs. 6).
The results of Mann-Whitney test for Model C are presented in Table 22. The one-tailed
values show that the data do not give evidence to reject Ho for both dependent
variables. We conclude that these data do no support the hypothesis that fixing arcs to
an orthogonal grid increases the understandability of the process models.
MODEL C
Expert Group

Non-Expert Group
Ranks

Ranks
Treatment

N Mean Rank Sum of Ranks

3.a

21

19.17

402.50 Correct 3.a

11 13.27

146.00

Answers 3.b

18

20.97

377.50 Answers 3.b

12 10.83

130.00

Correct

Total

Treatment N

39

Total

23

Mean Rank Sum of Ranks

Reaction 3.a

21

19.98

419.50 Time

3.a

11 12.64

139.00

Time

3.b

18

20.03

360.50

3.b

12 11.42

137.00

Total

39

Total

Test Statistics

23
Test Statistics
CorrectAnswers ReactionTime

CorrectAnswers ReactionTime
Mann-Whitney U

171.500

188.500 Mann-Whitney U

Wilcoxon W

402.500

419.500

-.511

-.014

.609

.989

.626a

.989a

Exact Sig. (2-tailed)

.620

.995

Exact Sig. (1-tailed)

.311

.497

Point Probability

.008

.006

Z
Asymp. Sig. (2-tailed)
Exact Sig. [2*(1-tailed
Sig.)]

52.000

59.000

130.000

137.000

-.910

-.431

Asymp. Sig. (2-tailed)

.363

.667

Exact Sig. (2-tailed)

.376

.695

Exact Sig. (1-tailed)

.187

.347

Point Probability

.011

.022

Wilcoxon W
Z

Table 22 - Mann-Whitney test for hypothesis 3/Model C (groups)
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For Model D, we executed only the analysis for the expert group. Not enough data was
gathered to conduct an analysis for the non-expert group. Only 4 valid data points were
collected. The analysis is similar to the Model D without groups because only the 4 data
points were excluded.
The results of Mann-Whitney test for Hypothesis 3→Model D→ expert group deliver the
same results than for Model D without groups. The result is significant, but contradictory
to our hypothesis. Therefore, we cannot reject Ho (correct answers) and Ho (reaction
time) for Model D → expert group. The conclusion is that these data do no support the
hypothesis that fixing arcs to an orthogonal grid increases the understandability of the
process models.

5.5

Models Comparison

After executing the hypothesis testing, we were able to validate hypothesis 1 partially.
However, the data support our assumption only for Model A but not for Model B. In order
to find possible reason for this difference, we will execute a comparison of the two
models. The comparison is based on the metrics presented in chapter 4 (section 4.4.1).
As we mentioned before, we use metrics related with the size and structure of the
models. Cardoso et al. (2006) state that these metrics can be used to measure the
complexity of the models. They also mention that the complexity of the models has
effects in their understandability.
For the comparison, we use the percent difference. The formula for calculating the
percent difference between two values ‘a’ and ‘b’ is:
%Diff=

a−b
difference _ of _ values
=
* 100
average _ of _ values  a + b 


 2 

The results are shown in Table 23.

MODEL A

MODEL B

%DIFF

Number of tasks (NOA)

63

48

13,5%

Number of places (NOP)

75

59

11,9%

Number of Directed arcs
(NOAR)

157

120

13,4%

30

22

15,4%

Average number of arcs going
out of a place (PO)

1,05

1,01

1,9%

Average number of arcs going
out of a task (TO)

1,25

1,25

0%

10

7

-

Number of branching tasks

Number of pair tasks colored

Table 23-Model (A and B) comparison
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The percent difference values show that Model A is bigger than Model B in every aspect
except for the ‘TO’ for which both have the same value. The bigger difference is in the
number of tasks (13,5%) and number of branching tasks (15,4%). Based on this
comparison, we can state that Model A is more complex than Model B.
Another reason that could explain the different results between the models is the number
of corresponding-branching tasks colored in each model. For Model A, 10 pair of
branching-tasks were colored; while for Model B only 7 pairs were colored (See
Appendix A).
5.6

Subjective Understandability

Hypothesis 1 and 2 were also tested through a perception-based measure called
“Subjective understandability” (Genero et al., 2007). This measure is the judgment of the
participants about how easier they find it to understand the models with colors. The
results are presented in tables below.

MODEL A

MODEL B
Total

Expert
Made it easier to
understand

Non-expert Sub-total Expert Non-expert Sub-total

12

5

(66,7%)

(41,7%)

17

11

(56,7%) (57,9%)

7

18

35

(53,8%)

(56,2%)

(56,4%)

Did not have any
influence on my
understanding

5

4

9

8

5

13

22

(27,8%)

(33,3%)

(30%)

(42,1%)

(38,5%)

(40,6%)

(35,5%)

Made it more difficult to
understand

1

3

4

0

1

1

5

(5,5%)

(25%)

(13,3%)

(0%)

(7,7%)

(3,1%)

(8,1%)

18

12

30

19

13

32

62

(100%)

(100%)

(100%)

(100%)

(100%)

(100%)

(100%)

Total

Table 24 - Subjective Understandability / Hypothesis 1

Table 24 shows the result of subjective understandability for hypothesis 1. It can be seen
that a total of 35 participants (56,4%) perceived that colors in branching tasks made
easier to understand the model, 22 participants (35,5%) perceived that the colors did not
have any influence on their understanding and, only 5 participants (8,1%) think that the
colors made it more difficult to understand the models.
When comparing the results per model, it shows that 57% of the participants perceived
that the colors made it easier to understand Model A and, 56% perceived the same for
Model B. The bigger difference is in the participants that did not perceive any influence
on their understanding. For Model A, 30% of the participants think that colors did not
have any influence and; 41% think the same for Model B. Furthermore, 13% of the
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participant that executed Model A thinks that the colors made more difficult to
understand the model and, only 1% think the same for Model B. Although more than
50% of participants think that colors improve the understandability for both models, there
is a slight higher acceptance of the colors in Model B. This is, in some way, contradictory
to the performance-based measure that showed a significant improvement in the
understandability of Model A compared with Model B. This situation could be explained
with the complexity of the models. As shown in the previous section, Model A is more
complex than Model B, which could make the participants perceive that colors do not
help them since the analysis of the models is difficult anyway.
If we analyze the answers per group (experts and non-experts); we find that 62% of the
experts think that the colors made it easier to understand the model and, only 48% of
non-experts think the same. Moreover, only 3% of the experts think that colors made it
more difficult to understand the model compared with the 16% of non-experts that think
the same. This means that the expert group finds the colors more useful than the nonexpert group. This result also contradicts the performed-based result which shows that
colors were more helpful for the non-expert group. The reason could be that non-expert
participants cannot perceive the benefit of colors in matching patterns because they do
not have experience with analyzing models without colors. It is important to remember
that each participant only execute one treatment of the model (with or without colors, but
not both). Therefore, the judgment is not the consequence of an objective comparison of
two experiences, but more of a personal intuition.

MODEL A

MODEL B
Total

Expert Non-expert Sub-total Expert
Made it easier to understand

17
(81%)

Total

(53,8%)

16

(70,6%) (94,1%)

12

28

52

(85,7%)

(90,3%)

(80%)

5

9

1

2

3

12

(38,5%)

(26,5%)

(5,9%)

(14,3%)

(9,7%)

(18,5%)

0

1

1

0

0

0

1

(0%)

(7,7%)

(2,9%)

(0%)

(0%)

(0%)

(1,5%)

4
Did not have any influence on my
understanding
(19%)
Made it more difficult to
understand

24

7

Non-expert Sub-total

21

13

34

17

14

31

65

(100%)

(100%)

(100%)

(100%)

(100%)

(100%)

(100%)

Table 25 - Subjective Understandability / Hypothesis 2

Table 25 shows the result of subjective understandability for hypothesis 2. It can be seen
that a total of 52 participants (80%) perceived that colors in the long arcs made it easier
to understand the model, 12 participants (18,5%) perceived that the colors did not have
any influence on their understanding and, only 1 participants (1,5%) think that the colors
made it more difficult to understand the models. This result shows a high acceptance to
the colors in long arcs. When analyzing the result per model, we can see a higher
acceptance for Model B than for Model A. This could be because of the topology of the
model. Although Model A is more complex, Model B has a bigger amount of long-arcs
running in parallel which make more difficult to discriminate between the arcs.
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5.7

Discussion

In the previous sections, the results from the empirical study were analyzed. The
purpose of the study is testing the effect of three visual techniques applied to the layout
of process models on their understandability. We selected two performance-based
measures that are commonly used on similar studies. The first measure is the
understandability-effectiveness which refers to the number of correct answers per
experiment. The second measure is the understandability-time which is based on the
reaction-time for answering the questions. After clearing up the measures used for
evaluating understandability, we proceed to discuss the results.
The first hypothesis regarding higher understandability of process models with colors in
the corresponding branching tasks was evaluated using two process models (A and B).
The findings show positive results for supporting this hypothesis. At first sight, the
understandability-effectiveness and the understandability-time seems to improve when
applying colors. However, after using Mann-Whitney test at 95% of confidence level, we
found that the understandability-effectiveness improves with statistical significance only
for Model A. Although we observe a positive difference in terms of mean value for Model
B, we are not able to show that the improvement is significant. Moreover, the
understandability-time seems to improve for the models with colors in terms of means
values; but the statistical significance is not enough to validate this assumption.
We consider that there might be two reasons for obtaining significant results for Model A
rather than for Model B. The first reason could be the differences in the size and
structure of the models. As we showed in section 5.5, Model A is larger than Model B in
all the metrics that we calculated. For instance, the number of branching tasks is much
higher in Model A with a percent difference of 15,4%. The number-of-tasks and numberof-places are also greater in Model A with a percent difference of 13,5% and 12%
respectively. Therefore, we demonstrated that Model A is significantly larger and,
therefore, more complex to analyze. Hence, we could infer that the more complex the
model is, the more significant the improvement in its understandability when using colors
in branching tasks. The second reason could be the number of corresponding-branching
tasks colored in each model. For Model A, 10 pair of branching-tasks were colored; while
for Model B only 7 pairs were colored.
As it is said in the experiment design section, a threat of the study is that the participants
have different knowledge of the modeling language. Hence, we divided the participants
in two different groups based on their expertise in the language. Afterwards, we
evaluated the expert group and the non-expert group separately for increasing the
precision of the results. We found that the significant improvement in the
understandability-effectiveness of Model A is mostly cause by the non-expert group. The
p-value resulted from Mann-Whitney test is very low (p=0.009), indicating that the results
are highly significant. The expert group shows also a low p-value, but not significant
enough to validate the assumption at 95% of confidence level. We consider that the
difference between the groups is because of the set-up time that the participants need to
accept the new visual element. The expert group consists of people with considerable
experience in the language; hence, they are used to analyzing the model without the
support of the colors. When the colors are presented in the model, the experts probably
require a time to accept and trust the new visual element. On the other hand, the non-
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experts are not familiar with the modeling language. Then, they do not need the time to
get used to the colors in the models.
The second hypothesis regarding higher understandability for models with colors in the
starting and ending points of long arcs was evaluated using Model A and B. The mean
scores suggest that the models with colors in the arcs have a better understandabilitytime. However, it is not possible to validate this assumption with a statistical significance.
With respect to the understandability-effectiveness, the mean scores are almost the
same. We also evaluated the results per group. It was not possible to validate our
assumptions with the defined confidence level. However, the low p-value for the
reaction-time (Understandability-time) in Model B gives us an indication of possible
meaningful differences. We consider that colors in long arcs aid the understandabilitytime of process models because of the low p values obtained in the results and the
positive responses in the subjective understandability. This aspect should be the subject
for further studies. Moreover, the results of the subjective-understandability support our
standpoint. These results show that 80% of the total participants perceived that the
colors made it easier to understand the model.
The third hypothesis regarding higher understandability for models with orthogonal arcs
was evaluated using Model C and D. Unexpectedly, the findings stand in sharp contrast
to our expectations. The results show a higher understandability when using straight
arcs and curved-bends. The mean scores not only show an improvement in the
understandability-effectiveness, but also in the understandability-time of models with
straight arcs. Moreover, the understandability-effectiveness of Model D contradicts our
hypothesis with a high significance (p=0.027). Although we were not able to validate our
hypothesis, the results are relevant for setting guidelines in how to draw process models.
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6 CONCLUSIONS AND FURTHER WORK
This chapter elaborates on answering the research questions postulated in section 1.3.
Subsequently, the implication of the results on the understandability of process models is
discussed. In concluding, we will mention some reflections and suggestion for future
research.
Based on the assignment definition, a general research question was formulated.
How can visual elements/techniques be used to improve the understandability of the
process models?
In order to provide a solution to the general question, two sub-questions must be
answered.
The first sub-question deals with how visual perception theories can be applied to the
visual layout of process models to increase their understandability. In this sense, we
delve into theories about how the human brain perceives and processes graphical
information. Several principles that could be applied in the visual layout of process
models were found. The most important is the discrimination process that explains how
some visual primitives like color can be perceived easier for the human eye.
Furthermore, Gestalt theory gave us an insight into several principles of perceptual
organization that are relevant for our study. Based on these theories, we proposed
seven visual techniques that could improve the understandability of process models. We
briefly list the factor/aesthetic and the theory addressed for each technique:
[1] Flow orientation – based on law of orientation and principle of visual cortical
organization
[2] Emphasizing key features – based on theory of visual primitives discrimination
[3] Traceability – based on theory of visual primitives discrimination and law of similarity
[4] Format of the directed arcs – based on the law of orientation and law of continuation
[5] Proximity of the elements – law of proximity
[6] Visual clutter – law of proximity and law of familiarity
[7] Amount of visual information – law of good figure
The second sub-question concerns about which visual techniques (based on perception
theories) improve the understandability of process models. For answering this question
an empirical validation was conducted. Due to the project constraints, we limited the
empirical study to only three techniques. The selection of the techniques was based on
the relevance and the feasibility of empirical validation.
The first technique selected deals with emphasizing key features. The technique
suggests that applying colors to branching tasks such that (1) the colors match each
parallel-split with its corresponding synchronization task and, (2) each exclusive-choice
with its corresponding simple-merge task improves the understandability of process
models. By applying this technique, we aim to facilitate the cognitive process of
associating the syntactic elements (notation) to their semantic meaning. We were able to
prove the validity of this assumption with a statistical significance. However, our study
shows that the improvement is more meaningful for people with none or little knowledge
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of the modeling language. Moreover, the improvement is more significant when applied
to complex process models. Although the application of this technique was tested using
the Workflow net language, the significance of the results gives an indication that the
understandability of other modeling languages like UML could be improved applying this
technique. From the practical perspective, this technique can be implemented in
modeling tools. The tool should analyze the semantics of the model in order to locate the
corresponding branching tasks. Then, the colors could be applied automatically to
matching tasks following the algorithm presented in this report
The second technique aims at facilitating the traceability of the process models. The
technique suggests that applying matching colors at the beginning and ending of long
arcs improves the understandability of process models. Although it was not possible to
show that the improvement on the understandability is statistically significant, there was
a indication of positive differences. Furthermore, people strongly believe that the colors
in the arcs make it easier to understand the process models. Therefore, we consider that
this assumption should be subject to further studies. We suggest performing a similar
study on a large population and, using a bigger amount of process models with different
topologies.
The color matching the beginning and ending of long arcs could be easily implemented
on modeling tools. The user could activate this option inserting only a threshold for the
length of the arc. Then, the system must apply automatically the color to the arcs which
are longer than the threshold defined for the user.
The third technique deals with the format of the directed arcs. The technique proposes
that fixing arcs to an orthogonal grid increases the understandability of the process
model. For testing this technique, we compared (1) an orthogonal orientation and rightangle bends with (2) a straight-line orientation and smoothly curved bends. Our
expectation was that the first format improves the understandability of the models over
the second format. However; the results suggest that the exact opposite is true. Although
the results were not as expected, they give an important contribution to improve the
understandability of process models.
Future Work
This project is the starting of an explorative study of visual techniques that can improve
the understandability of process models. The research area is very broad since many
fields such as psychology, graph theory and mathematics are involved. Moreover, the
layout of process models itself entangle many aspects such as aesthetics, constrains
and computational complexity. We have only considered the aesthetic aspect of the
models, leaving the other aspects for future investigations. Furthermore, our study gives
clear indications that some visual techniques work better for specific kind of process
models. Hence, the metrics and topology of the process models must be taken into
account for future studies in order to be able to generalize the validity of the results.
During the first stage of our research, we proposed several visual techniques for
improving the understandability of the models. However, we were not able to test the
validity of all of them due to the limited time of the project. A further development of
these techniques, as well as, the empirical testing could be the subject of future projects.
Finally, we want to remark the importance of the practical perspective of our approach.
Hence, we emphasize that the outcome of our study should be considered for being
implemented in modeling tools and, hereby, used in practice in the academic and
industrial fields.

60

REFERENCES
Alpfelbacher R., Knopfel A., Aschenbrenner P. and Preetz S., (2006). FMC
Visualization Guidelines, Available in http://fmc.hpi.uni-potsdam.de
Bridgeman S.S., Fanto J., Garg A., Tammassia R., Vismara L., (1997).
InteractiveGiotto: An algorithm for interactive orthogonal graph drawing. In G. Di
Battista, editor, Graph Drawing (Proc. GD '97), Vol.1353 of Lecture NotesComput. Sci.,
pp. 303-308. Springer-Verlag.
Broadbent, D.E., (1975). The magic number seven after fifteen years. In A. Kennedy &
A. Wilkes (Eds.), Studies in long term memory, pp. 3-18. London: Wiley.
Cardoso J., Mendling J., Neumann G. and Reijers H.A., (2006). A Discourse on
Complexity of Process Models. In Schahram Dustdar et al., editor. Proceedings of BPM
2006 workshops, Lecture Notes in Computer Science, Vienna, Austria, pp.115-126,
Springer-Verlag.
Chapman B. and Bonhoeffer, T., (1998). Overrepresentation of horizontal and vertical
orientation preferences in developing ferret area-17. Proceedings of the national
academy of science of the United States of America, Vol. 95, pp. 2609-2614.
Cleveland W. S. (1985). The elements of graphing data. Belmont, CA: Wadsworth
Publication.
Davenport T.H., (1993). Process Innovation: Reengineering Work through Information
Technology, Harvard Business School Press, Boston, MA.
Egan D.D. and Schwartz B.J., (1979). Chunking in recall of symbolic drawings.
Memory and Cognition, Vol. 7, pp.149-158.
Fink, A. and Kosecoff, J., (1985). How to Conduct Surveys: A Step-By-Step Guide.
Second Edition. Newbury Park, CA: Sage Publications.
Genero M., Poels G. and Piattini M., (2007). Defining and validating metrics for
assessing the understandability of entity-relationship diagrams. Proceedings of the Data
& Knowledge Engineering 64, pp. 534-557. Elsevier Publications.
Graziano, A.M. and Raulin, M.L., (2000). Research Methods: A Process of Inquiry, 5th
edition. Boston,Ma. Pearson Publications.
Grix J., (2004). The foundations of research: a student's guide. Basingstoke, UK:
Palgrave Mcmillan.
Julesz, B. (1975), Experiments in the visual perception of texture. Scientific American,
Vol.232, pp. 34-43.
K. Jensen (1996), Coloured Petri Nets. Basic concepts, analysis methods and practical
use. Vol.1, EATCS monographs on Theoretical Computer Science. Springer-Verlag,
Berlin.
Kahneman, D. and Henik, A., (1981). Perceptual organization and attention. In
Perceptual Organizaton. M. Kubovy and J. R. Pomerantz, Eds., pp. 181-211, Lawrence
Erlbaum, Hillsdale, N.J..

61

Kalpic B. and Bermus P., (2006). Business process modeling through the knowledge
management perspective. Proceedings of Journal of Knowledge Management, Vol.10,
pp. 40-56, Esmerald Group Publising Limited
Kosslyn, S.M., (1985), Graphics and Human Information Processing - A Review of Five
Books. Journal of the American Statistical Association, Vol.80, pp. 499-512.
Lee G.S. and Yoon J.M., (1991). An empirical study on complexity metrics of Petri
Nets. Microelectronics and reliability, Vol. 32, Issue 9, pp. 1215-1221.
Lehmkuhl L.D., (1996). Nonparametric statistics: methods for analyzing data not
meeting assumptions required for the application of parametric tests. Proceeding of
Journal of prosthetics and orthotics Vol. 8, num. 3, pp.105-113.
Lohse G.L., (1993). A Cognitive Model for Understanding Graphical Perception,
Human-Computer Interaction, Vol.8, pp. 353-388. Lawrence Erlbaum Associates, Inc.
Lohse G.L., Biolsi K., Walker N. and Rueter H.H., (1994). A classification of visual
representations, Communications of the ACM, Vol.37 n.12, pp. 36-49.
Lumsden J. and Morgan W., (2005). Online-Questionnaire Design: Establishing
Guidelines and Evaluating Existing Support. Proceedings of International Conference of
the Information Resources Management Association (IRMA'2005), pp. 407-410.
McCormick, B.H., DeFanti, T.A., and Brown, M.D. (1987), Visualization in scientific
computing – a synopsis. IEEE. Computer Application Graphics, Vol.7, pp. 61-70.
Mendling J., and Strembeck M., (2008). Influence Factors of Understanding Business
Process Models. Business Information Systems, 11th International Conference, BIS
2008, Innsbruck, Austria.
Mendling J., Reijers H.A. and Cardoso J., (2007), What Makes Process Models
Understandable? In: G, Alonso, P. Dadam, and M Rosemann (Eds.): Business Process
Management. LNCS 4714, pp. 48-63, Springer, Heidelberg.
Pallant J. (2001), SPSS survival manual. Open University Press, Buckingham, UK.
Purchase H. C., Cohen R. F., and James M. (1996). Validating graph drawing
aesthetics. Proceedings of the Symposium on Graph Drawing, pp. 435–446, SpringerVerlag.
Purchase H.C., (1997). Which aesthetic has the greatest effect on human
understanding?. Proceedings of the 5th International Symposium on Graph Drawing,
pp. 248–261, Springer-Verlag.
Purchase H. C., Allder J.A. and Carrington D. A., (2001a). User preference of graph
layout aesthetics: A UML study. In GD ’00: Proceedings of the 8th International
Symposium on Graph Drawing, pp. 5–18, Springer-Verlag.
Purchase H. C., McGill M., Colpoys L. and Carrington D. (2001b). Graph drawing
aesthetics and the comprehension of UML class diagrams: an empirical study. In
CRPITS ’01: Australian Symposium on Information Visualization. Australian Computer
Society, Inc., pp.129–137.

62

Reynolds R.A., Woods R. and Baker J.D., (2007). Handbook of research on
electronic surveys and measurements, London : Idea Group.
Sun D. and Wong K., (2005). On Evaluating the Layout of UML Class Diagrams for
Program Comprehension, Proceedings of the 13th International Workshop on Program
Comprehension (IWPC’05), pp. 317–326. IEEE Computer Society.
Tamassia R., Battista G., and Batini C., (1978). Automatic graph drawing and
readability of diagrams, IEEE Trans. Syst., Man, Cybern., Vol. SMC-8, pp. 61-79
Treisman A and Souther J., (1985). Search asymmetry: A diagnostic for pre-attentive.
Processing of separable features. Proceedings of Journal of Experimental Psychology:
General, Vol.114, pp.285-310.
van der Aalst W.M.P, ter Hofstede A.H.M., Kiepuszewski B. and Barros A., (2007).
Workflow
patterns
home
page.
Available
at
http://www.workflowpatterns.com/documentation/index.php
van der Aalst W.M.P. and van Hee K.M., (2002). Workflow Management: Models,
Methods, and Systems., MIT Press: Cambridge, MA.
van der Aalst, W.M.P., (1998). Three Good reasons for Using a Petri-net-based
Workflow Management System. Proceedings of the International Working Conference
on Information and Process Integration in Enterprises (IPIC'96): S. Navathe and T.
Wakayama. Vol. 428, pp. 161–182, Kluwer Academic Publishers, Boston, MA.
Vanhatalo J., Volzer H. and Leymann F., (2008). Faster and More Focused ControlFlow Analysis for Business Process Models Through SESE Decomposition. In: Krämer,
B.J., Lin, K., Narasimhan, P. (Eds.) Proceeding of 5th International Conference on
Service-OrientedComputing (ICSOC2007), LNCS Vol. 4749, pp. 43-45. SpringerVerlag.
Wohlin C., Runeson P., Host M., Ohlsson M. C., Regnell B., and Wesslen, A.,
(2000). Experimentation in Software Engineering: An Introduction. Kluwer Academic
Publishers, Norwell, MA.

63

APPENDIX A: PROCESS MODELS USED FOR THE EXPERIMENT

MODEL A – TREATMENT 1.a

COLORED: 10 pairs of branching-tasks
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MODEL B – TREATMENT 1.a

COLORED: 7 pairs of branching-tasks
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MODEL A – TREATMENT 2.a

COLORED: 11 set of directed arcs
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MODEL B – TREATMENT 2.a

COLORED: 7 set of directed arcs
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MODEL C – TREATMENT 3.a
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MODEL C – TREATMENT 3.b
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MODEL D – TREATMENT 3.a
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MODEL D – TREATMENT 3.a
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APPENDIX B: GUIDELINES ONLINE SYSTEM

Study of Visual Layout on Understandability of Process Models
This questionnaire is part of a research project conducted by the Eindhoven University of Technology. The objective of the research is
to find graphical guidelines that improve the visual quality and; therefore, the understandability of process models. The modeling
language selected for this experiment is "Workflow Net". An explanation of the basic concepts and notation of the "Workflow Net"
language will be given before the experiment.
After reading the explanation of the "Workflow Net" language, you will be asked some questions about your experience with process
modeling and "Workflow Nets". Subsequently, the experiment starts. It is possible to participate only in the first part of the experiment
that takes around 20 minutes; however, we will appreciate if you participate in the complete experiment that takes around 35 minutes.
During the experiment 2 (only first part) or 4 (complete experiment) business process models will be presented to you. You need to
answer several questions that measure how well you understand the model. Each model will be presented with a variation in the visual
layout (e.g.: colors.). Please read carefully the explanation that is given before each process model. The correctness of your answer
and the time taken to answer the question (reaction time) will be considered as measures of understanding. Therefore, it is important
that you answer the questions for each model without interruption.
Your participation is voluntary and anonymous.
Thank you for your collaboration!
In the table below, the main concepts of the "Workflow net" language are described. This information provides you with enough
knowledge to participate in the experiment.

Workflow nets
Basic Control Patterns

General Concepts

The basic control patterns used in the experiment are described
below. An animation with all the control patterns is shown in the
right side for a better understanding.

The Workflow Net language is used to create a graphical
representation of business processes. It consists of three basic
elements: states, tasks and directed arcs. A description of each
element is provided in the table below. A workflow net has a
unique well-defined start state and a unique end state.

Sequence
A task is executed after the completion
of a preceding task in the process.

When executing a workflow net for a specific case, the tasks
will be performed until the end state has been reached. You can
see in the right side an animation of a model in execution for a
specific case. A case is an instance of the process. For
example: an insurance claim of a specific client, a purchase
order, etc.

Parallel Split
Split the process into two or more
branches that are executed in parallel.
It sends the case (tokens) towards all
tasks on the outgoing arcs from this
task.

Elements
State

Task

Synchronization
Synchronize two or more parallel
execution branches into a single
subsequent branch.
This task is only activated if a token
has arrived on all incoming arcs.

States are the passive components of the workflow
net. They represent a condition in which the
process is.
Tasks are the active components of the workflow
net. They represent an activity, event or operation
in the process. By executing a task, the process
shifts from one state to another.

Exclusive Choice
Choose one execution branch from
two or more alternatives.
It sends the case (token) towards only
one task on an outgoing arc from this
task.

Directed
Directed arcs indicate the process paths of the
Arc
model. They can only connect a task to a state, or
a state to a task.
Token

Simple Merge
Merge two or more alternative
execution branches into a single
subsequent branch. This task is
activated each time a token has
arrived on one of the incoming arcs.

A token indicates the state of a specific case in the
process.
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APPENDIX C: BACKGROUND KNOWLEDGE QUESTIONNAIRE

Study of Visual Layout on Understandability of Process Models
Please fill in the questionnaire that is shown below. All information you provide will be treated confidentially.

student
1.

Which role describes your occupation best?

professional
academic

2.

Do you have work experience or followed courses related to
Business Process Management and/or Modeling?

yes
no

3.

How many years of work experience related to Business
Process Management and/or Modeling do you have ?

4.

Are you familiar with "Workflow net" language for process
modeling?

yes
no

5.

How many years of experience related to "Workflow nets" do
you have?

6.

Please indicate your level of agreement to the following statements on the given scale by selecting the
option that describes your view on the statement best.
Strongly Disagree Somewhat Neutral Somewhat Agree Strongly
disagree
disagree
agree
agree

Overall, I am very familiar with
Workflow nets.
I feel very confident in
understanding process models
created with Workflow nets.
I feel very competent in using
Workflow nets for process
modelling.
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APPENDIX D: QUESTIONNAIRE
MODEL A
1. - Can S1 and V1 both be executed for the same case?
a) Yes
b) No
c) I don't know
2. - Can R2 be executed more than once for the same case?
a) Yes
b) No
c) I don't know
3. - If R1 is executed for a case, must P2 then always be executed for the same case?
a) Yes
b) No
c) I don't know
4. - Can H2 be executed before B2 for any case?
a) Yes
b) No
c) I don't know
5. - If E3 is executed 2 times, how many times is M2 executed?
a) exactly 2 times
b) 2 times or more
c) exactly 3 times
d) None of the above
e) I don't know
6. - Is it possible that N1, M2 and H3 are being executed in parallel (at the same time) for a
case?
a) Yes
b) No
c) I don't know
7.- Suppose that all the tasks have been executed for a case.
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Would it be possible that B2 was executed some time before G3 , and J2 executed some
time after G3?
a) Yes
b) No
c) I don't know
8. - Suppose that all the tasks have been executed for a case.
Would it be possible that J3 was executed some time before I3, and K3 executed some time
after I3?
a) Yes
b) No
c) I don't know
9. - Is there any problem with this process (e.g. deadlocks, proper completion, etc.)?
a) Yes
b) No
c) I don't know
If you answered 'yes', can you explain briefly the problem?

10.- Please select the statement that is closest to your experience
a) The colors made it easier to understand the process model
b) The colors did not have any influence on my understanding of the process model
c) The colors made it more difficult to understand the process model
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MODEL B
1. - Can M1 and K2 both be executed for the same case?
a) Yes
b) No
c) I don't know
2. - If C1 is executed for a case, must G2 then always be executed for the same case?
a) Yes
b) No
c) I don't know
3.- If I2 is executed, how many times is B2 executed?
a) 0 or more times
b) exactly 1 time
c) 1 time or more
d) None of the above
e) I don't know
4. - Is it possible that A2, V1 and L2 are being executed in parallel (at the same time) for a
case?
a) Yes
b) No
c) I don't know
5. - Can O2 be executed before L1 for any case?
a) Yes
b) No
c) I don't know
6. - Can Q2 be executed more than once for the same case?
a) Yes
b) No
c) I don't know
7.- Suppose that all the tasks have been executed for a case.

76

Would it be possible that G2 was executed some time before K2, and O2 executed some
time after K2?
a) Yes
b) No
c) I don't know
8. - Suppose that all the tasks have been executed for a case.
Would it be possible that I1 was executed some time before C2, and I2 executed some time
after C2?
a) Yes
b) No
c) I don't know
9. - Is there any problem with this process (e.g. deadlocks, proper completion, etc.)?
a) Yes
b) No
c) I don't know
If you answered 'yes', can you explain briefly the problem?
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MODEL C
1. - Can Q1 and G1 both be executed for the same case?
a) Yes
b) No
c) I don't know
2. - Can T1 be executed before N1 for any case?
a) Yes
b) No
c) I don't know
3. - Is it possible that K1, Y1 and V1 are being executed in parallel (at the same time) for a
case?
a) Yes
b) No
c) I don't know
4. - If E2 is executed 2 times, how many times is V1 executed?
a) at least 1 time
b) exactly 2 times
c) 2 times or more
d) None of the above
e) I don't know
5. - Can Z1 be executed more than once for the same case?
a) Yes
b) No
c) I don't know
6. - If D2 is executed for a case, must J2 then always be executed for the same case?
a) Yes
b) No
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c) I don't know
7. - Suppose that all the tasks have been executed for a case.
Would it be possible that Y1 was executed some time before G2, and U1 executed some
time after G2?
a) Yes
b) No
c) I don't know
8. - Suppose that all the tasks have been executed for a case.
Would it be possible that J1 was executed some time before B2, and I2 executed some time
after B2?
a) Yes
b) No
c) I don't know
9. - Is there any problem with this process (e.g. deadlocks, proper completion, etc.)?
a) Yes
b) No
c) I don't know
If you answered 'yes', can you explain briefly the problem?
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MODEL D
1. - Can F1 and J1 both be executed for the same case?
a) Yes
b) No
c) I don't know
2. - If C1 is executed for a case, must N1 then always be executed for the same case?
a) Yes
b) No
c) I don't know
3. - If T1 is executed 2 times, how many times is Q1 executed?
a) 2 times or less
b) exactly 2 times
c) 2 times or more
d) None of the above
e) I don't know
4. - Is it possible that Y1 and D2 are being executed in parallel (at the same time) for a case?
a) Yes
b) No
c) I don't know
5.- Can E2 be executed more than once for the same case?
a) Yes
b) No
c) I don't know
6.- Suppose that all the tasks have been executed for a case.
Would it be possible that R1 was executed some time before T1, and O1 executed some
time after T1?
a) Yes
b) No
c) I don't know

80

7. - Suppose that all the tasks have been executed for a case.
Would it be possible that U1 was executed some time before X1, and B2 executed some
time after X1?
a) Yes
b) No
c) I don't know
8. - Suppose that all the tasks have been executed for a case.
Would it be possible that L2 was executed some time before K2, and M2 executed some
time after K2?
a) Yes
b) No
c) I don't know
9. - Is there any problem with this process (e.g. deadlocks, proper completion, etc.)?
a) Yes
b) No
c) I don't know
If you answered 'yes', can you explain briefly the problem?
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APPENDIX E: KOLMOGOROV-SMIMOV NORMALITY TEST
Tests of Normality – Hypothesis 1
MODEL A

Non-Experts Experts

Correct
Answers
Reaction
Time
Correct
Answers
Reaction
Time

Kolmogorov-Smirnova

Treatment

Statistic df

Sig.

Statistic df

Sig.

1.a

.258

18

.003

.208

19

.030

1.b
1.a

.196
.247

26
18

.012
.005

.177
.175

20
19

.102
.128

1.b

.317

26

.000

.238

20

.004

1.a

.243

13

.034

.181

13

.200*

1.b
1.a

.237
.257

13
13

.044
.019

.217
.244

16
13

.042
.033

1.b

.169

13

.200*

.157

16

.200*

Tests of Normality (Hypothesis 2)
MODEL A
Kolmogorov-Smirnova

Non-Experts Experts

Correct
Answers
Reaction
Time
Correct
Answers
Reaction
Time

MODEL B

Kolmogorov-Smirnov

MODEL B

Kolmogorov-Smirnova

Treatment

Statistic df

Sig.

Statistic

df

Sig.

2.a

.214

21

.013

.244

17

.008

2.b
2.a

.191
.177

26
21

.016
.083

.180
.110

20
17

.089
.200*

2.b

.317

26

.000

.238

20

.004

2.a

.234

15

.027

.263

14

.009

2.b
2.a

.237
.137

13
15

.044
.200*

.217
.134

16
14

.042
.200*

2.b

.169

13

.200*

.157

16

.200*

Tests of Normality (Hypothesis 3)
MODEL C
MODEL D

Non-Experts Experts

Correct
Answers
Reaction
Time
Correct
Answers
Reaction
Time

Kolmogorov-Smirnov

Kolmogorov-Smirnov

Treatment

Statistic df

Sig.

Statistic

df

Sig.

1

.308

18

.000

.211

26

.004

2
1

.226
.151

21
18

.006
.200*

.187
.139

27
26

.016
.200*

2

.225

21

.007

.181

27

.023

1

.258

12

.027

-

-

-

2
1

.322
.220

11
12

.002
.114

-

-

-

2

.173

11

.200*

-

-

-

The cells highlighted with gray indicate that the sample is not significantly different from
normal distribution. Most of the scores on the dependent variables are deviated from
normality.

82

APPENDIX F: DESCRIPTIVES STATISTICS HYPOTHESIS 1
MODEL A
Statistics
Correct
Answers

Treatment 1.a

MODEL B

Treatment 1.b

Treatment 1.a

Treatment 1.b

N

31

39

32

36

Mean

7.55

6.95

7.06

6.89

Median

8.00

7.00

7.00

7.00

Std. Deviation

1.261

1.297

1.243

1.410

Skewness

-.650

.100

-.125

-.051

Kurtosis

-.417

-.978

-.940

-.882

Reaction
Time

N

31

39

32

36

Mean

10.0425

10.2637

9.3349

10.4426

Median

8.6333

8.5500

8.8333

8.9834

Std. Deviation

6.05032

5.22096

4.44744

4.84279

Skewness

2.501

1.669

1.781

.699

Kurtosis

7.955

2.416

3.636

-.636

Descriptive Statistics for hypothesis 1 (without groups)

Descriptive Statistics - MODEL A
EXPERT GROUP
Statistics
N
Mean
Correct Median
Answers Std. Deviation
Skewness

Treatment 1.a

NON- EXPERT GROUP

Treatment 1.b

Treatment 1.a

Treatment 1.b

18

26

13

13

7.89

7.46

7.08

5.92

8.00

7.50

7.00

6.00

1.231

1.140

1.188

.954

-1.041

-.161

-.524

.854

0.289376

-.697

-.105

.221

18

26

13

13

9.8796

9.6231

10.2680

11.5449

8.7083

8.1917

7.9333

9.9167

4.45450

5.36402

7.95681

4.86906

Skewness

1.471

2.251

2.587

.694

Kurtosis

1.606

4.683

7.621

.224

Kurtosis
N
Mean
Reaction Median
Time
Std. Deviation

Descriptive Statistics – Hypothesis 1/Model A (groups)
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Descriptive Statistics - MODEL B
EXPERT GROUP
Statistics
Correct N

Time

Treatment 1.a

NON- EXPERT GROUP

Treatment 1.b

Treatment 1.a

Treatment 1.b

19

20

13

16

Mean

7.16

7.30

6.92

6.38

Median

7.00

7.50

7.00

6.50

Std. Deviation

1.344

1.525

1.115

1.088

Skewness

-.319

-.368

.174

-.522

Kurtosis

-.319

-1.287

-.430

.128

19

20

13

16

Mean

8.9649

9.9767

9.8756

11.0250

Median

8.7833

8.5000

8.8833

9.7583

N

Std. Deviation

3.95383

5.30291

5.20720

4.29556

Skewness

1.596

.903

1.916

.563

Kurtosis

4.264

-.627

3.644

-.025

Descriptive Statistics – Hypothesis 1/Model B (groups)
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APPENDIX G: DESCRIPTIVES STATISTICS HYPOTHESIS 2
Descriptive Statistics (without groups)
MODEL A
Statistics
Correct
Answers

N

Treatment 2.a

MODEL B

Treatment 2.b

Treatment 2.a

Treatment 2.b

36

39

31

36

Mean

7.22

7.03

6.84

6.89

Median

7.00

7.00

7.00

7.00

Std. Deviation

1.333

1.328

1.267

1.430

Skewness

-.126

-.120

-.622

-.105

-1.148

-1.032

.186

-.920

36

39

31

36

9.3565

10.2637

9.4048

10.4426

9.1500

8.5500

8.8500

8.9834

3.86685

5.22096

2.90288

4.84279

.643

1.669

.764

.699

-.495

2.416

.729

-.636

Kurtosis
Reaction N
Time
Mean
Median
Std. Deviation
Skewness
Kurtosis

Descriptive Statistics for hypothesis 2 (without groups)

Descriptive Statistics - MODEL A
EXPERT GROUP
Statistics
Correct
Answers

N

Treatment 2.a

NON- EXPERT GROUP

Treatment 2.b

Treatment 2.a

Treatment 2.b

21

26

15

13

Mean

7.86

7.58

6.33

5.92

Median

8.00

8.00

6.00

6.00

Std. Deviation

1.195

1.137

.976

.954

Skewness

-.864

-.647

.276

.854

.007

.257

-.646

.221

21

26

15

13

8.7325

9.6231

10.2300

11.5449

7.7833

8.1917

9.2833

9.9167

3.90062

5.36402

3.77418

4.86906

.739

2.251

.733

.694

-.440

4.683

-.258

.224

Kurtosis
Reaction N
Time
Mean
Median
Std. Deviation
Skewness
Kurtosis

Descriptive Statistics – Hypothesis 2/Model A (groups)
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Descriptive Statistics - MODEL B
EXPERT GROUP
Statistics
Correct
N
Answers Mean

Treatment 2.a

NON- EXPERT GROUP

Treatment 2.b

Treatment 2.a

Treatment 2.b

17

20

14

16

7.06

7.30

6.57

6.38

7.00

7.50

7.00

6.50

Std. Deviation

1.144

1.559

1.399

1.088

Skewness

-.128

-.465

-.860

-.522

.022

-1.205

-.304

.128

17

20

14

16

9.5147

9.9767

9.2714

11.0250

9.5500

8.5000

8.7250

9.7583

3.16428

5.30291

2.66235

4.29556

Skewness

.586

.903

1.172

.563

Kurtosis

.461

-.627

2.326

-.025

Median

Kurtosis
Reaction N
Time
Mean
Median
Std. Deviation

Descriptive Statistics – Hypothesis 2/Model B (groups)

86

APPENDIX H: DESCRIPTIVES STATISTICS HYPOTHESIS 3
Descriptive Statistics (All cases)

MODEL C
Statistics
N

Treatment 3.a

MODEL D

Treatment 3.b

Treatment 3.a

Treatment 3.b

32

30

31

29

7.00

7.07

6.81

7.52

7.00

7.00

7.00

8.00

1.626

1.437

1.470

1.299

Skewness

-.528

-.274

.021

-.671

Kurtosis

-.639

-1.264

-.668

.138

32

30

31

29

7.6694

7.2822

5.8917

5.7697

6.5416

6.6167

5.2500

5.3167

4.70991

3.84175

3.09021

2.20640

Skewness

1.836

2.161

1.871

1.153

Kurtosis

3.739

6.782

4.857

1.016

Mean
Median
Correct
Answers Std. Deviation

N
Mean
Reaction Median
Time
Std. Deviation

Descriptive Statistics for hypothesis 3 (without groups)
Descriptive - MODEL C
EXPERT GROUP
Statistics
N

Correct

Treatment 3.b

Treatment 3.a

Treatment 3.b

21

18

11

12

Mean

7.29

7.72

6.45

6.08

Median

8.00

8.00

7.00

6.00

1.793

1.274

1.128

1.084

Skewness

-.821

-1.138

-1.140

.323

Kurtosis

-.605

-1.14

1.164

-1.381

21

18

11

12

6.9333

6.3370

9.0746

8.7000

6.5333

6.4834

7.2500

6.7750

4.12576

2.06525

5.60487

5.35385

Skewness

2.330

-.048

1.401

1.542

Kurtosis

7.261

.922

2.324

2.565

Answers Std. Deviation

N
Mean
Reaction Median
Time

Treatment 3.a

NON- EXPERT GROUP

Std. Deviation

Descriptive Statistics – Hypothesis 3/Model C (groups)
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APPENDIX I: GRAPHICAL VISUALIZATION OF THE DATA – BOX PLOTS FOR
HYPOTHESIS 1

•

MODEL A

•

MODEL B
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APPENDIX J: GRAPHICAL VISUALIZATION OF THE DATA – BOX PLOTS FOR
HYPOTHESIS 2

•

MODEL A

•

MODEL B
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APPENDIX K: GRAPHICAL VISUALIZATION OF THE DATA – BOX PLOTS FOR
HYPOTHESIS 3

•

MODEL C

•

MODEL D
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