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Abstract

We present a predictive model of human behaviour when tracing paths through a node-link graph, a low-level
abstract task that feeds into many other visual data analysis tasks that require understanding topological
structure. We introduce the idea of a search set, namely, the set of paths that users are most likely to search,
as a useful intermediate level for analysis that lies between the global level of the full graph and the local
level of the shortest path between two nodes. We present potential practical applications of a predicted
search set in the design of visual encoding and interaction techniques for graphs. Our predictive model is
based on extensive qualitative analysis from an observational study, resulting in a detailed characterization of
common path-tracing behaviours. These include the conditions under which people stop following paths, the
likely directions for the first hop people follow, the tendency to revisit previously followed paths and the ten-
dency to mistakenly follow apparent paths in addition to true topological paths. The algorithmic implementa-
tion of our predictive model is robust to a broad range of parameter settings. We provide a preliminary
validation of the model through a hierarchical multiple regression analysis comparing graph readability fac-
tors computed on the predicted search set to factors computed at the global level and the local shortest path
solution. The tested factors included edge-edge crossings, node-edge crossings, path continuity and path
length. Our approach provides modest improvements for predictions of RT and error using search-set

factors.
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Introduction Our model is built around the concept of a search

set, which we propose as a way to capture an important
facet of human behaviour: it is the set of all paths that
a user follows while attempting to find the shortest
path between a source and goal node. The search set
provides a scope for analysis that lies in between the

We present a characterization of human behaviour dur-
ing the visual data analysis of graphs that are visually
encoded as nodes connected by edges. This characteri-
zation arises from an extensive qualitative analysis from
an observational study that focused on the low-level
task of tracing paths through the graph, a task abstrac-
tion that underlies the many higher level analysis tasks Department of Computer Science, University of British Columbia,
that entail understanding topological structure. In this  vancouver, BC, Canada
study, 12 participants completed path-tracing tasks by
demonstrating their search progress on a tablet. The Corresponding author: ) o
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global level of the entire graph and the local level of
the shortest path solution to the path-tracing problem.
Our model predicts this set of paths that participants
are most likely to search as ordered discrete groups of
paths that are equivalence classes, where within each
group all the paths are postulated to be equally likely
paths.

Much of the previous work on characterizing
human behaviour during the visual analysis of graphs
has been devoted to understanding what factors affect
the quality of the layout. Many factors have been pro-
posed, such as the number of edge—edge crossings,
the total curvature of edge bends and the total area of
the drawing. Earlier works'™ simply proposed fac-
tors and then immediately incorporated them into
optimization-based layout algorithms. The factors
were considered as constraints to minimize or maxi-
mize, and thus a major emphasis was on factors that
are amenable to automatic computation. Subsequent
works®>'? have since begun to determine graph read-
ability — whether and how properties of graph layouts,
including these longstanding factors and more
recently proposed ones, directly affect human graph-
reading behaviour and their understanding of graph
structure in the context of specific tasks. This initial
work has yielded some intriguing preliminary results,
but the characterization of human behaviour during
the visual analysis of graphs is far from complete.

The search-set concept can be applied to this qual-
ity assessment problem by calculating these factors on
only the subsets of the graph encountered during a
specific tracing task; we hypothesized that accounting
for the paths most relevant to the user’s search would
improve upon previous work that has measured factors
across the entire graph globally or on the solution path
locally. As a demonstration of this application of the
search set and as a preliminary validation of our pre-
dictive model, we conducted a careful comparison of
graph readability factors through a hierarchical multi-
ple regression analysis. Our results show a modest
benefit of measuring factors on the search set over pre-
vious work.

Our work has two primary contributions: (1) a
detailed characterization of path-tracing behaviours
based on observational data of human subjects and (2)
a predictive model of the search set. We also provide
two secondary contributions: (3) the introduction of
the concept of the search set itself, as an intermediate
level for behavioural analysis that lies between the full
global graph and the narrow solution path considered
in some previous work and (4) a multiple regression
analysis that provides preliminary support for the pre-
dictive model. A more detailed articulation of each of

these contributions is provided in section ‘Discussion
and future work’.

This article begins with motivation, background
and the research questions that guided our work. We
continue with the related work on observation of
human graph-reading behaviour and evaluating factors
for graph readability. Next, we describe our user study,
which included observation of users completing a
path-tracing task. For clarity, we present our analysis
in three separate sections. First, we present our quali-
tative analysis approach and provide descriptions of
common human path-tracing behaviours that we iden-
tified. Second, we discuss our predictive behavioural
model for the search set. Third, we conduct a prelimi-
nary validation of our search-set model by comparing
the effectiveness of measuring factors at the solution-
path, search-set and global levels for predicting path-
tracing difficulty. We conclude with a discussion of the
implications of our findings regarding human path-
tracing behaviour and the search-set concept, the
value of our methodology for untangling the impor-
tance of different graph readability factors, the practi-
cal applications of a predictive model of the search set
in terms of implications for the design of visual encod-
ing and interaction techniques for graphs, the limita-
tions of our study and analyses, and our plans for
future work.

Motivation and background

We first discuss six considerations that motivated this
work: why characterizing behaviour benefits the infor-
mation visualization community, why path tracing is
an interesting abstract task to study, why we conjecture
that the search set would be a useful scope to investi-
gate, what behaviours have already been identified,
how a predictive search-set model could be used in
practice and why to analyse with multiple regression.

Why characterize behaviour?

Characterizing human behaviour during visual data
analysis is the underlying goal of most experimental
work in visualization. This characterization is useful in
its own right as a theoretical foundation to visualiza-
tion knowledge.'? It directly informs the subsequent
use of the exact techniques for visual encoding and
interaction that are studied.!* More broadly, this kind
of empirical work often spurs the design of new tech-
niques'>'® and supports the development and refine-
ment of quantitative metrics for the quality of a visual
encoding that better corresponds to human judge-
ments of its utility.'**”
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Why path tracing?

The abstract task'® of path tracing is a canonical low-
level task that serves as a building block for the many
high-level tasks that involve understanding topological
structure of graphs.'® Path tracing has been widely
studied”*11:29-2% pecause it underlies many real-world
use cases for visual data analysis with graphs.'®?%%7 A
concrete example is a medical investigator generating a
hypothesis about disease transmission in a graph in
which nodes represent people and edges represent
known contact between them and who is checking
whether a short path exists between one infected indi-
vidual and another.

The low-level task of path-tracing tasks for graphs
laid out as node-link diagrams is similar in spirit to the
low-level task of quantity judgement for tabular data.
Many experiments to characterize the accuracy of
length, angle and area judgements have been con-
ducted for table layout techniques such as bar charts
and line graphs,'>?® scatterplots®® and horizon
charts;'* in contrast, graph techniques are less well
characterized.

Why introduce a search set?

The common evaluation of factors for laying out a
graph is global, that is, one or more factors would be
measured across the entire graph. Recent work sug-
gests that for path-tracing tasks, a local approach is
better. Ware et al.>> investigated the effect of factors
measured along the solution path, that is, the specific
path that is the correct solution for a specific path-
tracing problem. They showed that this approach was
effective in predicting path-tracing difficulty and found
no additional benefit from including globally mea-
sured factors. The intuition behind this result is that
global measurements take into account too much of
the graph: a graph that scores poorly globally for a set
of factors may nevertheless have paths that are easy to
trace in regions of minimal clutter.

However, just as global measurement may consider
too much of the graph, we suspect that measuring local
factors only on the solution path does not take enough
of the graph into account. We propose that an even
better solution lies between these two extremes,
where the full subset of the graph that is relevant for
the task at hand is considered; we name this subset
the search ser. Specifically, we hypothesize that the
prediction of path-tracing difficulty can be improved
by accounting for the impact of important factors on
the search set: in this case, all the paths that a user
follows during the tracing task before encountering
the solution. Our logic is that if crossings on the

solution path slow a user down, then so should other
crossings on paths investigated before the solution
path is found.

Search-set factors may also be more broadly
applicable than solution-path factors because some
instances of path-tracing tasks do not have solutions.
In a disconnected graph, for example, a solution path
between two points may not exist, but it is possible to
calculate a set of paths that a user is likely to follow
while making that determination.

What behaviours are already identified?

A previous study from Huang et al.” identified the geo-
desic tendency, that is, when attempting to trace a path
from a source node to a goal node, people have a ten-
dency to follow the branch that is the closest-to-geodesic
from the current node to the goal. A geodesic is the geo-
metric straight line between two points. Figure 1 shows
an example: users looking for the path from A to G
would likely start by following the series of closest-to-
geodesic branches from A to B to C to D. They would
next deviate from the closest-to-geodesic and follow A
to E, before returning to following the closest-to-geo-
desic branches from E to F to G. In this case, the solu-
tion path was the second path explored.

Our initial investigations showed us that the geode-
sic tendency concept is a clear step in the right direc-
tion but lacks sufficient predictive power for a
complete model of human behaviour characterization.
We noted that a corollary of the geodesic tendency is
that certain paths are unlikely to be followed, either

Figure 1. When tracing a path from A to G, the geodesic
tendency predicts that a user would first follow the
incorrect path A-B-C-D that is closer to the straight line
between A and G, before following the solution-path A-E-
F-G.

Redrawn from Huang et al.”
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because they are not on a closest-to-geodesic branch
or because they would naturally fall after the solution
path in an exploration sequence. For example, in
Figure 1, A-E-F-H would not be followed because
the solution-path A—-E-F-G is already found. Our def-
inition of the search set is exactly the likely set of paths
that a person would search along the way to finding
the solution path. In this case, the set is the paths A—
B-C-D and A-E-F-G.

What are the uses of a predictive search-set
model?

A predictive search-set model could be used for factor
measurement, for general salience measurement, for
interaction techniques that dynamically adjust layouts
and for static layout algorithms.

Factor measurement. Our original motivation for
developing a predictive model of path tracing was to
predict the difficulty in path tracing in the context of
experimental design. We noted this open problem
when designing a controlled experiment to investigate
different visual encoding techniques for graphs and
found no reliable way to control for or measure path-
tracing difficulty, despite the significant previous work
on graph readability factors; it was a confounding vari-
able that distorted our experimental results. Our pre-
liminary validation of the model addresses exactly this
application.

Salience measurement. A predictive model provides a
salience measure for an edge that is targeted with
respect to a specific query of two nodes. Given a lay-
out of the entire graph and the two specific nodes as
input, a predictive model of the search set provides an
ordered list of paths (or sets of equivalence classes of
paths) as output. The ranking of a particular path
against that set can be checked: does it appear early in
the list, late in the list or not at all? This list can then
be used as a black box by any visual encoding or inter-
action technique that takes a path or an edge as input
and provides a rank as output.

Jénicke and Chen®® discuss many uses of visual sal-
ience within a general comparison framework. They
proposed an image-space salience metric that is guided
by observations of low-level human visual perception
but is agnostic to the data type. A predictive search-set
model offers an alternative way to gauge the salience
that is informed by human behaviour and dataset
semantics in terms of topological structure, in addition
to the geometric layout of the visual encoding. Search-
set salience can be used in all the applications that they
propose and also as a core primitive for graph layout

in any context that requires measuring layout quality
or changing a layout with respect to a subset rather
than all the graphs.

Interaction techniques. Interaction approaches that
rearrange a subset of the nodes, such as the bring-and-
go’! technique, typically minimize the cognitive
impact of disruption on an original layout by main-
taining spatial consistency; search-set salience could
guide the movement to be aligned with behavioural
tendencies. Search-set salience might also support
new techniques that affect a larger portion of the
graph by suggesting relatively subtle local changes
rather than extreme rearrangements.

It could also be useful for permanent rearrange-
ment. For example, if the user interactively indicates
that a small set of nodes are important to emphasize,
the graph could be rearranged so that paths between
them are easier to follow according to the model’s pre-
diction. A search-set model could also guide prioritiz-
ing specific paths deemed to be important according
to characterized behaviours, for example, the predicted
direction of the first hop in the path.

Static layout. Layout techniques that measure the
quality of multiple layout alternatives and choose the
best result, as with Design Galleries,*® could use
search-set salience as a black box. Search-set salience
provides interesting possibilities in guiding multilevel
layout techniques that achieve speed and quality
improvements with multi-pass approaches that act on
subsets of the nodes separately, such as incremental
refinement from coarse to fine levels of a compound
graph hierarchy.?®> Search-set salience would support
subsets that are not spatially localized to a contiguous
geometric region because it is based on topology. It
could also be used to develop new global post-
processing layout improvement techniques in a similar
spirit to node overlap removal.** A novel family of
two-pass layout approaches could optimize for search-
set salience as a second pass with respect to a small set
of important nodes or edges identified in a first pass
using an appropriate importance measure>> such as a
centrality metric for social network analysis.>®

Why use multiple regression?

Evaluative studies of factors affecting graph readability
have predominantly relied on significance testing to
conclude that a factor is important or not. A handful
of studies have further attempted to create priority lists
of factors based on their relative importance, but these
have largely been based on significance testing®!*” or
human judgements.?®>° Such approaches are limited
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in their ability to untangle how different factors inter-
act,’ and the magnitude of the effects is rarely
reported. In their study of factors on the solution path,
Ware et al.?” introduced the use of multiple regression
for evaluating the impact of factors on task difficulty
and argued for its further use in evaluation of graph
readability factors. Multiple regression inherently pro-
vides a measure of effect size and has the additional
benefit of assigning quantitative weights to factors,
which can be useful when considering the importance
of one factor over another.

To our knowledge, only one other study, by Huang
and Huang,® has used multiple regression for untan-
gling the relative contributions of factors: they exam-
ine the relative impact of global edge—edge crossings
and global crossing angles on four different measures
of task difficulty. We differ from previous work in our
focus on the incremental validity of these factors.
Incremental validiry is a concept from clinical psychol-
ogy that focuses on ‘the degree to which a measure
explains or predicts a phenomenon of interest, relative
to other measures’*! and on the utility of variables in
terms of cost and efficiency.** Although the term incre-
mental typically has negative connotations in discus-
sions of research contributions, we note that here it is
being used in a specific technical sense of determining
whether useful information has been added beyond
what is already available. In particular, we show that
factors measured on the search set show modest
improvements over what can be explained with previ-
ously studied factors measured on the solution-path
and global levels.

Related work

We discuss the previous work most closely related to
the behavioural analysis that we conducted to build
our predictive model and to the factor-based analysis
that we use to validate it.

Descriptions of human graph-reading
behaviour

Our work is situated within two veins of evaluative
studies that have looked to human behaviour to assess
and explain graph readability: studies using eye track-
ing to gather data while humans read graphs and stud-
ies focused on human behaviour when manually
arranging graphs,>7+11:12:24:25:43:44

Several studies have used eye tracking towards the
goal of understanding and describing how users actu-
ally read graphs. Pohl et al.® found that force-directed
layout outperformed orthogonal and hierarchical lay-
out on a set of five tasks, one of which was identifying

a path between two points. For each task, the authors
used eye-tracking data to briefly explain their results in
terms of observed behaviours, but did not dig into
untangling the relationship between behaviours and
the characteristics of the different layout styles. Burch
et al.” similarly used eye tracking to study visual explo-
ration behaviours of participants when solving a typical
hierarchy exploration task in traditional, orthogonal
and radial hierarchical layouts. Their results are also
primarily descriptive, and the authors are only able to
make limited recommendations for layout creation
based on their findings.

Huang et al.”?® used eye tracking to study users
completing path-tracing tasks, with the goal of actually
observing the effect of edge—edge crossings on the
user’s gaze. This work is most similar to our own in
terms of goals: they identify and provide evidence for
the existence of a specific behavioural tendency, the
geodesic tendency, which strongly affects path tracing.
We build on the observational approaches just
described to complete a deeper study and characteri-
zation of human graph-reading behaviours through a
full model of path tracing, where the geodesic ten-
dency is clarified and extended in the context of addi-
tional tendencies, and show that it is possible to
predict a set of paths that a group of users is likely to
follow.

From a detailed analysis of eye-tracking data,
Korner®?* developed a sequential model of graph
comprehension and examined the impact of factors at
its different stages. This cognitive model is intended to
disambiguate between potential underlying mechan-
isms of visual cognition within a high-level framework.
In contrast, our work provides a behaviour-based
model specific enough to be used for measuring fac-
tors, and we do not attempt to provide any explana-
tions for the cognitive mechanisms.

In contrast to this work using eye tracking, we asked
users to illustrate their search progress and demon-
strate their thinking by tracing their paths on a tablet.
This approach follows a second vein of observational
studies where users were asked to manually generate or
arrange graphs, and then their behaviour and the
resulting graphs were analysed to reveal what factors
and criteria they used.''%*>%* When tasked with cre-
ating understandable graphs, the participants in one
study by Purchase et al.** favoured minimizing edge
crossings and maximizing orthogonality. Van Ham and
Rogowitz'? asked users to create layouts that best rep-
resented the structure of a dataset with distinct clusters
found that users also sought to minimize edge cross-
ings and also tended to create distinct convex hulls to
delineate clusters as distinct perceptual groups. Our
work is similar in its emphasis on behavioural analysis
through observation of user process and interaction
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with graphs. While this previous work led to a refined
understanding of the impact of existing factors, the
described behaviours are primarily about graph cre-
ation tasks and do not attempt to model the behaviours
exhibited in completing tasks that require reading the
graphs.

Evaluation of factors for graph layouts

Many studies have sought to evaluate the impact of
factors on human understanding of graphs. Factors
studied include edge bends,”®?! edge length,'*??

o 11,21,44 s 21,37

orthogonality, angular node resolution,*'??
. 4 Lo 12

edge crossing angles,>*’ clustering,'> node spac-

11,37 11

ing,''*” edge stress and edge-edge cross-

ings % 11:12:21,23,:24.37:44 Nfqre recent studies explored
the effects of visual features on memorability*® and on
mental map preservation using dynamic layouts.*’
However, many factors that are commonly incorpo-
rated into layout algorithms remain unexamined by
controlled experiments. One such factor is node—edge
crossings, which we evaluate for the first time in our
analysis.

Impacts of layout style and factors on task
performance. Some previous work has shown that
some factors may have a varying impact depending on
the task that a user must perform with a graph.
Purchase?! used a shortest path identification task, as
well as two tasks related to graph connectivity, in a
study that concluded that edge—edge crossings are the
most important factor. However, in a study of factors
impacting sociogram use, Huang et al.>’ concluded
that edge—edge crossings are only important for path-
tracing tasks. Similarly, in his study of eye movements,
Korner** found evidence that edge—edge crossings
have no impact during ‘search’ tasks, but do have sig-
nificant impact during the ‘comprehension’ tasks that
involve considering the edges between nodes.
Conversely, Dwyer et al."' found no effect of edge—
edge crossings on either path-tracing or connectivity
tasks. These analyses focus on global layout and do
not discuss trade-offs or implications of factors. In our
study, we focus specifically on untangling the factors
that affect path-tracing task difficulty. We find that the
concept of search set may shed some light on the
underlying reasons for the mixed results in previous
work, as covered in section ‘Discussion and future
work’.

Measuring factors at local, search-set and global
levels. The prior studies that we have discussed thus
far have all focused on globally measured factors, with
only one exception; Ware et al.?’ studied factors

measured on the solution path. In exploring the effec-
tiveness of factors for predicting response time (RT)
in a shortest path identification task, they identified a
new factor of path continuity and found significant
effects of solution-path length, path continuity, total
and average line length of the path, total branches on
the path, average crossing angle on the path and total
edge—edge crossings on the path. Furthermore, they
showed that with only four of these factors — solution-
path length, continuity, edge—edge crossings and
branches — they could account for 78.4% of the var-
iance of RT in their study, and they identified path
length and continuity as having the largest contribu-
tions. A crucial finding was that the globally measured
edge—edge crossings did not account for any additional
variance on top of the solution-path factors. To our
knowledge, only one other study® compares the effect
of graph readability factors measured locally in addi-
tion to globally on RT. We are the first to do so for
error. Our study is also the first investigation of factors
for either time or error at three different levels: we
introduce the search-set level in addition to the global
and solution-path levels.

Untangling factor importance across measures. In
examining different tasks, the most common measure
of graph readability used in previous work has been
RT. Some studies have also examined the relationships
of factors to measures such as error, user preference
and (less commonly) cognitive load.*® While previous
work has recognized that, for example, the factors that
make a task take longer do not necessarily correspond
to those that increase the likelihood of error, little work
has examined the relative difference in factor impor-
tance for different measures of difficulty. In our later
discussion, we provide a nuanced discussion of the
ways that several factors affect RT and error in varying
ways.

User study design

We collected data through a laboratory-based observa-
tional user study with 12 participants, who were asked
to complete 144 unique path-tracing trials over two
sessions, while using a Wacom Cintiq tablet to demon-
strate the paths that they followed.

Research questions

Our study design was guided by a set of initial ques-
tions about the plausibility of the search-set concept
and its use as a basis for measuring factors that impact
path-tracing difficulty: (Ql) can we identify distinct
path-tracing behaviours and evidence of the search
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set? (Q2) how common are these path-tracing beha-
viours? (Q3) can we predict the search set based on
observed path-tracing behaviours? and (Q4) how
much improvement over previous work is gained by
calculating factors for graph layout on a predicted
search set? To answer these questions, we performed
an extensive analysis, which we present in multiple
parts in subsequent sections. We answered Q1 and Q2
through observation and characterization of path-
tracing behaviours. We then explored Q3 by incorpor-
ating these observed behaviours into the development
of a simple predictive behavioural model for the search
set. Finally, we focused on answering Q4 through a
hierarchical multiple regression analysis to compare
factors measured on the solution-path, search-set and
global levels.

Our intention to observe and characterize path-
tracing behaviours to explore the search-set concept
guided our choice of a tablet interface for recording
the participants’ search process. The study was predo-
minantly designed to support the planned hierarchical
multiple regression presented later, which influenced
the design of the task, the graphs used, the procedure
and the number of trials.

Piloting and rationale

In designing the study, we were particularly concerned
with how easily users would be able to physically trace
their search process, in tuning the difficulty of the
experimental task and in ensuring that the interface
was useable without interaction.

We began by piloting the study with six participants
recruited from the authors’ department, who were
available for extensive piloting but who had little previ-
ous knowledge of the research project. The sessions
lasted about 30 min. Participants were tasked with
finding the shortest path (of length 2—5 hops) between
two nodes in graphs printed out on paper. The graphs
had n = 50, 75 or 100 nodes (where the number of
edges = 2n, as dictated by the Watts—Strogatz model
described later in this section). During the task, parti-
cipants were asked to trace their search progress by
pointing at the nodes that they considered with a
capped pen. One of the authors observed participants
during the session and also videotaped the pen move-
ments from above for later review. For the final design
of the observational sessions, we chose to display the
graphs on an interactive tablet screen in order to sup-
port data logging for later analysis.

Physically tracing versus eye tracking. One goal of
piloting was to investigate whether having users physi-
cally trace their search process would allow us to

adequately capture the paths that users directly rea-
soned about during that process; we concluded that
this design would indeed suffice for the exploratory
nature of our investigation.

Although eye tracking has been widely used in pre-
vious work, it entails high-overhead analysis for tar-
geted questions; our goal was to analyse low-level data
quickly to focus on broader considerations in later
analysis phases. Moreover, it was important for our
study that we be able to identify exact nodes that users
were considering in very dense regions of the graph.
We were concerned that that eye tracking would not
guarantee sufficient resolution because of limitations
of precision of both the data that can be collected and
of the common methods for visualizing the data: heat
maps, for example, cannot show progression of paths
over time, and gaze plots often suffer from overplot-
ting.*® Furthermore, we wanted to generate a dataset
that could eventually be analysed statistically as part of
our model development and validation, which meant
that we needed records of paths that could be com-
pared to the predicted paths our model would pro-
duce. While there are methods and algorithms for
extracting and comparing scanpaths, it would have
required considerable extra development and analysis
effort in order to match the eye-gaze data to predicted
paths. In contrast, having participants point directly at
nodes on the tablet allowed us to capture exactly
which nodes they were considering and store the paths
directly — we were then able to both visualize these
data in time series plots and use these data for com-
parison against the output of our predictive model,
with minimal massaging or transformation required.

We observed from the pilot sessions that, with a
small amount of practice, participants became accus-
tomed to moving the pen at the same time that they
were searching, and this tracing functioned much as a
think-aloud observation equivalent. We did not
observe any problems arising from occlusion of the
screen by the participants’ hand, but we did note that
participants did not always hover over nodes that they
could reason about with their peripheral vision. The
inability to pick up peripheral vision is also a known
constraint of eye tracking.’®

Tuning task difficulty. Another goal of piloting was to
tune the difficulty in our experimental task. Because
we were interested in overall path-tracing behaviour,
we wanted to have a combination of trials that would
span the range of difficulty from easy to hard — but not
impossible — to achieve a good mix of both success and
failure cases to study. In real life, if a task is impossible,
users will simply give up, a tendency that can confound
controlled experiments. Ware and Bobrow”' report an
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example in which the difficult tasks were too difficult
and had shorter times than the easier tasks because the
users gave up.

In our piloting, we found that 5-hop paths were
often too difficult for the graph sizes and density we
used — our participants frequently gave up without
completing the task and often became discouraged.
Thus, for the final design of the observational session,
we chose to use 2-, 3- and 4-hop paths only, with
4 hops being the maximum that we felt users could
reasonably complete without any additional technique
support.

We found that a graph size of 75 nodes and 150
edges reliably produced trials in the target range of dif-
ficulty. While this size may appear small compared to
many real-world datasets, our experiments with larger
graphs of up to 100 and 200 edges resulted in trials
that were too difficult. We carefully tuned the com-
plexity of the visual appearance to approximate the
information density of complex situations while still
allowing for controlled experimentation, and we suc-
ceeded in surpassing the 42-node size used by the pre-
vious study of local path tracing.?> A major constraint
on graph size was the size of tablet screen — nodes had
to be large enough to be easily acquired with the tablet
pen.

Finally, we also noted that a subset of our pilot par-
ticipants would search for a long time (up to 5 min)
before giving up, and their search behaviour became
less consistent and more chaotic over time. In the final
experiment, we capped search time at 90 s. This cap
ensured that the experiment could be finished within
reasonable length of time and that we would be cap-
turing common behaviours in a realistic situation.

Avoiding interaction. Our final goal was to ensure that
the interface was usable for the tracing task without
any scaffolding in the form of interactive techniques.
Many interactive techniques are used in practice for
highlighting, navigation and rearrangement. Examples
include simple colour highlighting of the segment
underneath the cursor (the combination of an edge
and the two nodes that it attaches to), highlighting
using alternate channels such as oscillating motion,”’
highlighting larger topologically connected sets such
as all 1-hop neighbours of a node,’® more elaborate
interaction techniques such as bring-and-go’! that
rearrange the layout temporarily, navigation support
for zooming and panning and allowing users to manu-
ally rearrange nodes and edges to disambiguate occlu-
sion. This experiment is designed to understand what
humans do in the static case, which we consider to be
the natural baseline. As we argue above, one possible
use of a predictive model is exactly to determine when

/_

Figure 2. Example of a halo drawn around a node to
support identification of node-edge crossings. The near-
horizontal edge crosses the node. The four other edges,
which pass through the halo, connect to the node.

these scaffolding techniques are necessary and when
they could be dispensed with, either globally or locally.
Moreover, many of these techniques would introduce
a confounding effect of interaction time.

We observed that participants struggled with node—
edge crossing ambiguities to the point where the task
was too difficult. To provide purely static support for
resolving node—edge crossing ambiguities, in the final
version of the interface each node was drawn with a
small white halo around it, as shown in Figure 2: edges
terminating at that node would pass on top of the halo
and connect directly to the node, but unconnected
crossing edges were drawn underneath the halo, result-
ing in a small gap between the edge and the node.

Participants

We recruited 12 participants using flyers posted on cam-
pus (four female, aged 20-33 years, M = 23.4 years).
All were students with normal or corrected-to-normal
vision and regular colour vision. They each received
CAD#$10 per hour of participation and a bonus CAD$5
for returning to complete both sessions.

Task

We used a shortest path identification task. In each
experimental trial, participants were shown a graph
with a source and a goal node coloured red and blue,
respectively, and were asked to find the shortest path
through the graph from the red node to the blue node.
The remaining nodes were coloured black.
Participants were told explicitly that the path would
always be 2, 3 or 4 hops in length. Participants were
also asked to complete the task as fast as they could
while also trying to avoid making unnecessary errors.
While searching for the path, participants were
asked to use the tablet pen to hover over the nodes in
the paths that they considered. Nodes became high-
lighted when hovered over by the tablet pen. Figure 3
shows an example of a graph displayed on the tablet.
Each trial consisted of two phases. In the search
phase, participants were given a maximum of 90 s to
find the shortest path and then press a button labelled
FOUND IT! located on the side of the screen. In the
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Figure 3. Example of the user study interface. Graphs
were displayed on a Wacom Cintiq tablet screen, and
participants hovered over nodes with the pen to
demonstrate their search process as they completed the
study task. The FOUND IT! and OK buttons are indicated
with the pink labels and are present on both sides of the
screen.

answer phase, participants were given 20 s to demon-
strate the path that they had found by selecting each
node in the path with the tablet pen and then press
OK to submit their answer. To select or deselect a
node, participants were required to hover over it and
then press a button on the side of the pen. Time
remaining in each phase was displayed on the top of
the screen, and the colour of the node highlighting
changed depending on the phase: orange highlighting
for the search phase and green highlighting for the
answer phase. If participants ran out of time in the
answer phase, the nodes selected at the time-out point
were automatically taken as the participant’s answer.

Participants were asked to limit their search for the
answer to the search phase. During piloting, we noted
that participants sometimes realized during the answer
phase that they had not actually found the correct
answer and sometimes felt pressured to keep trying to
find it although the search phase was over. To address
this issue in the actual experiment, we told study parti-
cipants during training that we wanted to know about
such mistakes and instructed them to select the nodes
they had originally thought made up the answer if this
occurred. Finally, each trial concluded by showing
participants the correct answer to the trial, before
prompting them to begin the next trial.

Dataset and graphs

We generated 144 graphs for use in the user study and
subsequent analysis. We also generated an additional
nine practice graphs, which were only used for practice
by participants and were not included in later analysis.

Sample size. The sample size of 144 graphs was delib-
erately chosen to provide enough graphs to create two

discrete subsets, a training set (24 graphs) and a vali-
dation set (120 graphs). Set sizes were determined by
a power analysis (described later). The size of each set
was determined by the needs of our planned analysis
evaluation, as well as a maximum number of trials that
we could expect participants to complete in a single
session. These sets are used in two separate stages of
analysis:

e A qualitative analysis of human path-tracing beha-
viours and development of a predictive model;

e A regression analysis that acts as an example appli-
cation of the search set and as validation of the pre-
dictive model.

This type of approach, using a training set and a dis-
joint validation set, is commonly used in the machine
learning communities for model selection and valida-
tion®? and was intended to support testing whether or
not the model derived from the training set generalized
to the validation set.

Graph generation. To support both reproducibility
and analysis, we generated the graphs and layouts in
advance of the experiment. We used the Watts—
Strogatz model’* to create graphs with small-world
properties, following the argument of Auber et al.’”
and others that these represent realistic models of net-
works from many application domains. The Watts—
Strogatz algorithm parameters were tuned during pre-
piloting experimentation; we used degree-4 edges in
the initial circle lattice and a 15% probability of ran-
dom reattachment. We selected a graph size of 75
nodes and 150 edges as the best balance between den-
sity and difficulty from those tested in piloting, as dis-
cussed above; this edge density ratio of 2 falls well
within the limits discussed by Melancon® for synth-
esis of realistic graphs.

We then laid out the graphs by running the force-
directed placement included in the Prefuse toolkit for
5 s to lay out each graph and saved only graphs with
an aspect ratio of 0.8-1.12 to ensure that nodes would
appear at a similar size on the screen. We use a layout
with straight edges because this representation is by far
the most common in real-world applications.

A unique shortest path was selected for each graph.
To generate the paths, each of the graphs was ran-
domly assigned a source node, and then breadth-first
search was performed to assign a goal node to create a
single shortest path of 2, 3 or 4 hops. An equal num-
ber of graphs for each of these solution-path lengths
were generated. The coordinates of the pre-generated
laid-out graphs, along with the assigned solutions,
were stored as XML files for later use.
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Interface

The Cintiq tablet was inclined to a slight angle, about
25° from the horizontal. The OK and FOUND IT!
input buttons used in the task appeared on both sides
of the screen to support both left-handed and right-
handed users. These buttons were configured to accept
input only during the relevant stages of the trial to
reduce the incidence of mistakes.

Apparatus

The experiment was conducted on a Wacom Cintiq
12WX direct input pen tablet, which featured a 12"
screen and was connected to a 13” 2.7 GHz Intel
Core i7 MacBook Pro with 8 GB of RAM and Mac
OS X Lion 10.7.2. The experiment software was
coded in Java using the Prefuse toolkit.””

For each trial, the system recorded a log of the par-
ticipants’ pen movements, the graph nodes that had
been hovered over (computed as any intersection
between the cursor position and the node geometry),
the task completion time and the final answer.

Procedure

The total experiment length was over 2 h and thus
was split across two sessions to avoid participant fati-
gue. The first session took between 1 and 1.5 h, and
the second session took ~1 h. Participants were able to
complete the experiment on the same day, but were
required to wait a minimum of 1 h between sessions.

In the first session, participants were asked to con-
firm whether at this time they had normal or cor-
rected-to-normal vision and regular colour vision, and
then completed a brief questionnaire on their back-
ground. The experimenter demonstrated the tablet
and the task, and then walked the participant through
a series of steps to configure the tablet. The tablet was
configured to use the participant’s dominant hand.
Participants then completed the built-in calibration
utility until both the experimenter and the participant
were satisfied with the pen tip cursor alignment. When
returning for the second session, participants repeated
the tablet configuration and were reminded of all
instructions. Before starting experimental trials, parti-
cipants completed an equal number of practice trials
of each possible solution-path length — six practice
trials in the first session (two of each length) and three
in the second session (one of each length) — and the
experimenter provided feedback to ensure they under-
stood the task.

For each trial, participants completed the task with
lof the 144 pre-generated graphs. The presentation
order of the graphs was randomized across both ses-
sions, while the practice graphs were shown in the

same order. Participants completed six blocks of 12
trials at a time, for a total of 72 trials per session.
Between each block, participants were required to take
a 1-min break. Each session contained an equal num-
ber of graphs with each possible solution-path length —
24 each of the 2-, 3- and 4-hop graphs — but these
were not controlled for within blocks. The use of
blocks in the experiment was only to ensure that parti-
cipants took consistent breaks.

After each session, the participants rated the task on
a Likert scale from 1 (low) to 7 (high) according to the
overall difficulty and the mental and physical effort
required. A post-experiment interview followed the sec-
ond session. The Likert scale data did not reveal any
interesting trends and thus did not factor into our anal-
yses; we do not report on it any further in this article.

Qualitative analysis of path-tracing
behaviours

The focus of the first part of our analysis for the user
study pertains to our first two questions concerning
the search-set concept: (Ql) can we identify distinct
path-tracing behaviours? and (Q2) how common are
these path-tracing behaviours?

We began with a preliminary analysis of the nodes
hovered over by participants during the study trials
and visualized those data to explore what each partici-
pant’s search set looked like. This early exploration
motivated the central qualitative analysis described
below. First, we manually identified and described
paths from the hovered-over nodes in a subset of the
study trials. From that analysis, we characterized a
number of common path-tracing behaviours. Once we
were able to describe how participants traced paths,
we could then develop a predictive behaviour model of
the search set.

Preliminary node-based analysis of search set

We began with a preliminary analysis of the data col-
lected, focusing on the overlap between the total set of
nodes that each participant hovered over at least once
during the trial for each of the 144 graphs.

The success rate of the user study trials was low.
On average, participants successfully completed
58.7% of the trials (standard deviation (SD) = 11.7%,
min = 34.7%, max = 79.2%). Not surprisingly, the
success rate decreased substantially as the length of
the path became longer. The 2-hop paths had a 76.2%
success rate (SD = 8.4%, mun = 62.5%, max =
91.7%), the 3-hop paths had a 60.8% success rate
(SD = 13.1%, min = 35.4%, max = 79.2%) and the
4-hop paths had a 32.8% success rate (SD = 17.3%,
min = 6.3%, max = 68.8%). We felt that this level was
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appropriate for our study, given our desire to analyse
both successful and unsuccessful attempts, and repre-
sented a diverse range of cases from easy to hard.

On average, only 6.1% of the nodes for a given
graph that were hovered over by at least one partici-
pant were also hovered over by the 11 other partici-
pants (min = 0%, max = 25%), and these often
included the nodes on the correct path for the trial.
While we had expected to see some individual variabil-
ity, we were nevertheless surprised by the extent of this
apparent lack of overall commonality, given the previ-
ous work on geodesic tendency, and so we chose to
dig deeper into the question of what behaviours dic-
tated participants’ search patterns.

Visualization of node hover overlap. We generated a
number of visualizations of the node hover data to

further explore how the overlap varied. In this section,
we present views from one of the visualizations that we
created. Additional details about these views, and all
the visualizations developed for this analysis, can be
found in Supplementary Material.

The visualization we discuss here shows a graph and
all the nodes that were hovered over by participants for
the corresponding experimental trials. The visualiza-
tion included 12 small-multiple views, each of which
displayed the nodes hovered over by a single partici-
pant in the trial. The graph for a trial was laid out as in
the experiment, with the nodes in each small multiple
coloured according to whether or not they had been
hovered over by that particular participant, as shown
in Figure 4. A different view, shown in Figure 5, aggre-
gated the hovers of all participants onto a single view
of the graph, with the frequency of hovers encoded in
greyscale.

P1 (P2

P3 Cpa——

Figure 4. Example of small-multiple visualizations of all the hovered-over nodes for one graph trial. There is one small
multiple per participant, labelled by the participant number in the top left. Hovered nodes are coloured in orange, with
the remaining nodes shown in white. The source and goal nodes are coloured red and blue, respectively; hovers on

these nodes are not shown.
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Figure 5. Example of an aggregate visualization showing
all nodes hovered over by all participants on one graph
trial. Node colour changes from light grey to dark as the
frequency with which the node was hovered increases. The
source and goal nodes are coloured red and blue,
respectively. The convex hull of the source node and goal
node and their 1-hop neighbours (annotated with purple
circles) are shaded in light green.

By examining these visualizations, we noticed that
subsets of the participants’ hovered-over nodes would
often overlap, although the total overlap across all par-
ticipants was small. When we incorporated the fre-
quency with which each node was visited, we saw that
the most frequently hovered-over nodes tended to fall
in a convex hull around the red and blue nodes and
their respective 1-hop neighbours, as shown in
Figure 5. Three participants alluded to this convex
hull behaviour in the post-experiment interview, stat-
ing, for example, that they ‘often tried to look in the
area between the red and blue nodes’ (P11). On aver-
age, 93% of the total node hovers for a given graph fell
inside the convex hull (min = 73.1%, max = 100%).
This consistency suggested to us that although the
participants’ approaches were not identical, there were
in fact some similarities in how participants were tra-
cing paths.

Qualitative analysis method

Motivated by the findings in the preliminary node-
based analysis, we moved from considering the data
simply in terms of node hovers to reconstructing the
paths searched by the participants. By looking at the

progression of paths over time, we hoped to character-
ize common human path-tracing behaviours.

Given the variability we observed in the node-based
analysis, we did not feel that we had a deep enough
understanding to extract the paths through computa-
tion alone. Instead, we chose to manually extract paths
from the node hover data using qualitative coding after
applying some algorithmic filtering. The data were
then manually transformed from Aovers to steps, which
were then coded as paths. One investigator performed
all these qualitative analyses.

Data sample. The training set was made up of 8
graphs for each of the three possible hop lengths, for a
total of 24 graphs. These were selected randomly from
the total set of 144 graphs. We analysed all 12 partici-
pant trials from the user study for each of these graphs,
for a total of 288 trials. We reserved the larger valida-
tion set (of the remaining 120 graphs) for a hierarchi-
cal regression analysis that served as a validation of our
predictive behavioural model and which we discuss in
a later section.

Data preparation and visualization. The raw data in the
log files were hovers over a node, as described earlier.
Some of these hovers were deemed to be spurious and
were eliminated from further consideration. Some
were automatically filtered out based on a quantitative
threshold, while others were discarded as a result of
the qualitative analysis process described below. In the
automatic filtering, hovers lasting less than 5 ms were
discarded. This threshold was derived from a combina-
tion of quantitative analysis and observation while
building the visualization; we found that less than 5 ms
was an unrealistically short length of time to hover over
a node while actually tracing a path. Most discarded
hovers seemed to be caused inadvertently when parti-
cipants transitioned their search from one area of a
graph to another.

After the initial automatic filtering, we manually
transformed the hover data into a sequence of szeps.
Initially, a step was created for each individual node
hover in temporal order. From these steps, the investi-
gator could then compose a path: a complete sequence
of nodes that constituted an intended single path-
tracing attempt on the part of the participant. In order
to assist the investigator in identifying topological
paths, the automatic filtering consolidated two or
more successive node hovers into the same step when
they were connected by edges.

Despite this automatic process, a path could still be
split across multiple steps for several different reasons.
First, some paths consisted of a combination of topo-
logical and apparent connections between nodes. We
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saw many examples in which participants followed
apparent paths that were not true topological connec-
tions (there was no edge in the graph between consec-
utive hovers), but these were mistaken for a true
topological connection because of node—edge cross-
ings. Second, some paths were split across multiple
steps because of spurious hovers in the log that the
investigator judged to be incidental to what the partici-
pant was actually considering at the time. These were
typically nodes crossing or near to a path that the par-
ticipant followed repeatedly, or nodes hovered over
during transitions between different parts of the graph.

To support our analysis, we designed a visualization
in which the first 20 steps were directly visible as
small-multiple views of the trial graph with some nodes
and edges coloured to show hover activity. Figures 6
and 7 show an example of the small multiples used in
the visualization. The first node in an automatically
determined topological sequence was coloured light
orange, with subsequent nodes coloured dark orange,
and edges along the topological path between them
also coloured orange. As additional visual support for
the analysis, we included an aggregate view similar to
the one used in the preliminary analysis (Figure 5),
and when the investigator hovered over a node, it was
highlighted in every small-multiple view and its node
ID was shown in a tooltip. An example of the entire
visualization can be found in Supplementary Material.
We chose to stop analysis after a maximum of 20 steps
because our initial exploration showed that, just as we
observed in piloting, later steps tended to be more
chaotic and less representative of common behaviours.

Coding process. All the steps in a trial, up to the maxi-
mum of 20 visualized, were described with at least one
code. The paths identified by the investigator were
coded as a sequence of node IDs, in addition to a num-
ber of other attributes, which we describe next.

First, a path could be either a true topological path
or an apparent path. Second, the investigator coded
the rarger node that the path was going towards, which
could be the source node (red), the goal node (blue) or
some other node in the graph. Third, the anchor node
that the path started from was identified, which again
could be the source node (red), goal node (blue) or
some other node in the graph.

The final two attributes for a path were used to
describe the branches that the participant followed for
each hop of that path. One was the direction (forward,
right angle or backward) with respect to the target of
each branch in a path. The investigator used his or her
approximate judgement rather than exact angles in
determining whether a branch went towards the target,
at a right angle from it or away from it (i.e. whether

the branch went closer to the target, kept roughly same
distance from it or went away from it). The last attri-
bute was whether the branch at a particular hop was
the closest-to-geodesic branch from the associated node
to the current target. We did not expect participants to
be skilled at judging very small differences in angles
and observed this to be the case in early exploration of
the data. Thus, when the difference between two
branches on either side of the geodesic straight line to
the target was very small, or if those branches over-
lapped, the investigator recorded both as having the
closest-to-geodesic property.

In addition to describing paths, the investigator gen-
erated codes for other types of movements by partici-
pants that emerged during the coding process as being
potentially important. These were jumps between
nodes, switches of a target and/or anchor, checks of nodes
or node—edge crossings and doublebacks over paths just
traced. The investigator used the same attributes
described above in these other codes as appropriate.

Finally, the investigator also coded incidental node
hovers. These were hovers over nodes that occurred
between two nodes in a coded path or during some
other movement, but were judged to not signify the
node a participant was actually considering at the
time.

Example of a coded trial. To illustrate the coding pro-
cess, we next walk through one example of the codes
and the attributes used to code one participant trial.
Figures 8 and 9 demonstrate the paths identified from
all the steps in the example. Where a path spanned
multiple steps, we show these steps collapsed into a
single image; the red and blue nodes are labelled R and
B, respectively. The 20 steps coded for this trial are
also shown without annotation in Figures 6 and 7, as
the investigator saw them during the coding process.

Figure 8 shows the first six paths. In path 1 (R-C—
B, steps 1 and 2, anchor = red, target = blue), the
participant follows 2 hops in the closest-to-geodesic
direction; the hop from R to C is a true topological
path, but the second hop is apparent because no edge
exists between C and B. In path 2 (B-D, steps 2 and
3, anchor = blue, target = red), the participant follows
1 hop in the closest-to-geodesic direction. The node I-
1 is coded as incidental although it connects to D with
an edge, because B is also connected to D. In path 3
(R-C, steps 4-7, anchor = red, target = blue), the
participant again follows 1 hop along the closest-to-
geodesic branch, repeating part of path 1. C-1 and C-
2 from steps 5 and 6, respectively, are examples of
checks around node C to which the participant returns
in step 7.
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Figure 6. Example of the small-multiple visualization of discrete steps used to support the qualitative coding process;
each step is labelled in the top left. The first node in an automatically determined sequence is coloured light orange and
subsequent nodes coloured dark orange; edges along the topological path between them are also coloured orange.
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Figure 7. Example of the small-multiple visualization of discrete steps used to support the qualitative coding process;
each step is labelled in the top left. The first node in an automatically determined sequence is coloured light orange and
subsequent nodes coloured dark orange; edges along the topological path between them are also coloured orange.

Path 4 (B-E-F-G-R, steps 8 and 9, anchor = blue,
target = red) is another example of an apparent path
because there is no edge between F and G. The first
hop B and E goes in a right angle direction. The
remaining hops all take the closest-to-geodesic branch.
Path 5 (R-G-F-E, steps 9-11, anchor = red, target =
blue) is a doubleback of the previous path, path 4. In
path 6 (E-F-H, steps 11-13, anchor = E, target =
red), the participant again retraces part of path 4, but

deviates to follow a true topological connection
between F and H, which is in the closest-to-geodesic
direction. Step 12 shows another incidental hover, I-2;
it seems clear that the participant is following the E-F
edge and thus would probably not think I-2 is con-
nected to either E or F.

Paths 7-10 are shown in Figure 9. In path 7 (R,
step 14, anchor = red, target = blue), the participant
follows 1 hop in the backward direction. In path 8
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Path 1

Path 3

Path 5

Path 2

Path 4

Path 6

Figure 8. Paths 1-6 extracted from steps 8-13 and collapsed into single images. Steps 8-12 are shown in Figure 6,

while step 13 can be found in Figure 7.

(R-J-G, step 15, anchor = red, anchor = blue), the
participant follows a different branch in the backward
direction for the first hop and then follows the closest-
to-geodesic branch for the second hop. Between paths

8 and 9, another incidental hover occurs in step 16,
which is not shown. In path 9 (R-K, steps 17-19,
anchor = red, target = blue), the participant follows
another branch in the backward direction. Finally, in
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Figure 9. Paths 7-10 extracted from steps 14-19, shown in Figure 7. Where a path spanned multiple steps, it has been

collapsed into a single image.

path 10 (R-I-L, step 19, anchor = red, target = blue),
the participant follows the same hop as in path 7 before
following the closest-to-geodesic branch for the second
hop. Between each of the paths from path 1 to path 6,
we observe switching, whereas for paths 7-10, the parti-
cipant continues to search around the red source node.

Final coded dataset. We eliminated 11 of the 288 trials
during the coding process because participants entered
the answer phase of the trial without hovering over any
nodes in the search phase. The investigator ultimately
classified 95.8% of the steps in the remaining 277 trials
with at least one code.

The remaining 4.2% of steps could not be made
sense of in the context of our coding scheme and were
coded as unclassified. We suspect that some of these
unclassified trials were caused by incomplete data, for
example, if a participant missed a node with the pen
tip despite looking at it. We had anticipated this

limitation of the tablet, but decided that this number
was small enough to be acceptable. In addition, some
of the unclassified steps may have been deliberate but
uncommon types of movements that we simply did
not see often enough to classify with a unique code.

Results

We now describe the behaviours that emerged during
the coding process and from subsequent analysis of the
final code set. Some of these findings stem from differ-
ences between specific graphs and the common cases
we observed, whereas others hold across all graphs.

Choice and use of anchors for searching. Although
participants were instructed to search from the red
node to the blue node, we found that they often
searched from blue to red, especially when the task
was more difficult. On average, the majority of paths
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coded across the 24 training graphs used either red or
blue as the starting or anchor node (M = 86.9%,
SD = 10.4%, min = 64.8%, max = 100.0%). We had
expected that participants would also frequently use
intermediate nodes that were part of the way along
promising paths as anchors, for example, following 1
or 2 promising hops, and then choosing a node to
search out from. However, we were surprised to find
that this behaviour was not very common. Instead, we
observed that participants were much more likely to
give up following a path and restart from a red or blue
node, even if this meant immediately retracing the
path they had just followed. The extracted paths in
Figure 8 demonstrate this behaviour; the participant
switches anchor and target before beginning each path
from path 1 to path 6, searching back and forth in
alternating directions between red and blue. The par-
ticipant only uses an intermediate node once as an
anchor in path 6 (node E).

Prevalence of the closest-to-geodesic tendency. Participants
preferentially followed paths along nodes forming clo-
sest-to-geodesic branches, suggesting strong evidence
of a geodesic tendency. On average, the majority of the
identified paths for a given graph (M = 65.5%,
SD = 9.7%, min = 49.0%, max = 81.3%) fell along
the closest-to-geodesic branches either for all hops
M =394% SD =10.7%, mun=15.8%, max =
56.3%) or for all but the first or last hop in the path
M =262%, SD =82%, min=158%, max =
47.4%). In the post-experiment interviews, eight par-
ticipants explicitly described strategies involving the
closest-to-geodesic path.

We also examined how common it was for the very
first branch followed in a trial to be the closest-to-geo-
desic branch for the starting anchor. The majority of
participants began trials with the closest-to-geodesic
branch (M = 60.3%, SD =25.2%, wmin = 16.7%,
max = 91.6%), which again points to the strength of
the geodesic tendency. However, for six of the graphs
in the training set, this number was well below 50%,
and as low as 16.7%, which suggests that other factors
occasionally override this tendency or impact its
strength. In particular, we noted that as the angle
between the closest-to-geodesic branch and the
straight line to the target increased to 90° or larger, it
became more likely that the participant would pick a
different branch. This observation suggests that the
tendency decreases in strength the farther the closest-
to-geodesic branch is from the actual straight line to
the target; that branch may diverge significantly.
Figure 10 shows an example. For this graph, only
three participants started by following the closest-to-
geodesic branch from red or blue, which in both cases

Figure 10. Example of a portion of a graph from the study,
with a 2-hop solution, where most participants did not
follow the closest-to-geodesic branch in either direction
(B-A or R-A] for their first hop at the beginning of the trial
(the red and blue nodes are labelled R and B,
respectively). We attribute this divergence from the
geodesic tendency to the large angle size approaching 90°.

went to A. Another interfering factor we observed was
the length of the closest-to-geodesic branch with
respect to the target distance; if the target was far away
and the closest-to-geodesic branch was much shorter
than surrounding branches, or if the target was very
close and the closest-to-geodesic branch went past the
target, then the closest-to-geodesic branch seemed less
likely to be searched at all.

Likely directions of search. Despite the prevalence of
the geodesic tendency, participants did spend consid-
erable time searching along other branches. Typically,
the likelihood of expanding to nodes that were not
along the closest-to-geodesic branch increased with
the amount of time a participant spent on a trial. We
saw the largest divergence from the geodesic tendency
for the first hop of paths emanating from red or blue.
However, participants were likely to return to the clo-
sest-to-geodesic branch for subsequent hops.

Our analysis did not suggest that there was a fully
continuous ordering of the likelihood of searching in a
particular direction for the first hop. For example,
branches did not simply become decreasingly likely as
the size of the angle with the geodesic straight line to
the target increased in a directly continuous way.
However, the order was also far from random: we
observed similar likelihoods within discrete groups of
branch directions.

As shown in Figure 11, we loosely grouped direc-
tions of the first hop into four ordered groups more
specific than those we used in coding — we did not
strictly define these groups in terms of exact angles.
The first is directly towards, meaning a small angle with
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Use of apparent and topological paths. Participants

Towards ’ primarily followed topologically connected paths, but

Away , » { apparent paths created by node-edge crossings did
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Figure 11. Illustration of the ordered groups of similarly
likely candidates for the first hop, coloured in greyscale in
decreasing order of likelihood and named by their
directionality with respect to the target: directly towards,
towards, away and directly away.

respect to a line straight towards the target; next is
towards, up to slightly beyond a right angle. We noted
in our analysis of the coded data that when the angle of
the first hop was just larger than a right angle, the like-
lihood was still similar to other hops that were more
clearly going towards the target, thus this definition.
The third group is away, for even larger angles; the last
and least likely category is directly away, for angles that
were essentially in the opposite direction from the tar-
get. Participants had a roughly similar likelihood of
selecting a branch within each group, starting with
directly towards, and earlier groups were more likely to
be searched to exhaustion before later ones were
begun. This grouping of branches into likely groups
also extends to intermediate nodes along promising
paths, but the range of angles describing similarly likely
branches at such nodes was much larger. The second
hop in a path was more likely to go towards or directly
towards the target than away, and paths where users
went two subsequent hops away from the target were
uncommon.

It appeared that participants tended to exhaust the
options around red and blue before exhausting the
options around nodes 2 or 3 hops along a path. This
phenomenon partially explains our observation that
participants tended to return to closest-to-geodesic
candidates for subsequent hops in paths. It also pro-
vides some explanation for the relationship between
the angle of the closest-to-geodesic branch and the
likelihood that it would be followed first in a trial.
When the closest-to-geodesic branch goes directly
towards the target, it becomes very likely that it will be
followed first. But as the angle increases to 90° or
larger, it becomes more likely that the participant
would follow any other branch in the same group. We
suspect that in these instances, other factors, such as
path straightness, begin to take precedence.

sometimes cause significant distraction. Despite the
fact that all users were trained to use the halos to iden-
tify node—edge crossings, some reported that it
required extra effort to realize that they were looking
at a crossing. Such paths were a common source of
error, especially when they lay on top of a branch
directly connected to the red or blue nodes. We see
examples of this in paths 1 and 3, and paths 4 and 5 in
Figure 8. The participant examines node C in both
paths 1 and 3, although it forms an apparent path,
presumably because it seems so promising. Similarly,
in paths 4 and 5, the participant repeatedly follows the
apparent path between nodes G and F, taking consid-
erable time to determine that there is a node—edge
crossing before trying a different route from F in
path 6.

Revisitations. We observed that participants often
revisited the same path again and again. This repeti-
tive behaviour took two forms. We saw many instances
of doublebacks, where participants would retrace a path
one or more times immediately after tracing it the first
time. We also saw that participants would return to a
path after tracing others, even if they had followed it
multiple times before. This finding is not surprising in
light of the known limits of working memory for
remembering the results of previous searches.?” P2
admitted that he would often ‘look at a path more
times than was helpful’. Some participants also related
this behaviour to the tendency to search within the
convex hull and along closest-to-geodesic path. P6
explained that ‘I would try to counteract and look for
different paths, but the [closest-to-geodesic path] was
more natural, and it was harder to force myself to look
away’.

Path stopping conditions. Contrary to what might be
expected, participants often did not follow every path
that they started until they reached the maximum
length possible in this study (4 hops). However, we did
observe some commonalities in when participants were
likely to stop following a path. Some stopping condi-
tions were largely dictated by the experimental tasks
and common sense: participants typically stopped a
path when the number of hops equalled the maximum
of 4, they had cycled to reach a node already in the
current path or they had reached the target. Other
stopping conditions were less obvious. We found that
participants actually tended to stop when the number
of hops was one less than the maximum path length in
the task. We also saw that they frequently stopped
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Figure 12. Example of the past the target stopping condition. (a) A user would typically stop a path at the first node past
the target with respect to the starting anchor, where past the target is the line through the current target that was
perpendicular (solid green line) to the geodesic straight line between anchor and target (dashed green line). A user
tracing from red (R) to blue (B) would likely trace R-C-D and stop without going to E. (b) Exceptions to this condition
(and of the stopping condition of maximum hops minus 1) were when the next hop went directly towards the target (D-G)

or in a straight line from the previous hop (D-F).

when their current path took them past, or nearly past,
the target with respect to the starting anchor. We
defined past the rarger generally as the line through the
current target that was at a right angle to the geodesic
straight line between the path anchor and the current
target as illustrated in Figure 12(a), where the geodesic
is the dashed green line and the perpendicular through
the blue target is the solid green line; a user tracing
from red (R) to blue (B) would likely trace R-C-D,
stopping at D, which is just past the blue node, and
not get to E. Consistent with other observations we
have described, we note that this definition is not
exact, but is dependent on participant’s ability to judge
angles. In this case, we noted that when the current
node was very far away from the target, the past the tar-
get condition seemed to be met at an angle narrower
than 90°.

There were two exceptions that we sometimes
observed to the final two conditions of stopping at the
maximum hops minus 1 or going past the target.
Figure 12(b) illustrates an example of these exceptions
for the past the target condition. A participant tracing
from R to B along the path R-C-D would be less likely
to stop at D as in the previous example if (1) the next
hop formed a nearly straight line with the previous hop
(as in D-F) or (2) the next hop went directly towards
the target (as in D-G). We suspect that these excep-
tions occurred for different reasons. In the case of the
first exception (1), we suspect that the close to straight
line created a continuous path that encouraged users
to go straight from C to F, with less consideration of
D. In the case of the second exception (2), we suspect

that participants were relying on peripheral vision to
determine that a suitable candidate was not present
and only considered the path promising enough to
keep following if the next hop went in the direction of
the target.

Continuity and geodesic tendency. In previous work,
Ware et al.?’ found continuity, namely, the straight-
ness of the path, to be a very important factor. Huang
et al.” avoided variation in continuity in order to avoid
confounding their results on the geodesic tendency
and conjectured that geodesic tendency takes prece-
dence over path continuity. We often observed that
continuity can take precedence over the geodesic ten-
dency, refuting their conjecture; however, we also saw
examples of precedence in the other direction. In fact,
interaction between path continuity and geodesic ten-
dency is quite complex and cannot simply be reduced
to one of these factors taking precedence over the
other

We found that in many instances participants would
follow straight paths for more hops than they would
‘bendy’ paths and that straight paths could distract
participants by causing them to miss a branch con-
necting to the solution. Figure 13 shows an example in
which R—-A-B is the solution. In this graph, three parti-
cipants who followed the branch from R to A next fol-
lowed the branch from A to C and missed the branch
from A to the blue node (B). Only one of the three
participants detected the solution in the steps that
immediately followed. In such instances, we suspect
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Figure 13. Example in which a straight line appeared to
interfere with geodesic tendency (the red and blue nodes
labelled R and B, respectively). Some participants followed
R-A-C and missed the solution path of R-A-B.

that the Gestalt principle of continuity?’ sometimes
contributes to participants perceiving the straight line
formed by multiple nodes as a single hop, causing
them to skip over interconnected nodes without con-
sidering their branches. We suspect that this principle
also contributed to the straight line exception to some
stopping conditions that we previously described.

Summary

Through the coding process described in this section,
we determined that it is possible to identify distinct
path-tracing behaviours, addressing Q1. Furthermore,
we were able to characterize and describe a number of
common path-tracing behaviours exhibited by our
participants, addressing Q2. The behaviours include
the use of both topological and apparent paths, the
conditions under which participants stop following
paths, the likely directions for the first hop in a path
and the tendency to revisit previously followed paths.
Unexpected behaviours included the strategy of fre-
quent switches between source and goal nodes as the
anchors in the search and infrequency of using inter-
mediate nodes as anchors. We verified the prominence
of the previously proposed geodesic tendency, but
found complex interactions between it and the other
tendencies that we observed, including the impact of
path continuity on behaviour, providing a more
nuanced understanding of issues raised in previous
work.”

All these findings are useful in their own right as
descriptions of human path-following behaviours when
interacting with visual representations of graphs. They
were also crucial in helping to develop a predictive
behavioural model of search set, which we present in
the next section. While many of the behaviours that we

observed could play out in different ways for different
participants, enough commonalities exist to allow us
to make informed guesses about the likely set of paths
that a group of users may search.

A behavioural model to predict the search
set

This section is devoted to our third research question:
(Q3) can we predict the search set based on observed
path-tracing behaviours? To explore this question, we
developed a simple predictive model of the search set
based on the strongest common behaviours that we
described in the previous section. We next briefly
describe the predictive model and discuss our prelimi-
nary validation of its effectiveness in predicting the
search set and as a basis for measuring factors for pre-
dicting task difficulty. We look at further validation
approaches in the next section. A more detailed
description of the model components, the algorithmic
implementation and parameter selection can be found
in Supplementary Material.

The search-set model

Briefly, the model takes as input a network graph with
a defined solution between two points, which are used
as anchors to explore likely paths. The model is
designed to predict the set of paths that a group of users
would be likely to search, rather than the set of paths
that one individual user would use. The model output
is an ordered set of discrete groups, where paths
within each group are unordered and considered to be
similarly likely; together, these paths compromise the
search set.

The model begins by selecting a batch of likely can-
didate branches from each anchor to comprise the first
hop in a path and then follows the closest-to-geodesic
branch between each of these candidates and the tar-
get. The search set contains one copy of each path fol-
lowed. The conditions that determine when a model
stops following a path are directly based on the com-
mon stopping patterns that we characterized in the
previous section. Once all the candidates in a batch are
eliminated, the model takes the next most likely set of
candidate branches and begins the path-following pro-
cess once again. The entire process stops once the
solution path has been added to the search set (in
either direction from either anchor) or all likely batches
of candidates are exhausted and the task is judged to
be too difficult to reasonably complete.

Validation of search-set prediction

We ran the algorithmic implementation of our beha-
viour model to predict search sets for each of our 144
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study graphs. The predicted search set produced by
the algorithm contained, on average for each graph,
87% of all of the node hovers made by participants in
this study. Conversely, on average for each graph, 86%
of the predicted nodes were hovered over at least once
during the study. We consider these results to be an
appropriate fit for a first attempt at developing a pre-
dictive behavioural model.

Using the search set to predict task difficulty

Finally, we conducted a preliminary exploration into
whether or not factors measured on the search set
would be effective predictors of path-tracing task diffi-
culty. We selected the factor of edge—edge crossings,
given its prevalence in previous work and our intention
to use it in the hierarchical regression analysis
described later. We measured search-set edge—edge
crossings for each of the 24 training set graphs by
summing the crossings on each path in the set
(M =330.4, SD = 298.7, min = 37, max = 1166),
and we measured difficulty both by RT and by total
errors.

We used bivariate Pearson correlations to examine
the individual effect of search-set edge—edge crossings
on average participant RT in seconds (M = 42.5,
SD = 22.5, mun = 10.6, max = 86.1) and total errors
(M = 5.5, 8D = 3.3, min = 0, max = 12) for the train-
ing set graphs. RT was measured as the time the parti-
cipant spent in the search phase, before pressing
FOUND IT! We found strong positive correlations of
search-set edge—edge crossings with RT (r = 0.765,
p < 0.01) and with error (r = 0.605, p < 0.01). In gen-
eral, |r| >0.10 is considered to be a weak correlation,
|7 >0.30 a moderate correlation and |[r| >0.50 a
strong correlation.’® Scatterplots of these relationships
are shown in Figure 14, along with the line of best fit.

Summary

With respect to our third research question, Q3, our
results suggest that it is possible to accurately predict
the search set for a group of users by using the human
path-tracing behaviours that we characterized in the
previous section. Furthermore, our exploration into
the use of the factors measured on the search set for
predicting RT and total errors yielded promising
results, encouraging us to perform the more in-depth
validation that we present next.

Measuring graph readability factors using
the search set

The focus of the last stage of our analysis is on answer-
ing our final question: (Q4) how much improvement
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Figure 14. Scatterplots with linear line of best fit showing
relationships between search-set edge-edge crossings
and our dependent variables on the training set graphs

(n = 24). Top: average response time (s) per participant.
Bottom: total errors across participants.

over previous models is gained by calculating factors
for graph layout on a predicted search set? This analy-
sis was intended to serve as a validation of our predic-
tive behavioural model as well as an example of how
the search set might be used. To do this, we compared
the relative importance of factors measured at three
levels: the solution path, the search set and globally. As
a part of our analysis, we also evaluated the impact of
node—edge crossings, which had not been previously
investigated in a user study. We present results that
show a modest improvement in measuring factors on
the search set over measuring on just the solution path.
More crucially, we also identify important differences
in the relative contributions of these factors in predict-
ing RT and error.

Method

Our methodology follows directly from Ware et al.??
and Huang and Huang.® We measured a selection of
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factors on different levels of the graph, which we call
predictors in accordance with the literature on regres-
sion analysis. We use bivariate correlations to examine
the individual effects of these predictors on user per-
formance and to determine which factors have any sig-
nificant impact. We then use hierarchical multiple
regression to factor out the internal relationships
between the predictors in order to examine the relative
contributions of each factor in predicting perfor-
mance. This approach allows us to examine the total
percentage of variance in performance accounted for
by the predictors, as well as any overlaps in what the
predictors explain. The use of hierarchical regression
follows recommendations from the literature on incre-
mental validity*® and on the benefit of requiring the
researcher to reason about and justify the order in
which variables are entered into a regression model.

Data sample. Our sample consisted of the 120 graphs
in the validation set, which were those that remained
after we removed the 24 graphs for the training set
used in the earlier analysis. This number was deter-
mined through a power analysis using the following
parameters: R? = 0.13, & =0.05 and nine independent
variables. This analysis gave us a power level > 0.80
for 120 graphs, which is conventionally considered to
be an acceptable level.’® From this level of power, we
expected to be able to detect medium and large effects,
where R? =0.02 is a small effect, R>=0.13 is a
medium effect and R* = 0.26 is a large effect.”® The
sample consisted of an equal number of graphs with
each possible solution-path length: 40 graphs each of
lengths 2, 3 and 4 hops.

Dependent measures. We measured user performance
on each of the 120 graphs with two dependent vari-
ables: average RT and the number of incorrect user
responses (error). We chose these measures because
we were interested in the impact of the predictors on
both correct and incorrect answers — it is important to
understand how long a user might spend only to find
an incorrect answer.

RT was recorded as the average time to complete
the search phase for each trial for all 12 participants,
between 0 and 90 s. Error was calculated as the total
number of incorrect responses by participants for each
graph, between 0 and 12.

Predictor variables. We selected nine different factors
to measure on each of the 120 graphs in the validation
set, which we used as predictor variables. A subset of
our predictors were those found to be most important
by Ware et al.,>> all of which were measured on the

solution path: the length of the path in hops (sp-In);
the continuity of the path, calculated as the sum of the
angles in degrees at each step (sp-cn); the total edge—
edge crossings on the path (sp-ex) and the sum of the
branches on each node on the path (sp-br).

For comparison, our analysis also looked at factors
that were not measured on the solution path. We
selected edge—edge crossings as a factor to measure on
the search-set and global levels because edge—edge
crossings are often cited as the most important metric.
We measured the sum of the edge—edge crossings on
the entire graph (gl-ex) and on each path on the search
set (ss-ex).

We chose node—edge crossings as a second factor to
compare at our three levels of interest. Node—edge
crossings are widely allowed in many layout algo-
rithms, but to our knowledge have not previously been
evaluated with user studies. Our qualitative analysis
results regarding apparent paths indicate that node—
edge crossings might also be important for under-
standing errors. We measured the sum of the node—
edge crossings at each level of interest: on the solution
path (sp-nx), on each path in the search set (ss-nx)
and globally across the entire graph (gl-nx).

Hypotheses. Our hypotheses were as follows:

H1. Solution-path node—edge crossings (sp-nx) will
account for additional variance in performance beyond
other factors on the solution path. We expected that
solution-path node—edge crossings would explain var-
iance not accounted for by the other factors of length,
continuity, branches and edge—edge crossings mea-
sured on the solution path.

H2. Search-set (ss-) factors will account for additional
variance in performance beyond all the solution-path fac-
tors. We expected that search-set factors would explain
additional variance beyond the solution-path factors
(sp-) because they account for factors on all the paths
that a user might search.

H3. Search-set (ss-) factors will predict performance more
efficiently than solution-path (sp-) factors. The search set
typically overlaps the solution path, so we suspected
that search-set factors might predict more variance
with fewer (or the same number) of variables.

HA4. Global factors (gl-) will not account for additional var-
1ance n performance beyond the solution path and search-
set factors. We expected from previous work that global
levels would not add additional explanation to what
can be explained by the more task-relevant levels.

Our hypotheses focused on the incremental validity
of factors measured on the search set and on node—
edge crossings on the solution path, neither of which
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had been evaluated by previous research. Although we
do not make formal hypotheses about the individual
effects of the factors, we expected to see some positive
correlation of all factors with both dependent vari-
ables. In other words, as any of these factors increases
in number for a particular graph, so should the aver-
age RT and the total number of errors made by par-
ticipants. This expectation includes replicating the
results of Ware et al.?> that global edge—edge crossings
and solution-path length, continuity, branches and
edge—edge crossings would be positively correlated
with RT. We also expected to find significant contribu-
tions of the factors studied by Ware et al. when used in
regression models.

Linear correlations for individual effect

Descriptive statistics for RT and error, as well as the
predictor variables, are shown in Table 1. Upon
inspection, the distributions for RT and error were
found to have a positive skew, so we performed square
root transformations®® on both variables to improve
their distribution. We report on the Pearson correla-
tion coefficients (r) between predictor variables and

Table 1. Descriptive statistics for predictors and for the
dependent variables of RT and error for the test set graphs
(n =120).

Descriptive statistics

M SD Min Max
RT 38.71 22.83 5.94 85.15
Error 4.84 3.75 0 12
gl-ex 304.59 51.66 195 434
gl-nx 71.34 13.99 35 108
ss-ex 380.28 294.99 6 1382
SS-nx 170.73 136.53 0 684
sp-ex 14.05 7.51 1 41
sp-nx 5.66 2.99 0 15
sp-ln 3.00 0.82 2 4
sp-cn 159.06 94.14 1 422
sp-br 17.00 3.90 11 26

SD: standard deviation; RT: response time.
Predictors are grouped by level of measurement; those that our
study is the first to evaluate are shaded.

the dependent variables in Table 2. We found signifi-
cant positive correlations between all predictors and
the dependent variables, with the exception of those at
the global level. These results show that all factors
measured on the solution path and search set were
moderate to strong individual predictors of RT and
error.

Multicollinearity between factors

We also inspected the correlations between all the pre-
dictor variables to detect multicollinearity, that is, two
or more highly correlated predictors. Collinearity
between two predictors prevents us from understand-
ing the degree to which either of the two predictors
entered into the model impacts the dependent vari-
ables; thus, standard practice in regression analysis is
to omit one. Choosing to omit some of these predictors
allows us to better examine the extent of the contribu-
tions of the remaining predictors, but leaves questions
surrounding the omitted variables to future work.

We identified two pairs of highly correlated predic-
tors (r > 0.90) that were cause for concern: search-
set edge—edge crossings (ss-ex) correlated with search-
set node—edge (ss-nx) crossings, and solution-path
length (sp-ln) correlated with solution-path branches
(sp-br). We omitted search-set node—edge crossings
because the correlation with each dependent variable
was weaker. We suspect that the relationship between
solution-path length and branches stems from our
graph generation model, so we would not necessarily
expect to see it in other types of graphs. We chose to
keep solution-path length (and omit solution-path
branches) because previous work suggests that it more
commonly accounts for a larger variance in perfor-
mance than does the number of branches.*’

Hierarchical multiple regression analysis

We constructed two separate hierarchical multiple
regression models, one for RT's and one for errors, the
results of which are shown in Table 3. We included all
the predictors that significantly correlated with our
dependent variables, but excluded solution-path
branches (sp-br) and search-set node—edge (ss-nx)

Table 2. Pearson correlation coefficients (r] between predictor variables and the dependent variables of RT and error.

Pearson correlation coefficients (r]

gl-ex gl-nx SS-ex SS-NX sp-ex sp-nx sp-ln sp-cn sp-br
RT —0.046 —0.092 0.772* 0.721* 0.528* 0.495% 0.816* 0.753* 0.807*
Error 0.006 —0.018 0.699* 0.672%* 0.407* 0.447%* 0.661%* 0.687* 0.636%*

RT: response time.

Predictors are grouped by level of measurement; those that our study is the first to evaluate are shaded.*p < 0.01.
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Table 3. Summary of results from the hierarchical multiple regression analysis of measured factors on response time

and error.

Standardized B coefficients (B values)

RT Error

Step 1 Step 2 Step 3 Step 1 Step 2 Step 3
sp-ln 0.487* 0.458* 0.389* 0.303* 0.267* 0.168
sp-cn 0.359* 0.358* 0.298* 0.441% 0.440% 0.355%
sp-ex 0.160%* 0.083 0.027 0.101 0.004 —0.075
Sp-nx 0.171* 0.097 0.217* 0.113
ss-ex 0.242* 0.342*
Adj. R? 0.745 0.764 0.781 0.533 0.563 0.597
R? 0.752 0.772 0.790 0.545 0.578 0.614
AR? 0.020% 0.018%* 0.033* 0.037*

RT: response time.
Predictors that our study is the first to evaluate are shaded.
*p < 0.01.

crossings because of multicollinearity. For each regres-
sion model, we also confirmed that the assumptions of
homoscedasticity (similar variance in the dependent
variables) and linearity were met.

The predictors were blocked as follows: block 1
contained solution-path length (sp-ln), continuity (sp-
cn) and edge—edge crossings (sp-ex), block 2 contained
solution-path node—edge crossings (sp-nx) and block 3
contained search-set edge—edge crossings (ss-ex). By
placing the individual factors of interest into blocks 2
and 3, we were able to examine the incremental valid-
ity of each factor.

We report on the standardized beta coefficients (8)
at each step, which indicate the individual contribu-
tion of each predictor to the model. We also report on
R?, a measure of the amount of variation accounted by
the predictor(s) included in the model at each step,
and adjusted R?, which takes into account the number
of predictors in the model. All significant results were
p < 0.01. For additional guidance in understanding
the statistics, we recommend Field®® for an entertain-
ing introduction to interpreting the results of multiple
regression analyses.

RT model. After step 1, the regression model
accounted for 75.2% of the variance (R® = 0.752).
The relative contributions of the three predictors can
be further understood by examining their individual 8
values, the highest of which came from solution-path
length (sp-ln) (8 = 0.487), followed by continuity (sp-
cn) (B =0.359) and edge-edge crossings (sp-ex)
(B = 0.160). These results replicate the relative impor-
tance of these factors found by Ware et al.?*

Adding solution-path node—edge crossings (sp-nx)
in step 2 accounted for an additional 2% of the var-
jance (R? = 0.772, AR? = 0.020). Finally, adding

search-set edge—edge crossings (ss-ex) in step 3
accounted for an additional 1.8% of the variance
(R>=0.790, AR®>=0.018). The final regression
model accounted for 79% of the variance in RT and
contains three statistically significant variables:
solution-path length (sp-In) had the highest 8 value
(B = 0.389), followed by continuity sp-cn (8 = 0.298)
and search-set edge—edge crossings ss-ex (8 = 0.242).

Error model. After step 1, the model accounted for
54.5% of the variance (R = 0.545). Only solution-
path length (sp-In) (8 = 0.303) and continuity (sp-cn)
(B = 0.441) made significant contributions. Adding
solution-path node—edge crossings (sp-nx) in step 2
accounted for an additional 3.3% of the variance
(R?> = 0.578, AR? = 0.033). Finally, adding search-set
edge—edge crossings (ss-ex) in step 3 accounted for an
additional 3.7% of the variance (R® = 0.614,
AR? = 0.037).

The final model accounted for 61.4% of the var-
iance in error. Only search-set edge—edge crossings (ss-
ex) (B = 0.342) and solution-path continuity (sp-cn)
(B = 0.355) were significant contributors to the final
model.

Summary

Our results replicate previous findings in the literature
that the factors of path length, continuity, edge—edge
crossings and branches have a significant individual
effect on RT when measured on the solution path.??
We further found significant individual effects for
node—edge crossings measured on the solution path
and both node-edge and edge-edge crossings mea-
sured on the search set. We did not see any significant
individual effect at the global level for edge—edge (gl-
ex) and node—edge (gl-ex) crossings.
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Through regression modelling, we showed that we
can predict 79% of the variance in RT using only three
predictors: solution-path length is the most important,
followed by solution-path continuity and then search-
set edge—edge crossings. Our results from the final step
of the regression model for RT suggest that measuring
crossings on the search set has incremental validity
over measuring them on just the solution path —
search-set edge—edge crossings added only an addi-
tional 1.8% to the total variance explained, a small
effect, but it also removed the need for solution-path
edge—edge and node—edge crossings, making for a
more efficient model in terms of the number of factors
needed for maximal variance prediction.

We found that the relative importance of the factors
differed quite dramatically for error from what we
found for RT. Our results showed that all the factors
we measured on the solution-path and search-set lev-
els had strong individual effects on error. Similar to
our results for RT, our results in the final step of the
regression model for error suggest that measuring
crossings on the search set has incremental validity
over the solution path, explaining an additional 3.7%,
which is a small effect. The final regression model
accounted for 61.4% of the variance in error using
only two predictors, search-set edge—edge crossings
and solution-path continuity, which were very similar
in importance.

We found some evidence that, at the solution-path
level, node—edge crossings may be more important
than edge—edge crossings. Adding solution-path node—
edge crossings in step 2 of both models had a small
effect, explaining an additional 2% of variance in RT
and 3.3% more in error, but in the case of RT it also
reduced the contributions of solution-path edge—edge
crossings to insignificant levels. These results suggest
that for layouts that allow node—edge crossings, it may
be a more important factor to control for relative to
edge—edge crossings at the solution-path level. We were
not able to examine the relative effects of node—edge
crossings at the search-set level due to the multicolli-
nearity with search-set edge—edge crossings, but our
results about the individual effects of the factor suggest
that it may be of similar importance. This conjecture is
further evidenced by our observations of the difficulty
that apparent paths caused for participants during the
study.

Summary of hypotheses. All four of the hypotheses
were supported, although two were only partially
explored because we were not able to include search-
set node—edge crossings in our multiple regression
models due to limitations in our study. We summarize
the outcomes for each.

H1. Solution-path mnode—edge crossings (sp-nx) will
account for additional wvariance in performance beyond
other factors on the solution path. Supported. Solution-
path node—edge crossings explained additional var-
iance for both dependent measures.

H2. Search-set (ss-) factors will account for additional
variance n performance beyond all of the solution-path
factors. Supported for search-set edge—edge crossings,
but we were not able to examine search-set node—edge
crossings in this analysis. Adding search-set edge—edge
crossings accounted for additional variance in both
dependent measures.

H3. Search-set (ss-) factors will predict performance more
efficiently than solution-path (sp-) factors. Supported
for search-set edge—edge crossings, but we were not
able to examine node—edge crossings. The overlap
between the search set and solution path considerably
reduced the relative contributions of node—edge and
edge—edge crossings measured on the solution path,
such that the search-set edge—edge crossings
accounted for additional variance in performance
without requiring an increase in the total number of
predictors required.

H4. Global factors (gl-) will not account for additional
variance in performance beyond the solution path and
search-set factors. Supported. We found no significant
relationship of node—edge or edge—edge crossings
measured globally with either dependent measure.

Discussion and future work

The main goal of this research was to dig deeper into
what makes path tracing in graphs difficult. We did so
by characterizing human path-tracing behaviour, both
as a worthwhile pursuit in its own right and in service
of developing a predictive model of the search set, as
our primary contributions. We also present as second-
ary contributions the concept of the search set itself
and the preliminary validation of the predictive beha-
vioural model through multiple regression analysis of
graph readability factors. We now discuss how our
research has addressed these goals, including the lim-
itations of our approach and possible routes for future
work.

The characterization of path-tracing
behaviours

Our characterization of path-tracing behaviours in
graphs extends beyond the previously proposed geode-
sic tendency.” While we did find strong supporting evi-
dence for this tendency, we also found many situations
in which it falls short for explaining what people do.
We sharpened the description and shortened the term
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that was used in previous work, where this phenom-
enon has been called the geodesic path tendency. Our
discussion emphasizes that it entails following the clo-
sest-to-geodesic branch. We find this description more
evocative because it emphasizes that a decision is made
many times along a path, once for each perceived hop,
rather than only once for the entire path.

Our observations revealed a more complex beha-
vioural framework, within which the geodesic ten-
dency plays a major role but can be overridden by
other tendencies: the tendency to continue following
straight lines, the tendency to avoid directions that
point away rather than towards the target and the ten-
dency to be misled into tracing apparent branches that
are not in fact true topological connections. Moreover,
a full model of path-tracing behaviour requires under-
standing when people stop tracing one path in order
to try another and where they begin their next tracing
attempt. From our observations, we also characterized
a number of behavioural-based stopping conditions,
such as the tendency of users to stop searching soon
after going past the target, making paths that do so
much harder to find.

The behavioural framework we present here can act
as a baseline against which to compare further work.
While we believe that the framework should allow rea-
sonable guesses for parameters that could be used for a
range of similar situations, our study design and our
analytic approach were necessarily limited by balan-
cing precision and completeness against the time avail-
able to conduct this research. More observational work
can be done to untangle the relationships between the
geodesic path tendency and other tendencies that we
characterize in order to model exactly how they inter-
act and under what conditions each should take prior-
ity. One parameter space to explore in future work is
the characteristics of the graph itself: size, edge density
and synthesis technique (e.g. hierarchically clustering a
base graph rather than permuting a mesh according to
a preferential attachment model). Another large para-
meter space worth exploring is the visual encoding
technique used to lay out the graph, including layouts
through algorithms such as multilevel methods>>>°%:%!
or constraint optimization®? rather than relatively naive
force-directed placement.®®> The layout technique
directly affects the search set since it determines which
paths are closest to the geodesic, and thus, it is likely
that a search-set model should be customized for fami-
lies of layout approaches; however, we conjecture that
it is not necessary to create one for each individual
algorithm. Another space of alternatives is how edges
are drawn, for example, as curved lines rather than the
simple straight line encoding that we studied.’®®®
Moreover, it would be useful to see whether and how
the addition of scaffolding interaction techniques such

as highlighting may change the nature of the beha-
viours we described here. Finally, it would be useful to
investigate how behaviours differ for other abstract
tasks, for example, those that combine reading attri-
bute information with topological structure traversal.'’

While we found the recorded path-tracing data from
the Cintiq tablet to be quite rich and sufficient for our
study, we know that it did not capture the complete
picture of what users were doing. Some of the noise in
our logged data can be attributed to instances where
users visually examined nodes but forgot to point at
them with the pen. We chose not to use eye tracking in
our study primarily because of its high overhead with
respect to the analysis required in the development of
our predictive model. A follow-up study could com-
bine the tablet approach with eye tracking using tools
to automatically compare or correlate node hover and
eye-tracking data to examine how well pointing and
eyes match up and to potentially capture aspects that
the tablet misses.

Qualitative analysis through coding always involves
a degree of subjectivity: a different investigator might
describe some of the path-tracing behaviours that we
identified in a different way or even identify other
behaviours that we did not. A useful follow-up analysis
could employ additional coders to examine the relia-
bility of our single investigator’s codes and potentially
expand upon our findings. Alternative visual analysis
techniques may bear fruit; our approach to exploring
trajectory data with small multiples that show the evo-
lution over time for a single person and a single layout
is only one possible tactic. Andrienko et al.*° discuss
many alternatives for the visual analysis of trajectories:
flow maps, clustering by flow similarity and frequent
sequence discovery seem like the most appropriate
choices to try. Quantitative computational methods
such as machine learning might reveal different pat-
terns than human judgement yields and are another
promising avenue for future research to explore.

The predictive search-set model

Our predictive behavioural model allowed us to pre-
dict a set of paths that users were likely to follow at
fairly high accuracy (87%). We consider this model a
good first step: it captures most of the behaviours that
we observed in a robust way that avoids overfitting the
training set in the first analysis phase. We encourage
future research on search-set models that strive for fur-
ther breadth, completeness and accuracy. For exam-
ple, although we noted in our characterization of
behaviours that users could be quite distracted by
apparent paths caused by node—edge crossings, our
final predictive model only accounts for true topologi-
cal paths. A more complex model could take into
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account both true topological paths and apparent
paths, thereby supporting layout algorithms featuring
nuanced adjustments to local regions of the graph to
eliminate node—edge crossings on important paths.
Future work could lead to models that support relative
rankings of paths within the equivalence classes that
we propose, or even more specific priorities to differ-
ent paths within the search set based on their relative
salience, supporting a layout adjustment algorithm
that determines whether a particular path is of suffi-
ciently high priority to merit a layout change.

The search-set concept

A secondary contribution of this work is the concept
of a search set. It appears to be an apt model for real
human behaviour: we have shown it to be predictable
when applied to path-tracing tasks. We promote the
idea of a search set to analyse exactly the subset of a
graph that is relevant to a particular task, at an inter-
mediate level between completely global and the
strictly local single path that is the answer to a specific
query.

The search-set concept may serve to illuminate
aspects of human behaviour that have been difficult to
unravel thus far; it may serve to explain the variation
in results on global edge—edge crossings found in pre-
vious research. Evaluation results for this factor have
been very mixed;*>'*>?” our own study was one of
several to find a lack of effect of global edge—edge
crossings on performance. Our conjecture is that the
effect depends on the size of the search set in relation
to the size of the full graph. In a small graph, a user
may search most of the graph to complete a task, so
global measurements of factors will heavily overlap
with the search set. Our study used somewhat larger
and denser graphs than have typically been in used in
previous work for a smaller overlap; this difference
may explain the lack of any significant relationship
between the global factors and our dependent
variables.

Factor measurement for model validation

Although factor measurement was the initial impetus
for our investigation, in the end it was relegated to a
supporting role in validating our predictive beha-
vioural model. We applied our predictive model of a
search set to the problem of factor measurement both
as validation that the model itself is a reasonable
approximation of the human behaviour we had
observed and as an example of how the technique can
be used. We consider the results of the regression anal-
ysis to be encouraging evidence that the concept of a
search set is on target; indeed, we see a modest

quantitative improvement for even this first attempt at
a predictive model.

Our findings pertain specifically to one type of
path-tracing task in graphs. It would be useful to
understand how the relative importance of the factors
we examined in our study differs for different abstract
tasks, such as browsing or comparison. Future
research could also explore whether the incremental
improvements seen by extending measurement of
edge—edge crossings from the solution path to the
search set also hold true of other factors. The differ-
ences we found in our analysis between how the vari-
ous factors influence RT and error strengthen the case
that no single factor dominates graph readability, so
we should seek to understand a factor’s priority or
importance in a specific context. This idea has
received limited practical attention beyond Huang
et al.,°® who showed that compromises between fac-
tors based on their relative importance can lead to bet-
ter layouts. Future research should continue to
examine how factors might be traded off to provide
the best support for particular user tasks or priorities.

Regression versus analysis of variance for
factor characterization

We echo and emphasize the call of Ware et al.?® for
the benefits of regression analysis over simply testing
for statistical significance with methods such as analy-
sis of variance (ANOVA). Untangling the relationships
between factors will help characterize the algorithms
that use these factors, and it will also help develop
guidelines of how to map between algorithms and the
requirements of specific visual encoding and interac-
tion techniques.®” A small methodological contribu-
tion in this article is that we advocate for hierarchical
rather than stepwise multiple regression based on rec-
ommendations from the clinical psychology literature
on incremental validity.*?

Conclusion

In this article, we proposed the concept of the search
set: the subset of the graph that is likely to be carefully
investigated by a user in carrying out a path-tracing
task in a graph. The search-set concept was motivated
by our interest in determining path difficulty for the
purposes of experimental comparisons of techniques,
and we focused on this application in our work. We
also presented a range of potential practical applica-
tions of a predictive search-set model in the design of
visual encoding and interaction techniques for graphs.
A primary contribution of this work is a characteriza-
tion of common human path-tracing behaviours based
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on detailed qualitative analysis of observations of peo-
ple using visual representations of graphs for path tra-
cing. These include verification of the closest-to-
geodesic tendency and descriptions of conditions
under which people stop following paths, the likely
directions for the first hop in a path, the tendency to
revisit previously followed paths and the tendency to
mistakenly follow apparent paths in addition to true
topological paths. Another primary contribution of
this work is an initial predictive behavioural model of
the new concept of a search set that is based on these
observed behaviours and is robust to a range of para-
meters. We validated the search-set model by measur-
ing graph readability factors on this set, in comparison
with measuring them globally on the entire graph or
very locally on only the single path that is the correct
solution. The factors tested included edge—edge cross-
ings, node—edge crossings, path continuity and path
length. The modest improvements that we achieved in
the efficiency and total variance accounted for in pre-
dicting RT and error are encouraging evidence that
the concept of a search set has merit, although our
model is a first attempt at algorithmic instantiation of
complex human behaviour. A secondary contribution
of this article is the careful comparison of the relative
importance of factors measured at these three levels of
a graph through multiple regression analysis. We also
found key differences in the relative weighting of the
importance of the factors that affect RT versus error.

Acknowledgements

We thank Matt Brehmer, Joel Ferstay, Stephen Ingram
for feedback on paper drafts and Stephen North for
feedback on the project.

Funding

This work was supported by a gift from AT&T
Research, a Postgraduate Scholarship from the
Natural Sciences and Engineering Research Council
of Canada (NSERC) and a Discovery Grant from
NSERC.

References

1. Tamassia R. On embedding a graph in the grid with the
minimum number of bends. SIAM ¥ Compur 1987;
16(3): 421-444.

2. Battista GD, Eades P, Tamassia R, et al. Graph drawing:
algorithms for the visuahzation of graphs. Upper Saddle
River, NJ: Prentice Hall, 1998.

3. Ferrari D and Mezzalira L. On drawing a graph with the
minimum number of crossings. Technical report. Report
no. 69-11, 1969. Milano: Istituto di Elettrotecnica ed
Elettronica, Politecnico di Milano.

11.

12.

13.

14.

15.

16.

17.

18.

. Eades P. A heuristic for graph drawing. Congr Numer

1984; 42: 149-160.

. Burch M, Heinrich J, Konevtsova N, et al. Evaluation of

traditional, orthogonal, and radial tree diagrams by an
eye tracking study. IEEE T Vis Compur Gr 2011; 17(12):
2440-2448.

. Pohl M, Schmitt M and Diehl S. Comparing the read-

ability of graph layouts using eyetracking and task-
oriented analysis. In: Proceedings of the fifth Eurographics
conference on computational aesthetics in graphics, visualiza-
tion and imaging, Victoria, Canada, 28-30 May 2009
pp. 49-56. Aire-la-Ville: Eurographics Association.

. Huang W, Eades P and Hong S. A graph reading beha-

vior: geodesic-path tendency. In: Proceedings of IEEE
Pacific visualizarion symposium, Beijing, China, 20-23
April 2009, pp. 137-144. Washington, DC: IEEE Com-
puter Society.

. Huang W and Huang M. Exploring the relative impor-

tance of number of edge crossings and size of crossing
angle: a quantitative perspective. Int ¥ Adv Intell 2011;
3(1): 25-42.

. Kérner C. Sequential processing in comprehension of

hierarchical graphs. Appl Cognitive Psych 2004; 18(4):
467-480.

. Dunne C and Shneiderman B. Improving graph drawing

readability by incorporating readability metrics: a software
tool for network analysts. HCIL technical report. Report
no. HCIL.200913, 2009. College Park, MD: University
of Maryland.

Dwyer T, Lee B, Fisher D, et al. A comparison of user-
generated and automatic graph layouts. IEEE T Vis Com-
put Gr (Proc InfoVis) 2009; 15(6): 961-968.

Van Ham F and Rogowitz B. Perceptual organization in
user-generated graph layouts. IEEE T Vis Compur Gr
(Proc InfoVis) 2008; 14(6): 1333-1339.

Cleveland WS and McGill R. Graphical perception: the-
ory, experimentation, and application to the develop-
ment of graphical methods. ¥ Am Star Assoc 1984;
79(387): 531-554.

Heer J, Kong N and Agrawala M. Sizing the horizon: the
effects of chart size and layering on the graphical percep-
tion of time series visualizations. In: Proceedings of the
SIGCHI conference on human factors in computing systems,
Boston, MA, 4-9 April 2009, pp. 1303-1312. New York:
ACM Press.

Kornaropoulos EM and Tollis IG. DAGView: an
approach for visualizing large graphs. In: Proceedings of
the 20th international conference on graph drawing, Red-
mond, WA, 19-21 September 2012, pp. 499-510. Ber-
lin, Heidelberg: Springer-Verlag.

Yuan X, Che L, Hu Y, et al. Intelligent graph layout
using many users’ input. IEEE T Vis Compur Gr (Proc
InfoVis) 2012; 18(12): 2699-2708.

Sedlmair M, Tatu A, Munzner T, et al. A taxonomy of
visual cluster separation factors. Comput Graph Forum
(Proc EuroVis) 2012; 31(3): 1335-1344.

Brehmer M and Munzner T. A multi-level typology of
abstract visualization tasks. IEEE T Vis Computr Gr (Proc
InfoVis) 2013; 19(12): 2376-2385.



Dawson et al.

337

19.

20.

21

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

Lee B, Plaisant C, Parr CS, et al. Task taxonomy for
graph visualization. In: Proceedings of the 2006 AVI work-
shop on BEyond time and errors: novel evaluation methods
for mformation visualizarion, Venezia, 23-26 May 2000,
pp. 1-5. New York: ACM Press.

Purchase HC, Cohen RF and James MI. Validating
graph drawing aesthetics. In: Proceedings of the symposium
on graph drawing, Passau, 20-22 September 1995, pp.
435-446. London: Springer-Verlag.

. Purchase H. Which aesthetic has the greatest effect

on human understanding? In: Proceedings of the 5th inter-
national symposium on graph drawing, Rome, 18-20
September 1997, pp. 248-261. London: Springer-
Verlag.

Purchase H. Performance of layout algorithms: compre-
hension, not computation. ¥ Visual Lang Compur 1998;
9(6): 647-657.

Ware C, Purchase H, Colpoys L, et al. Cognitive mea-
surements of graph aesthetics. Inform Visual 2002; 1(2):
103-110.

Korner C. Eye movements reveal distinct search and rea-
soning processes in comprehension of complex graphs.
Appl Cognitive Psych 2011; 25(6): 893-905.

Huang W. Establishing aesthetics based on human graph
reading behavior: two eye tracking studies. Pers Ubiquit
Compur 20135 17(1): 93-105.

Ghoniem M, Fekete J-D and Castagliola P. A compari-
son of the readability of graphs using node-link and
matrix-based representations. In: Proceedings of the IEEE
symposium on information visualizarion, Austin, TX, 10—
12 October 2004, pp. 17-24. Washington, DC: IEEE
Computer Society.

Ware C. Information visualization: perception for design.
3rd ed. San Francisco, CA: Morgan Kaufmann, 2000.
Heer J and Bostock M. Crowdsourcing graphical percep-
tion: using mechanical turk to assess visualization design.
In: Proceedings of the SIGCHI conference on human factors
n computing systems, Atlanta, GA, 10-15 April 2010, pp.
203-212. New York: ACM Press.

Rensink RA and Baldridge G. The perception of correla-
tion in scatterplots. Comput Graph Forum 2010; 29(3):
1203-1210.

Janicke H and Chen M. A salience-based quality metric
for visualization. In: Proceedings of the 12th Eurographics/
IEEE — VGTC conference on visualization, Bordeaux, 9-11
June 2010, pp. 1183-1192. Aire-la-Ville: Eurographics
Association.

Moscovich T, Chevalier F, Henry N, et al. Topology-
aware navigation in large networks. In: Proceedings of the
SIGCHI conference on human factors in computing systems,
Boston, MA, 4-9 April 2009, pp. 2319-2328. New York:
ACM Press.

Marks J, Andalman B, Beardsley PA, et al. Design gal-
leries: a general approach to setting parameters for com-
puter graphics and animation. In: Proceedings of the 24th
annual conference on computer graphics and interactive tech-
niques, Los Angeles, CA, 5-7 August 1997, pp. 389—400.
New York: ACM Press.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

Archambault D, Munzner T and Auber D. TopoLayout:
multilevel graph layout by topological features. IEEE T
Vis Compur Gr 2007; 13(2): 305-317.
Dwyer T, Marriott K and Stuckey PJ. Fast node overlap
removal. In: Proceedings of the 13th international conference
on graph drawing, Limerick, 12—15 September 2005, pp.
153-164. Berlin, Heidelberg: Springer-Verlag.
Borgatti SP. Centrality and network flow. Soc Nerworks
2005; 27: 55-71.
Correa C, Crnovrsanin T and Ma K-L. Visual reasoning
about social networks using centrality sensitivity. IEEE T
Vis Compur Gr 2012; 18(1): 106-120.
Huang W, Hong S and Eades P. Layout effects on socio-
gram perception. In: Proceedings of the 13th international
symposium on graph drawing, Limerick, 12—-14 September
2005, pp. 262-273. Berlin, Heidelberg: Springer-Verlag.
Himsolt M. Comparing and evaluating layout algorithms
within GraphEd. ¥ Visual Lang Compur 1995; 6: 255—
273.
Purchase HC, Allder J and Carrington D. Graph layout
aesthetics in UML diagrams: user preferences. ¥ Graph
Algorithm Appl 2002; 6(3): 255-279.
Vicente K and Torenvliet GL. The earth is spherical (p
< 0.05): alternative methods of statistical inference.
Theor Issues Ergon Sci 2000; 1(3): 248-271.
Haynes SN and Lench HC. Incremental validity of new
clinical assessment measures. Psychol Assessment 2003;
15(4): 456-466.
Hunsley J and Meyer GJ. The incremental validity of
psychological testing and assessment: conceptual, meth-
odological, and statistical issues. Psychol Assessment 2003;
15(4): 446-455.
Purchase HC, Pilcher C and Plimmer B. Graph drawing
aesthetics: created by users not algorithms. IEEE T Vis
Comput Gr (Proc InfoVis) 2012; 18(1): 81-92.
Purchase HC, Plimmer B, Baker R, et al. Graph drawing
aesthetics in user-sketched graph layouts. In: Proceedings of
the Australasian conference on user interface, Brisbane, QLD,
Australia, 18-22 January 2010, pp. 80-88. Darlinghurst,
NSW, Australia: Australian Computer Society, Inc.
Huang W, Hong S and Eades P. Effects of crossing
angles. In: Proceedings of IEEE Pacific visualization sympo-
sium, Kyoto, Japan, 5-7 March 2008, pp. 41-46.
Washington, DC: IEEE Computer Society.
Marriott K, Purchase H, Wybrow M, et al. Memorability
of visual features in network diagrams. IEEE T Vis Com-
put Gr (Proc InfoVis) 2012; 18(12): 2477-2485.
Purchase H, Hoggan E and Goérg C. How important is
the ‘mental map’? — an empirical investigation of a
dynamic graph layout algorithm. In: Proceedings of 14th
international symposium on graph drawing, Karlsruhe, 18—
20 September 2006, pp. 184-195. Berlin, Heidelberg:
Springer-Verlag.
Huang W, Hong S and Eades P. Predicting graph read-
ing performance: a cognitive approach. In: Proceedings of
Asia-Pacific symposium on information visualisation, Tokyo,
Japan, 1-3 February 2006, pp. 207-216. Darlinghurst,
NSW, Australia: Australian Computer Society, Inc.



338

Information Visualization 14(4)

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

Andrienko GL, Andrienko NV and Burch MDW. Visual
analytics methodology for eye movement studies. IEEE
T Vis Compur Gr (Proc InfoVis) 2012; 18(12): 2889—
2898.

Kim S-H, Dong Z, Xian H, et al. Does an eye tracker tell
the truth about visualizations?: findings while investigat-
ing visualizations for decision making. IEEE T Vis Com-
put Gr (Proc InfoVis) 2012; 18(12): 2421-2430.

Ware C and Bobrow R. Supporting visual queries on
medium-sized node-link diagrams. Inform Visual 2005;
4(1): 49-58.

Barsky A, Munzner T, Gardy ], et al. Cerebral: visualiz-
ing multiple experimental conditions on a graph with
biological context. IEEE T Vis Comput Gr (Proc InfoVis)
2008; 14(6): 1253-1260.

Bishop CM. Pattern recognition and machine learning
(information science and statistics). New York: Springer-
Verlag, 2006.

Watts DJ and Strogatz SH. Collective dynamics of
‘small-world’ networks. Nature 1998; 393(6684): 440—
442.

Auber D, Chiricota Y, Jourdan F, et al. Multiscale visua-
lization of small world networks. In: Proceedings of infor-
mation visualization, Seattle, WA, 19-21 October 2003,
pp. 75-84. Washington, DC: IEEE Computer Society.
Melangon G. Just how dense are dense graphs in the real
world? In: Proceedings of the 2006 AVI workshop on
BEyond time and errors: novel evaluation methods for infor-
mation visualization, Venezia, 23-26 May 2006, pp. 1-7.
New York: ACM Press.

Heer J, Card S and Landay J. Prefuse: a toolkit for inter-
active information visualization. In: Proceedings of the
SIGCHI conference on human factors in compuring systems,
Portland, OR, 2-7 April 2005, pp. 421-430. New York:
ACM Press.

Cohen ]. Statistical power analysis for the behavioral
sciences. Hillsdale, NJ: Lawrence Erlbaum Associates,
1988.

59.

60.

61

62.

63.

64.

65.

66.

67.

Field A. Discovering statstics using SPSS. 3rd ed. Lon-
don: SAGE, 2009.

Hachul S and Jinger M. Drawing large graphs with a
potential-field-based multilevel algorithm. In: Proceedings
of the 12th international conference on graph drawing, New
York, 29 September—2 October 2004, pp. 285-295. Ber-
lin, Heidelberg: Springer-Verlag.

. Archambault D, Munzner T and Auber D. GrouseF-

locks: steerable exploration of graph hierarchy space.
IEEE T Vis Comput Gr, 2008; 14(4): 900-913.

Dwyer T. Scalable, versatile and simple constrained
graph layout. Compur Graph Forum (Proc EuroVis 09)
2009; 28(3): 991-998.

Brandes U. Keynote address: why everyone seems to be
using spring embedders for network visualization, and
should not. In: Proceedings of the 2011 IEEE Pacific visua-
hization symposium, Hong Kong, China, 1-4 March
2011, p. xii. Washington, DC: IEEE Computer Society.
Holten D, Isenberg P, van Wijk JJ, et al. An extended
evaluation of the readability of tapered, animated, and
textured directed-edge representations in node-link
graphs. In: Proceedings of the 2011 IEEE Pacific visualiza-
tion symposium, Hong Kong, China, 1-4 March 2011,
pp. 195-202. Washington, DC: IEEE Computer Society.
Riche NH, Dwyer T, Lee B, et al. Exploring the design
space of interactive link curvature in network diagrams.
In: Proceedings of the international working conference on
advanced visual interfaces, Capri, 22-25 May 2012, pp.
506-513. New York: ACM Press.

Huang W, Eades P, Hong S-H, et al. Improving multiple
aesthetics produces better graph drawings. ¥ Visual Lang
Compur 2013; 24(4): 262-272.

Meyer M, Sedlmair M, Quinan PS, et al. The nested
blocks and guidelines model. Inform Visual 2015; 14(3):
234-249.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (Coated FOGRA27 \050ISO 12647-2:2004\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /ACaslon-Bold
    /ACaslon-BoldItalic
    /ACaslon-Italic
    /ACaslon-Ornaments
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeCorpID-Acrobat
    /AdobeCorpID-Adobe
    /AdobeCorpID-Bullet
    /AdobeCorpID-MinionBd
    /AdobeCorpID-MinionBdIt
    /AdobeCorpID-MinionRg
    /AdobeCorpID-MinionRgIt
    /AdobeCorpID-MinionSb
    /AdobeCorpID-MinionSbIt
    /AdobeCorpID-MyriadBd
    /AdobeCorpID-MyriadBdIt
    /AdobeCorpID-MyriadBdScn
    /AdobeCorpID-MyriadBdScnIt
    /AdobeCorpID-MyriadBl
    /AdobeCorpID-MyriadBlIt
    /AdobeCorpID-MyriadLt
    /AdobeCorpID-MyriadLtIt
    /AdobeCorpID-MyriadPkg
    /AdobeCorpID-MyriadRg
    /AdobeCorpID-MyriadRgIt
    /AdobeCorpID-MyriadRgScn
    /AdobeCorpID-MyriadRgScnIt
    /AdobeCorpID-MyriadSb
    /AdobeCorpID-MyriadSbIt
    /AdobeCorpID-MyriadSbScn
    /AdobeCorpID-MyriadSbScnIt
    /AdobeCorpID-PScript
    /AGaramond-BoldScaps
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-RomanScaps
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AGar-Special
    /AkzidenzGroteskBE-Bold
    /AkzidenzGroteskBE-BoldEx
    /AkzidenzGroteskBE-BoldExIt
    /AkzidenzGroteskBE-BoldIt
    /AkzidenzGroteskBE-Ex
    /AkzidenzGroteskBE-It
    /AkzidenzGroteskBE-Light
    /AkzidenzGroteskBE-LightEx
    /AkzidenzGroteskBE-LightOsF
    /AkzidenzGroteskBE-Md
    /AkzidenzGroteskBE-MdEx
    /AkzidenzGroteskBE-MdIt
    /AkzidenzGroteskBE-Regular
    /AkzidenzGroteskBE-Super
    /AlbertusMT
    /AlbertusMT-Italic
    /AlbertusMT-Light
    /Aldine401BT-BoldA
    /Aldine401BT-BoldItalicA
    /Aldine401BT-ItalicA
    /Aldine401BT-RomanA
    /Aldine401BTSPL-RomanA
    /Aldine721BT-Bold
    /Aldine721BT-BoldItalic
    /Aldine721BT-Italic
    /Aldine721BT-Light
    /Aldine721BT-LightItalic
    /Aldine721BT-Roman
    /Aldus-Italic
    /Aldus-ItalicOsF
    /Aldus-Roman
    /Aldus-RomanSC
    /AlternateGothicNo2BT-Regular
    /AmazoneBT-Regular
    /AmericanTypewriter-Bold
    /AmericanTypewriter-BoldA
    /AmericanTypewriter-BoldCond
    /AmericanTypewriter-BoldCondA
    /AmericanTypewriter-Cond
    /AmericanTypewriter-CondA
    /AmericanTypewriter-Light
    /AmericanTypewriter-LightA
    /AmericanTypewriter-LightCond
    /AmericanTypewriter-LightCondA
    /AmericanTypewriter-Medium
    /AmericanTypewriter-MediumA
    /Anna
    /AntiqueOlive-Bold
    /AntiqueOlive-Compact
    /AntiqueOlive-Italic
    /AntiqueOlive-Roman
    /Arcadia
    /Arcadia-A
    /Arkona-Medium
    /Arkona-Regular
    /ArrusBT-Black
    /ArrusBT-BlackItalic
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AssemblyLightSSK
    /AuroraBT-BoldCondensed
    /AuroraBT-RomanCondensed
    /AuroraOpti-Condensed
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /Avenir-Black
    /Avenir-BlackOblique
    /Avenir-Book
    /Avenir-BookOblique
    /Avenir-Heavy
    /Avenir-HeavyOblique
    /Avenir-Light
    /Avenir-LightOblique
    /Avenir-Medium
    /Avenir-MediumOblique
    /Avenir-Oblique
    /Avenir-Roman
    /BaileySansITC-Bold
    /BaileySansITC-BoldItalic
    /BaileySansITC-Book
    /BaileySansITC-BookItalic
    /BakerSignetBT-Roman
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /BaskervilleBook-Italic
    /BaskervilleBook-MedItalic
    /BaskervilleBook-Medium
    /BaskervilleBook-Regular
    /BaskervilleBT-Bold
    /BaskervilleBT-BoldItalic
    /BaskervilleBT-Italic
    /BaskervilleBT-Roman
    /BaskervilleMT
    /BaskervilleMT-Bold
    /BaskervilleMT-BoldItalic
    /BaskervilleMT-Italic
    /BaskervilleMT-SemiBold
    /BaskervilleMT-SemiBoldItalic
    /BaskervilleNo2BT-Bold
    /BaskervilleNo2BT-BoldItalic
    /BaskervilleNo2BT-Italic
    /BaskervilleNo2BT-Roman
    /Baskerville-Normal-Italic
    /BauerBodoni-Black
    /BauerBodoni-BlackCond
    /BauerBodoni-BlackItalic
    /BauerBodoni-Bold
    /BauerBodoni-BoldCond
    /BauerBodoni-BoldItalic
    /BauerBodoni-BoldItalicOsF
    /BauerBodoni-BoldOsF
    /BauerBodoni-Italic
    /BauerBodoni-ItalicOsF
    /BauerBodoni-Roman
    /BauerBodoni-RomanSC
    /Bauhaus-Bold
    /Bauhaus-Demi
    /Bauhaus-Heavy
    /BauhausITCbyBT-Bold
    /BauhausITCbyBT-Heavy
    /BauhausITCbyBT-Light
    /BauhausITCbyBT-Medium
    /Bauhaus-Light
    /Bauhaus-Medium
    /BellCentennial-Address
    /BellGothic-Black
    /BellGothic-Bold
    /Bell-GothicBoldItalicBT
    /BellGothicBT-Bold
    /BellGothicBT-Roman
    /BellGothic-Light
    /Bembo
    /Bembo-Bold
    /Bembo-BoldExpert
    /Bembo-BoldItalic
    /Bembo-BoldItalicExpert
    /Bembo-Expert
    /Bembo-ExtraBoldItalic
    /Bembo-Italic
    /Bembo-ItalicExpert
    /Bembo-Semibold
    /Bembo-SemiboldItalic
    /Benguiat-Bold
    /Benguiat-BoldItalic
    /Benguiat-Book
    /Benguiat-BookItalic
    /BenguiatGothicITCbyBT-Bold
    /BenguiatGothicITCbyBT-BoldItal
    /BenguiatGothicITCbyBT-Book
    /BenguiatGothicITCbyBT-BookItal
    /BenguiatITCbyBT-Bold
    /BenguiatITCbyBT-BoldItalic
    /BenguiatITCbyBT-Book
    /BenguiatITCbyBT-BookItalic
    /Benguiat-Medium
    /Benguiat-MediumItalic
    /Berkeley-Black
    /Berkeley-BlackItalic
    /Berkeley-Bold
    /Berkeley-BoldItalic
    /Berkeley-Book
    /Berkeley-BookItalic
    /Berkeley-Italic
    /Berkeley-Medium
    /Berling-Bold
    /Berling-BoldItalic
    /Berling-Italic
    /Berling-Roman
    /BernhardBoldCondensedBT-Regular
    /BernhardFashionBT-Regular
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BernhardTangoBT-Regular
    /BlockBE-Condensed
    /BlockBE-ExtraCn
    /BlockBE-ExtraCnIt
    /BlockBE-Heavy
    /BlockBE-Italic
    /BlockBE-Regular
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BremenBT-Black
    /BremenBT-Bold
    /BroadwayBT-Regular
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Caliban
    /CarminaBT-Bold
    /CarminaBT-BoldItalic
    /CarminaBT-Light
    /CarminaBT-LightItalic
    /CarminaBT-Medium
    /CarminaBT-MediumItalic
    /Carta
    /Caslon224ITCbyBT-Bold
    /Caslon224ITCbyBT-BoldItalic
    /Caslon224ITCbyBT-Book
    /Caslon224ITCbyBT-BookItalic
    /Caslon540BT-Italic
    /Caslon540BT-Roman
    /CaslonBT-Bold
    /CaslonBT-BoldItalic
    /CaslonOpenFace
    /CaslonTwoTwentyFour-Black
    /CaslonTwoTwentyFour-BlackIt
    /CaslonTwoTwentyFour-Bold
    /CaslonTwoTwentyFour-BoldIt
    /CaslonTwoTwentyFour-Book
    /CaslonTwoTwentyFour-BookIt
    /CaslonTwoTwentyFour-Medium
    /CaslonTwoTwentyFour-MediumIt
    /CastleT-Bold
    /CastleT-Book
    /Caxton-Bold
    /Caxton-BoldItalic
    /Caxton-Book
    /Caxton-BookItalic
    /CaxtonBT-Bold
    /CaxtonBT-BoldItalic
    /CaxtonBT-Book
    /CaxtonBT-BookItalic
    /Caxton-Light
    /Caxton-LightItalic
    /CelestiaAntiqua-Ornaments
    /Centennial-BlackItalicOsF
    /Centennial-BlackOsF
    /Centennial-BoldItalicOsF
    /Centennial-BoldOsF
    /Centennial-ItalicOsF
    /Centennial-LightItalicOsF
    /Centennial-LightSC
    /Centennial-RomanSC
    /Century-Bold
    /Century-BoldItalic
    /Century-Book
    /Century-BookItalic
    /CenturyExpandedBT-Bold
    /CenturyExpandedBT-BoldItalic
    /CenturyExpandedBT-Italic
    /CenturyExpandedBT-Roman
    /Century-HandtooledBold
    /Century-HandtooledBoldItalic
    /Century-Light
    /Century-LightItalic
    /CenturyOldStyle-Bold
    /CenturyOldStyle-Italic
    /CenturyOldStyle-Regular
    /CenturySchoolbookBT-Bold
    /CenturySchoolbookBT-BoldCond
    /CenturySchoolbookBT-BoldItalic
    /CenturySchoolbookBT-Italic
    /CenturySchoolbookBT-Roman
    /Century-Ultra
    /Century-UltraItalic
    /CharterBT-Black
    /CharterBT-BlackItalic
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamBT-Bold
    /CheltenhamBT-BoldCondItalic
    /CheltenhamBT-BoldExtraCondensed
    /CheltenhamBT-BoldHeadline
    /CheltenhamBT-BoldItalic
    /CheltenhamBT-BoldItalicHeadline
    /CheltenhamBT-Italic
    /CheltenhamBT-Roman
    /Cheltenham-HandtooledBdIt
    /Cheltenham-HandtooledBold
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Christiana-Bold
    /Christiana-BoldItalic
    /Christiana-Italic
    /Christiana-Medium
    /Christiana-MediumItalic
    /Christiana-Regular
    /Christiana-RegularExpert
    /Christiana-RegularSC
    /Clarendon
    /Clarendon-Bold
    /Clarendon-Light
    /ClassicalGaramondBT-Bold
    /ClassicalGaramondBT-BoldItalic
    /ClassicalGaramondBT-Italic
    /ClassicalGaramondBT-Roman
    /CMR10
    /CMR8
    /CMSY10
    /CMSY8
    /CMTI10
    /CommonBullets
    /ConduitITC-Bold
    /ConduitITC-BoldItalic
    /ConduitITC-Light
    /ConduitITC-LightItalic
    /ConduitITC-Medium
    /ConduitITC-MediumItalic
    /CooperBlack
    /CooperBlack-Italic
    /CooperBT-Bold
    /CooperBT-BoldItalic
    /CooperBT-Light
    /CooperBT-LightItalic
    /CopperplateGothicBT-Bold
    /CopperplateGothicBT-BoldCond
    /CopperplateGothicBT-Heavy
    /CopperplateGothicBT-Roman
    /CopperplateGothicBT-RomanCond
    /Copperplate-ThirtyThreeBC
    /Copperplate-ThirtyTwoBC
    /Coronet-Regular
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /Courier-Oblique
    /Critter
    /CS-Special-font
    /DellaRobbiaBT-Bold
    /DellaRobbiaBT-Roman
    /Della-RobbiaItalicBT
    /Della-RobbiaSCaps
    /Del-NormalSmallCaps
    /Delphin-IA
    /Delphin-IIA
    /Delta-Bold
    /Delta-BoldItalic
    /Delta-Book
    /Delta-BookItalic
    /Delta-Light
    /Delta-LightItalic
    /Delta-Medium
    /Delta-MediumItalic
    /Delta-Outline
    /DextorD
    /DextorOutD
    /DidotLH-OrnamentsOne
    /DidotLH-OrnamentsTwo
    /DINEngschrift
    /DINEngschrift-Alternate
    /DINMittelschrift
    /DINMittelschrift-Alternate
    /DINNeuzeitGrotesk-BoldCond
    /DINNeuzeitGrotesk-Light
    /Dom-CasItalic
    /DomCasual
    /DomCasual-Bold
    /Dom-CasualBT
    /Ehrhard-Italic
    /Ehrhard-Regular
    /EhrhardSemi-Italic
    /EhrhardtMT
    /EhrhardtMT-Italic
    /EhrhardtMT-SemiBold
    /EhrhardtMT-SemiBoldItalic
    /EhrharSemi
    /ELANGO-IB-A03
    /ELANGO-IB-A75
    /ELANGO-IB-A99
    /ElectraLH-Bold
    /ElectraLH-BoldCursive
    /ElectraLH-Cursive
    /ElectraLH-Regular
    /ElGreco
    /EnglischeSchT-Bold
    /EnglischeSchT-Regu
    /ErasContour
    /ErasITCbyBT-Bold
    /ErasITCbyBT-Book
    /ErasITCbyBT-Demi
    /ErasITCbyBT-Light
    /ErasITCbyBT-Medium
    /ErasITCbyBT-Ultra
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EUEX10
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuropeanPi-Four
    /EuropeanPi-One
    /EuropeanPi-Three
    /EuropeanPi-Two
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /Eurostile
    /Eurostile-Bold
    /Eurostile-BoldCondensed
    /Eurostile-BoldExtendedTwo
    /Eurostile-BoldOblique
    /Eurostile-Condensed
    /Eurostile-Demi
    /Eurostile-DemiOblique
    /Eurostile-ExtendedTwo
    /EurostileLTStd-Demi
    /EurostileLTStd-DemiOblique
    /Eurostile-Oblique
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /ExPonto-Regular
    /FairfieldLH-Bold
    /FairfieldLH-BoldItalic
    /FairfieldLH-BoldSC
    /FairfieldLH-CaptionBold
    /FairfieldLH-CaptionHeavy
    /FairfieldLH-CaptionLight
    /FairfieldLH-CaptionMedium
    /FairfieldLH-Heavy
    /FairfieldLH-HeavyItalic
    /FairfieldLH-HeavySC
    /FairfieldLH-Light
    /FairfieldLH-LightItalic
    /FairfieldLH-LightSC
    /FairfieldLH-Medium
    /FairfieldLH-MediumItalic
    /FairfieldLH-MediumSC
    /FairfieldLH-SwBoldItalicOsF
    /FairfieldLH-SwHeavyItalicOsF
    /FairfieldLH-SwLightItalicOsF
    /FairfieldLH-SwMediumItalicOsF
    /Fences
    /Fenice-Bold
    /Fenice-BoldOblique
    /FeniceITCbyBT-Bold
    /FeniceITCbyBT-BoldItalic
    /FeniceITCbyBT-Regular
    /FeniceITCbyBT-RegularItalic
    /Fenice-Light
    /Fenice-LightOblique
    /Fenice-Regular
    /Fenice-RegularOblique
    /Fenice-Ultra
    /Fenice-UltraOblique
    /FlashD-Ligh
    /Flood
    /Folio-Bold
    /Folio-BoldCondensed
    /Folio-ExtraBold
    /Folio-Light
    /Folio-Medium
    /FontanaNDAaOsF
    /FontanaNDAaOsF-Italic
    /FontanaNDCcOsF-Semibold
    /FontanaNDCcOsF-SemiboldIta
    /FontanaNDEeOsF
    /FontanaNDEeOsF-Bold
    /FontanaNDEeOsF-BoldItalic
    /FontanaNDEeOsF-Light
    /FontanaNDEeOsF-Semibold
    /FormalScript421BT-Regular
    /Formata-Bold
    /Formata-MediumCondensed
    /ForteMT
    /FournierMT-Ornaments
    /FrakturBT-Regular
    /FrankfurterHigD
    /FranklinGothic-Book
    /FranklinGothic-BookItal
    /FranklinGothic-BookOblique
    /FranklinGothic-Condensed
    /FranklinGothic-Demi
    /FranklinGothic-DemiItal
    /FranklinGothic-DemiOblique
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItal
    /FranklinGothic-HeavyOblique
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothicITCbyBT-Heavy
    /FranklinGothicITCbyBT-HeavyItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumItal
    /FranklinGothic-Roman
    /Freeform721BT-Bold
    /Freeform721BT-BoldItalic
    /Freeform721BT-Italic
    /Freeform721BT-Roman
    /FreestyleScrD
    /Freestylescript
    /FreestyleScript
    /FrizQuadrataITCbyBT-Bold
    /FrizQuadrataITCbyBT-Roman
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura
    /FuturaBlackBT-Regular
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldCondensed
    /FuturaBT-BoldCondensedItalic
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-ExtraBlack
    /FuturaBT-ExtraBlackCondensed
    /FuturaBT-ExtraBlackCondItalic
    /FuturaBT-ExtraBlackItalic
    /FuturaBT-Heavy
    /FuturaBT-HeavyItalic
    /FuturaBT-Light
    /FuturaBT-LightCondensed
    /FuturaBT-LightItalic
    /FuturaBT-Medium
    /FuturaBT-MediumCondensed
    /FuturaBT-MediumItalic
    /Futura-CondensedLight
    /Futura-CondensedLightOblique
    /Futura-ExtraBold
    /Futura-ExtraBoldOblique
    /Futura-Heavy
    /Futura-HeavyOblique
    /Futura-Light
    /Futura-LightOblique
    /Futura-Oblique
    /Futura-Thin
    /Galliard-Black
    /Galliard-BlackItalic
    /Galliard-Bold
    /Galliard-BoldItalic
    /Galliard-Italic
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Galliard-Roman
    /Galliard-Ultra
    /Galliard-UltraItalic
    /Garamond-Antiqua
    /GaramondBE-Bold
    /GaramondBE-BoldExpert
    /GaramondBE-BoldOsF
    /GaramondBE-CnExpert
    /GaramondBE-Condensed
    /GaramondBE-CondensedSC
    /GaramondBE-Italic
    /GaramondBE-ItalicExpert
    /GaramondBE-ItalicOsF
    /GaramondBE-Medium
    /GaramondBE-MediumCn
    /GaramondBE-MediumCnExpert
    /GaramondBE-MediumCnOsF
    /GaramondBE-MediumExpert
    /GaramondBE-MediumItalic
    /GaramondBE-MediumItalicExpert
    /GaramondBE-MediumItalicOsF
    /GaramondBE-MediumSC
    /GaramondBE-Regular
    /GaramondBE-RegularExpert
    /GaramondBE-RegularSC
    /GaramondBE-SwashItalic
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-Book
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-BookItalic
    /Garamond-Halbfett
    /Garamond-HandtooledBold
    /Garamond-HandtooledBoldItalic
    /GaramondITCbyBT-Bold
    /GaramondITCbyBT-BoldCondensed
    /GaramondITCbyBT-BoldCondItalic
    /GaramondITCbyBT-BoldItalic
    /GaramondITCbyBT-BoldNarrow
    /GaramondITCbyBT-BoldNarrowItal
    /GaramondITCbyBT-Book
    /GaramondITCbyBT-BookCondensed
    /GaramondITCbyBT-BookCondItalic
    /GaramondITCbyBT-BookItalic
    /GaramondITCbyBT-BookNarrow
    /GaramondITCbyBT-BookNarrowItal
    /GaramondITCbyBT-Light
    /GaramondITCbyBT-LightCondensed
    /GaramondITCbyBT-LightCondItalic
    /GaramondITCbyBT-LightItalic
    /GaramondITCbyBT-LightNarrow
    /GaramondITCbyBT-LightNarrowItal
    /GaramondITCbyBT-Ultra
    /GaramondITCbyBT-UltraCondensed
    /GaramondITCbyBT-UltraCondItalic
    /GaramondITCbyBT-UltraItalic
    /Garamond-Kursiv
    /Garamond-KursivHalbfett
    /Garamond-Light
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Garamond-LightItalic
    /GaramondNo4CyrTCY-Ligh
    /GaramondNo4CyrTCY-LighItal
    /GaramondThree
    /GaramondThree-Bold
    /GaramondThree-BoldItalic
    /GaramondThree-BoldItalicOsF
    /GaramondThree-BoldSC
    /GaramondThree-Italic
    /GaramondThree-ItalicOsF
    /GaramondThree-SC
    /GaramondThreeSMSIISpl-Italic
    /GaramondThreeSMSitalicSpl-Italic
    /GaramondThreeSMSspl
    /GaramondThreespl
    /GaramondThreeSpl-Bold
    /GaramondThreeSpl-Italic
    /Garamond-Ultra
    /Garamond-UltraCondensed
    /Garamond-UltraCondensedItalic
    /Garamond-UltraItalic
    /GarthGraphic
    /GarthGraphic-Black
    /GarthGraphic-Bold
    /GarthGraphic-BoldCondensed
    /GarthGraphic-BoldItalic
    /GarthGraphic-Condensed
    /GarthGraphic-ExtraBold
    /GarthGraphic-Italic
    /Geometric231BT-HeavyC
    /GeometricSlab712BT-BoldA
    /GeometricSlab712BT-ExtraBoldA
    /GeometricSlab712BT-LightA
    /GeometricSlab712BT-LightItalicA
    /GeometricSlab712BT-MediumA
    /GeometricSlab712BT-MediumItalA
    /Giddyup
    /Giddyup-Thangs
    /GillSans
    /GillSans-Bold
    /GillSans-BoldCondensed
    /GillSans-BoldExtraCondensed
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-ExtraBold
    /GillSans-ExtraBoldDisplay
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSans-LightShadowed
    /GillSans-Shadowed
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /Gill-Special
    /Giovanni-Bold
    /Giovanni-BoldItalic
    /Giovanni-Book
    /Giovanni-BookItalic
    /Glypha
    /Glypha-Bold
    /Glypha-BoldOblique
    /Glypha-Oblique
    /Gothic-Thirteen
    /Goudy
    /Goudy-Bold
    /Goudy-BoldItalic
    /GoudyCatalogueBT-Regular
    /Goudy-ExtraBold
    /GoudyHandtooledBT-Regular
    /GoudyHeavyfaceBT-Regular
    /GoudyHeavyfaceBT-RegularCond
    /Goudy-Italic
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-ExtraBold
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudySans-Black
    /GoudySans-BlackItalic
    /GoudySans-Bold
    /GoudySans-BoldItalic
    /GoudySans-Book
    /GoudySans-BookItalic
    /GoudySansITCbyBT-Black
    /GoudySansITCbyBT-BlackItalic
    /GoudySansITCbyBT-Bold
    /GoudySansITCbyBT-BoldItalic
    /GoudySansITCbyBT-Light
    /GoudySansITCbyBT-LightItalic
    /GoudySansITCbyBT-Medium
    /GoudySansITCbyBT-MediumItalic
    /GoudySans-Medium
    /GoudySans-MediumItalic
    /Granjon
    /Granjon-Bold
    /Granjon-BoldOsF
    /Granjon-Italic
    /Granjon-ItalicOsF
    /Granjon-SC
    /GreymantleMVB-Ornaments
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Black-SemiBold
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Compressed
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-Light-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Condensed-Thin
    /Helvetica-ExtraCompressed
    /Helvetica-Fraction
    /Helvetica-FractionBold
    /HelveticaInserat-Roman
    /HelveticaInserat-Roman-SemiBold
    /Helvetica-Light
    /Helvetica-LightOblique
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /HelveticaNeue-Black
    /HelveticaNeue-BlackCond
    /HelveticaNeue-BlackCondObl
    /HelveticaNeue-BlackExt
    /HelveticaNeue-BlackExtObl
    /HelveticaNeue-BlackItalic
    /HelveticaNeue-Bold
    /HelveticaNeue-BoldCond
    /HelveticaNeue-BoldCondObl
    /HelveticaNeue-BoldExt
    /HelveticaNeue-BoldExtObl
    /HelveticaNeue-BoldItalic
    /HelveticaNeue-Condensed
    /HelveticaNeue-CondensedObl
    /HelveticaNeue-ExtBlackCond
    /HelveticaNeue-ExtBlackCondObl
    /HelveticaNeue-Extended
    /HelveticaNeue-ExtendedObl
    /HelveticaNeue-Heavy
    /HelveticaNeue-HeavyCond
    /HelveticaNeue-HeavyCondObl
    /HelveticaNeue-HeavyExt
    /HelveticaNeue-HeavyExtObl
    /HelveticaNeue-HeavyItalic
    /HelveticaNeue-Italic
    /HelveticaNeue-Light
    /HelveticaNeue-LightCond
    /HelveticaNeue-LightCondObl
    /HelveticaNeue-LightExt
    /HelveticaNeue-LightExtObl
    /HelveticaNeue-LightItalic
    /HelveticaNeueLTStd-Md
    /HelveticaNeueLTStd-MdIt
    /HelveticaNeue-Medium
    /HelveticaNeue-MediumCond
    /HelveticaNeue-MediumCondObl
    /HelveticaNeue-MediumExt
    /HelveticaNeue-MediumExtObl
    /HelveticaNeue-MediumItalic
    /HelveticaNeue-Roman
    /HelveticaNeue-Thin
    /HelveticaNeue-ThinCond
    /HelveticaNeue-ThinCondObl
    /HelveticaNeue-ThinItalic
    /HelveticaNeue-UltraLigCond
    /HelveticaNeue-UltraLigCondObl
    /HelveticaNeue-UltraLigExt
    /HelveticaNeue-UltraLigExtObl
    /HelveticaNeue-UltraLight
    /HelveticaNeue-UltraLightItal
    /Helvetica-Oblique
    /Helvetica-UltraCompressed
    /HelvExtCompressed
    /HelvLight
    /HelvUltCompressed
    /Humanist521BT-Bold
    /Humanist521BT-BoldCondensed
    /Humanist521BT-BoldItalic
    /Humanist521BT-ExtraBold
    /Humanist521BT-Italic
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-Roman
    /Humanist521BT-RomanCondensed
    /Humanist521BT-UltraBold
    /Humanist521BT-XtraBoldCondensed
    /Humanist531BT-BlackA
    /Humanist531BT-BoldA
    /Humanist531BT-RomanA
    /Humanist531BT-UltraBlackA
    /Humanist777BT-BlackB
    /Humanist777BT-BlackCondensedB
    /Humanist777BT-BlackItalicB
    /Humanist777BT-BoldB
    /Humanist777BT-BoldCondensedB
    /Humanist777BT-BoldItalicB
    /Humanist777BT-ExtraBlackB
    /Humanist777BT-ExtraBlackCondB
    /Humanist777BT-ItalicB
    /Humanist777BT-LightB
    /Humanist777BT-LightCondensedB
    /Humanist777BT-LightItalicB
    /Humanist777BT-RomanB
    /Humanist777BT-RomanCondensedB
    /Humanist970BT-BoldC
    /Humanist970BT-RomanC
    /HumanistSlabserif712BT-Black
    /HumanistSlabserif712BT-Bold
    /HumanistSlabserif712BT-Italic
    /HumanistSlabserif712BT-Roman
    /ICMEX10
    /ICMMI8
    /ICMSY8
    /ICMTT8
    /Iglesia-Light
    /ILASY8
    /ILCMSS8
    /ILCMSSB8
    /ILCMSSI8
    /Imago-Book
    /Imago-BookItalic
    /Imago-ExtraBold
    /Imago-ExtraBoldItalic
    /Imago-Light
    /Imago-LightItalic
    /Imago-Medium
    /Imago-MediumItalic
    /Industria-Inline
    /Industria-InlineA
    /Industria-Solid
    /Industria-SolidA
    /Insignia
    /Insignia-A
    /IPAExtras
    /IPAHighLow
    /IPAKiel
    /IPAKielSeven
    /IPAsans
    /ITCGaramondMM
    /ITCGaramondMM-It
    /JAKEOpti-Regular
    /JansonText-Bold
    /JansonText-BoldItalic
    /JansonText-Italic
    /JansonText-Roman
    /JansonText-RomanSC
    /JoannaMT
    /JoannaMT-Bold
    /JoannaMT-BoldItalic
    /JoannaMT-Italic
    /Juniper
    /KabelITCbyBT-Book
    /KabelITCbyBT-Demi
    /KabelITCbyBT-Medium
    /KabelITCbyBT-Ultra
    /Kaufmann
    /Kaufmann-Bold
    /KeplMM-Or2
    /KisBT-Italic
    /KisBT-Roman
    /KlangMT
    /Kuenstler480BT-Black
    /Kuenstler480BT-Bold
    /Kuenstler480BT-BoldItalic
    /Kuenstler480BT-Italic
    /Kuenstler480BT-Roman
    /KunstlerschreibschD-Bold
    /KunstlerschreibschD-Medi
    /Lapidary333BT-Black
    /Lapidary333BT-Bold
    /Lapidary333BT-BoldItalic
    /Lapidary333BT-Italic
    /Lapidary333BT-Roman
    /LASY10
    /LASY5
    /LASY6
    /LASY7
    /LASY8
    /LASY9
    /LASYB10
    /LatinMT-Condensed
    /LCIRCLE10
    /LCIRCLEW10
    /LCMSS8
    /LCMSSB8
    /LCMSSI8
    /LDecorationPi-One
    /LDecorationPi-Two
    /Leawood-Black
    /Leawood-BlackItalic
    /Leawood-Bold
    /Leawood-BoldItalic
    /Leawood-Book
    /Leawood-BookItalic
    /Leawood-Medium
    /Leawood-MediumItalic
    /LegacySans-Bold
    /LegacySans-BoldItalic
    /LegacySans-Book
    /LegacySans-BookItalic
    /LegacySans-Medium
    /LegacySans-MediumItalic
    /LegacySans-Ultra
    /LegacySerif-Bold
    /LegacySerif-BoldItalic
    /LegacySerif-Book
    /LegacySerif-BookItalic
    /LegacySerif-Medium
    /LegacySerif-MediumItalic
    /LegacySerif-Ultra
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldSlanted
    /LetterGothic-Slanted
    /Life-Bold
    /Life-Italic
    /Life-Roman
    /LINE10
    /LINEW10
    /Linotext
    /Lithos-Black
    /LithosBold
    /Lithos-Bold
    /Lithos-Regular
    /LOGO10
    /LOGO8
    /LOGO9
    /LOGOBF10
    /LOGOSL10
    /LOMD-Normal
    /LubalinGraph-Book
    /LubalinGraph-BookOblique
    /LubalinGraph-Demi
    /LubalinGraph-DemiOblique
    /LucidaHandwritingItalic
    /LucidaMath-Symbol
    /LucidaSansTypewriter
    /LucidaSansTypewriter-Bd
    /LucidaSansTypewriter-BdObl
    /LucidaSansTypewriter-Obl
    /LucidaTypewriter
    /LucidaTypewriter-Bold
    /LucidaTypewriter-BoldObl
    /LucidaTypewriter-Obl
    /LydianBT-Bold
    /LydianBT-BoldItalic
    /LydianBT-Italic
    /LydianBT-Roman
    /LydianCursiveBT-Regular
    /Machine
    /Machine-Bold
    /Marigold
    /MathematicalPi-Five
    /MathematicalPi-Four
    /MathematicalPi-One
    /MathematicalPi-Six
    /MathematicalPi-Three
    /MathematicalPi-Two
    /MatrixScriptBold
    /MatrixScriptBoldLin
    /MatrixScriptBook
    /MatrixScriptBookLin
    /MatrixScriptRegular
    /MatrixScriptRegularLin
    /Melior
    /Melior-Bold
    /Melior-BoldItalic
    /Melior-Italic
    /MercuriusCT-Black
    /MercuriusCT-BlackItalic
    /MercuriusCT-Light
    /MercuriusCT-LightItalic
    /MercuriusCT-Medium
    /MercuriusCT-MediumItalic
    /MercuriusMT-BoldScript
    /Meridien-Bold
    /Meridien-BoldItalic
    /Meridien-Italic
    /Meridien-Medium
    /Meridien-MediumItalic
    /Meridien-Roman
    /Minion-Black
    /Minion-Bold
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-BoldItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-DisplayItalic
    /Minion-DisplayRegular
    /MinionExp-Italic
    /MinionExp-Semibold
    /MinionExp-SemiboldItalic
    /Minion-Italic
    /Minion-Ornaments
    /Minion-Regular
    /Minion-Semibold
    /Minion-SemiboldItalic
    /MonaLisa-Recut
    /MrsEavesAllPetiteCaps
    /MrsEavesAllSmallCaps
    /MrsEavesBold
    /MrsEavesFractions
    /MrsEavesItalic
    /MrsEavesPetiteCaps
    /MrsEavesRoman
    /MrsEavesRomanLining
    /MrsEavesSmallCaps
    /MSAM10
    /MSAM10A
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM10A
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MTEX
    /MTEXB
    /MTEXH
    /MTGU
    /MTGUB
    /MTMI
    /MTMIB
    /MTMIH
    /MTMS
    /MTMSB
    /MTMUB
    /MTMUH
    /MTSY
    /MTSYB
    /MTSYH
    /MTSYN
    /MusicalSymbols-Normal
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-CnBold
    /Myriad-CnBoldItalic
    /Myriad-CnItalic
    /Myriad-CnSemibold
    /Myriad-CnSemiboldItalic
    /Myriad-Condensed
    /Myriad-Italic
    /MyriadMM
    /MyriadMM-It
    /Myriad-Roman
    /Myriad-Sketch
    /Myriad-Tilt
    /NeuzeitS-Book
    /NeuzeitS-BookHeavy
    /NewBaskerville-Bold
    /NewBaskerville-BoldItalic
    /NewBaskerville-Italic
    /NewBaskervilleITCbyBT-Bold
    /NewBaskervilleITCbyBT-BoldItal
    /NewBaskervilleITCbyBT-Italic
    /NewBaskervilleITCbyBT-Roman
    /NewBaskerville-Roman
    /NewCaledonia
    /NewCaledonia-Black
    /NewCaledonia-BlackItalic
    /NewCaledonia-Bold
    /NewCaledonia-BoldItalic
    /NewCaledonia-BoldItalicOsF
    /NewCaledonia-BoldSC
    /NewCaledonia-Italic
    /NewCaledonia-ItalicOsF
    /NewCaledonia-SC
    /NewCaledonia-SemiBold
    /NewCaledonia-SemiBoldItalic
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothic-BoldOblique
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldCondensed
    /NewsGothicBT-BoldCondItalic
    /NewsGothicBT-BoldExtraCondensed
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Demi
    /NewsGothicBT-DemiItalic
    /NewsGothicBT-ExtraCondensed
    /NewsGothicBT-Italic
    /NewsGothicBT-ItalicCondensed
    /NewsGothicBT-Light
    /NewsGothicBT-LightItalic
    /NewsGothicBT-Roman
    /NewsGothicBT-RomanCondensed
    /NewsGothic-Oblique
    /New-Symbol
    /NovareseITCbyBT-Bold
    /NovareseITCbyBT-BoldItalic
    /NovareseITCbyBT-Book
    /NovareseITCbyBT-BookItalic
    /Nueva-BoldExtended
    /Nueva-Roman
    /NuptialScript
    /OceanSansMM
    /OceanSansMM-It
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OnyxMT
    /Optima
    /Optima-Bold
    /Optima-BoldItalic
    /Optima-BoldOblique
    /Optima-ExtraBlack
    /Optima-ExtraBlackItalic
    /Optima-Italic
    /Optima-Oblique
    /OSPIRE-Plain
    /OttaIA
    /Otta-wa
    /Ottawa-BoldA
    /OttawaPSMT
    /Oxford
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /Palatino-Roman
    /Parisian
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PhotinaMT
    /PhotinaMT-Bold
    /PhotinaMT-BoldItalic
    /PhotinaMT-Italic
    /PhotinaMT-SemiBold
    /PhotinaMT-SemiBoldItalic
    /PhotinaMT-UltraBold
    /PhotinaMT-UltraBoldItalic
    /Plantin
    /Plantin-Bold
    /Plantin-BoldItalic
    /Plantin-Italic
    /Plantin-Light
    /Plantin-LightItalic
    /Plantin-Semibold
    /Plantin-SemiboldItalic
    /Poetica-ChanceryI
    /Poetica-SuppLowercaseEndI
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /ProseAntique-Bold
    /ProseAntique-Normal
    /QuaySansEF-Black
    /QuaySansEF-BlackItalic
    /QuaySansEF-Book
    /QuaySansEF-BookItalic
    /QuaySansEF-Medium
    /QuaySansEF-MediumItalic
    /Quorum-Black
    /Quorum-Bold
    /Quorum-Book
    /Quorum-Light
    /Quorum-Medium
    /Raleigh
    /Raleigh-Bold
    /Raleigh-DemiBold
    /Raleigh-Medium
    /Revival565BT-Bold
    /Revival565BT-BoldItalic
    /Revival565BT-Italic
    /Revival565BT-Roman
    /Ribbon131BT-Bold
    /Ribbon131BT-Regular
    /RMTMI
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /RotisSansSerif
    /RotisSansSerif-Bold
    /RotisSansSerif-ExtraBold
    /RotisSansSerif-Italic
    /RotisSansSerif-Light
    /RotisSansSerif-LightItalic
    /RotisSemiSans
    /RotisSemiSans-Bold
    /RotisSemiSans-ExtraBold
    /RotisSemiSans-Italic
    /RotisSemiSans-Light
    /RotisSemiSans-LightItalic
    /RotisSemiSerif
    /RotisSemiSerif-Bold
    /RotisSerif
    /RotisSerif-Bold
    /RotisSerif-Italic
    /RunicMT-Condensed
    /Sabon-Bold
    /Sabon-BoldItalic
    /Sabon-Italic
    /Sabon-Roman
    /SackersGothicLight
    /SackersGothicLightAlt
    /SackersItalianScript
    /SackersItalianScriptAlt
    /Sam
    /Sanvito-Light
    /SanvitoMM
    /Sanvito-Roman
    /Semitica
    /Semitica-Italic
    /SIVAMATH
    /Siva-Special
    /SMS-SPELA
    /Souvenir-Demi
    /Souvenir-DemiItalic
    /SouvenirITCbyBT-Demi
    /SouvenirITCbyBT-DemiItalic
    /SouvenirITCbyBT-Light
    /SouvenirITCbyBT-LightItalic
    /Souvenir-Light
    /Souvenir-LightItalic
    /SpecialAA
    /Special-Gali
    /Sp-Sym
    /StempelGaramond-Bold
    /StempelGaramond-BoldItalic
    /StempelGaramond-Italic
    /StempelGaramond-Roman
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-PhoneticAlternate
    /StoneSans-PhoneticIPA
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /StoneSerif
    /StoneSerif-Italic
    /StoneSerif-PhoneticAlternate
    /StoneSerif-PhoneticIPA
    /StoneSerif-Semibold
    /StoneSerif-SemiboldItalic
    /Swiss721BT-Black
    /Swiss721BT-BlackCondensed
    /Swiss721BT-BlackCondensedItalic
    /Swiss721BT-BlackExtended
    /Swiss721BT-BlackItalic
    /Swiss721BT-BlackOutline
    /Swiss721BT-BlackRounded
    /Swiss721BT-Bold
    /Swiss721BT-BoldCondensed
    /Swiss721BT-BoldCondensedItalic
    /Swiss721BT-BoldCondensedOutline
    /Swiss721BT-BoldExtended
    /Swiss721BT-BoldItalic
    /Swiss721BT-BoldOutline
    /Swiss721BT-BoldRounded
    /Swiss721BT-Heavy
    /Swiss721BT-HeavyItalic
    /Swiss721BT-Italic
    /Swiss721BT-ItalicCondensed
    /Swiss721BT-Light
    /Swiss721BT-LightCondensed
    /Swiss721BT-LightCondensedItalic
    /Swiss721BT-LightExtended
    /Swiss721BT-LightItalic
    /Swiss721BT-Medium
    /Swiss721BT-MediumItalic
    /Swiss721BT-Roman
    /Swiss721BT-RomanCondensed
    /Swiss721BT-RomanExtended
    /Swiss721BT-Thin
    /Swiss721BT-ThinItalic
    /Swiss921BT-RegularA
    /Symbol
    /Syntax-Black
    /Syntax-Bold
    /Syntax-Italic
    /Syntax-Roman
    /Syntax-UltraBlack
    /Tekton
    /Times-Bold
    /Times-BoldA
    /Times-BoldItalic
    /Times-BoldOblique
    /Times-Italic
    /Times-NewRoman
    /Times-NewRomanBold
    /Times-Oblique
    /Times-PhoneticAlternate
    /Times-PhoneticIPA
    /Times-Roman
    /Times-RomanSmallCaps
    /Times-Sc
    /Times-SCB
    /Times-special
    /TimesTenGreekP-Upright
    /TradeGothic
    /TradeGothic-Bold
    /TradeGothic-BoldCondTwenty
    /TradeGothic-BoldCondTwentyObl
    /TradeGothic-BoldOblique
    /TradeGothic-BoldTwo
    /TradeGothic-BoldTwoOblique
    /TradeGothic-CondEighteen
    /TradeGothic-CondEighteenObl
    /TradeGothicLH-BoldExtended
    /TradeGothicLH-Extended
    /TradeGothic-Light
    /TradeGothic-LightOblique
    /TradeGothic-Oblique
    /Trajan-Bold
    /TrajanPro-Bold
    /TrajanPro-Regular
    /Trajan-Regular
    /Transitional521BT-BoldA
    /Transitional521BT-CursiveA
    /Transitional521BT-RomanA
    /Transitional551BT-MediumB
    /Transitional551BT-MediumItalicB
    /Univers
    /Universal-GreekwithMathPi
    /Universal-NewswithCommPi
    /Univers-BlackExt
    /Univers-BlackExtObl
    /Univers-Bold
    /Univers-BoldExt
    /Univers-BoldExtObl
    /Univers-BoldOblique
    /Univers-Condensed
    /Univers-CondensedBold
    /Univers-CondensedBoldOblique
    /Univers-CondensedOblique
    /Univers-Extended
    /Univers-ExtendedObl
    /Univers-ExtraBlackExt
    /Univers-ExtraBlackExtObl
    /Univers-Light
    /Univers-LightOblique
    /UniversLTStd-Black
    /UniversLTStd-BlackObl
    /Univers-Oblique
    /Utopia-Black
    /Utopia-BlackOsF
    /Utopia-Bold
    /Utopia-BoldItalic
    /Utopia-Italic
    /Utopia-Ornaments
    /Utopia-Regular
    /Utopia-Semibold
    /Utopia-SemiboldItalic
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Viva-BoldExtraExtended
    /Viva-Regular
    /Weidemann-Black
    /Weidemann-BlackItalic
    /Weidemann-Bold
    /Weidemann-BoldItalic
    /Weidemann-Book
    /Weidemann-BookItalic
    /Weidemann-Medium
    /Weidemann-MediumItalic
    /WindsorBT-Elongated
    /WindsorBT-Light
    /WindsorBT-LightCondensed
    /WindsorBT-Roman
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /ZapfCalligraphic801BT-Bold
    /ZapfCalligraphic801BT-BoldItal
    /ZapfCalligraphic801BT-Italic
    /ZapfCalligraphic801BT-Roman
    /ZapfChanceryITCbyBT-Bold
    /ZapfChanceryITCbyBT-Demi
    /ZapfChanceryITCbyBT-Medium
    /ZapfChanceryITCbyBT-MediumItal
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfDingbatsITCbyBT-Regular
    /ZapfElliptical711BT-Bold
    /ZapfElliptical711BT-BoldItalic
    /ZapfElliptical711BT-Italic
    /ZapfElliptical711BT-Roman
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZapfHumanist601BT-Ultra
    /ZapfHumanist601BT-UltraItalic
    /ZurichBT-Black
    /ZurichBT-BlackExtended
    /ZurichBT-BlackItalic
    /ZurichBT-Bold
    /ZurichBT-BoldCondensed
    /ZurichBT-BoldCondensedItalic
    /ZurichBT-BoldExtended
    /ZurichBT-BoldExtraCondensed
    /ZurichBT-BoldItalic
    /ZurichBT-ExtraBlack
    /ZurichBT-ExtraCondensed
    /ZurichBT-Italic
    /ZurichBT-ItalicCondensed
    /ZurichBT-Light
    /ZurichBT-LightCondensed
    /ZurichBT-LightCondensedItalic
    /ZurichBT-LightExtraCondensed
    /ZurichBT-LightItalic
    /ZurichBT-Roman
    /ZurichBT-RomanCondensed
    /ZurichBT-RomanExtended
    /ZurichBT-UltraBlackExtended
  ]
  /NeverEmbed [ true
    /TimesNewRomanPS
    /TimesNewRomanPS-Bold
    /TimesNewRomanPS-BoldItalic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-Italic
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 2400
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /CreateJDFFile false
  /Description <<
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308000200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e30593002537052376642306e753b8cea3092670059279650306b4fdd306430533068304c3067304d307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /NLD <>
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings for creating PDF files for submission to The Sheridan Press. These settings configured for Acrobat v6.0 08/06/03.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
  /SyntheticBoldness 1.000000
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


