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Abstract
The way in which a graph is described visually is crucial for the understanding and analysis of its structure. In this study we
explore how different drawing layouts affect our perception of the graph’s properties. We study the perception of connectivity,
density, and tree-ness using four different layouts: the Circular, Grid, Planar and Spring layouts. Results show that some layouts
are better than others when we need to decide whether a graph is a tree or is connected. More sophisticated algorithms, like
Planar and Spring, facilitate our perception, while Circular and Grid layouts lead to performance not better than chance.
However, when perceiving the density of a graph, no layout was found to be better than the others.

CCS Concepts
• Human-centered computing → Graph drawings; Empirical studies in visualization; • Computing methodologies →
Perception;

1. Introduction

We are surrounded by networks such as social networks, neural net-
works or the Internet, which need to be understood and analyzed.
Managers for example, need to make sense of networks to make
decisions. According to Newman [New18], the visualization of a
graph is the first step for analyzing its structure, since it allows us
to instantly see important features of the graph. There are many
graph drawing algorithms that generate such visual representations
[Tam13,BETT98]. These algorithms have specific constraints (such
as straight-line) and also try to optimize some visual characteristics
(or aesthetics) [Pur02] of the drawing that are found to affect the
human perception of the graph [BRSG07,Pur97,PCJ95,WPCM02].
Our aim is to study the ability of humans to extract information
from graph drawings regarding specific properties of the depicted
graph. We are particularly interested in how the drawing of the
graphs affects our perception of the graph’s properties.

2. Related Work

Previous studies focused on the perception of graph visualizations
mostly in terms of their aesthetics, usability and readability. Al-
though there is a great amount of studies on the perception of
node-link diagrams (see [YAD∗18] for a survey of empirical stud-
ies), there is not much research on how humans extract information
about specific graph properties. Recently, Soni et al. published ‘the
first experiment designed to model humans’ ability to perceptually
discriminate graph properties’ [SLH∗18].
Our study extends the work of Soni et al. by investigating the per-
ception of properties of smaller graphs. Studies on visual percep-
tion suggest that there are two independent mechanisms involved

(a) Circular (b) Grid (c) Planar (d) Spring

Figure 1: Exemplar stimuli (a) Circular (non-target graph, Con-
nectivity) (b) Grid (non-target graph, Tree) task (c) Planar (target
graph, Connectivity) (d) Spring (target graph, Density).

when perceiving stimuli of low versus high density [ATCB15], and
hence they need to be studied separately. While Soni et al. used
graphs of order 100 for their experiments, we focus on smaller
graphs of 16 nodes each, which we expect to be perceived as struc-
tures of relations, rather than as a global texture.

3. Method

The aim of this study is to provide some first insight on how the dif-
ferent drawing layouts might affect the perception of specific graph
properties of small graphs. Previous user studies in the field allowed
participants unlimited time to process the graph drawings and mea-
sured the reaction time and accuracy as dependent variables. In this
study we are trying to identify the basic perceptual mechanisms
and hence we have chosen to limit the presentation time to 3000
milliseconds per trial. We implemented the two-alternative forced
choice (2AFC) methodology, in which we present two alternative
images, only one of which contains the target graph, and partici-
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pants need to select the graph with the desired property. After test-
ing different variations of small graphs of 12 to 20 nodes on this
very short presentation time, we fixed the order of our graphs to 16
nodes. We also restricted our study to the class of planar graphs, in
order to use a planar layout and examine the effect of edge cross-
ings.
We used two of the layouts used in Soni et al., namely the Force
Directed (or Spring) and the Circular, and we also included the Cir-
cular and Grid layouts (see Figure 1). We studied the properties of
Connectivity, Density and Trees (see Table 1) using three experi-
mental tasks, one for each property. We chose the properties such
that the tasks are relatively easy to perform in such short presenta-
tion time and easy to explain to non-expert users. To avoid carry-
over effects, we counterbalanced task order by applying a Latin
square design. Participants were randomly assigned to one of the
three experimental conditions of task order (group A, B, or C).
We have taken into account the methodological challenges of
the empirical studies on graph drawings perception [vLPW∗17,
HEH08]. During our experimental design, specific consideration
was given on the generation of the images, taking into account any
confounding variables. We rigorously designed the properties of the
graphs and their drawings. We also controlled the previous knowl-
edge of participants regarding graphs. Finally, we used a mixed de-
sign of both quantitative and qualitative methods, by using a ques-
tionnaire between the different parts of our experiment.

3.1. Participants

Twenty-four first-year Psychology students (5 males, aged 18-26)
took part in the study and were evenly distributed across the three
experimental conditions of task order (groups A, B, C). They all
reported a normal or corrected-to-normal vision and no previous
knowledge about graphs. The experiment passed the local ethics
committee approval (PSYC-5698). One of the participants had very
low score (29%) for the Tree task and we have decided to exclude
his/her data for this task from our dataset.

3.2. Apparatus and Procedure

Participants were tested individually in a quiet darkened room and
head position was stabilized with a chin rest in a fixed distance of
57 cm from a 15.6” laptop monitor with a 60 Hz refresh rate and a
1920× 1080 monitor resolution. The experiment comprised three
parts, one for each property. For each part, participants read rele-
vant instructions describing the graph property and then the exper-
imenter verbally explained the property and provided eight exam-
ple drawings. Then they performed a training session of 16 trials,
during which auditory feedback was provided. Following the train-
ing, participants provided feedback on how confident they were
about their understanding of the property. In cases of low confi-
dence self-reports, the experimenter provided additional informa-
tion. After ensuring that all was sufficiently explained, participants
proceeded to the actual experiment. At the end of each task they
answered two open-ended questions regarding their strategies (see
section 3.4). The above procedure was repeated three times, one for
each task. The total length of the experiment was 30 to 40 minutes
for each individual.

Task / Property Graph Properties

Connectivity:
select the
graph that is
connected

n = m = 16. Forced to be planar. Always
a non-tree, because m > 15.

Target: Forced
to be connected.

Non-target: The disjoint
union of two connected
graphs of n′ = m′ = 8.

Tree: select the
graph that is a
tree

n = 16. Forced to be planar. Always con-
nected.

Target: A tree
G1 (m = n−1 =
15, connected)

Non-target: G1 plus an
extra edge (m = 16, con-
nected, has one cycle)

Density: select
the graph with
the more edges

n = 16. Forced to be planar & connected.
Always a non-tree, because m > 15.

Target: G1 with
m = 16

Non-target: G1 plus two
extra edges (m = 18)

Table 1: Properties of graphs used for each task, where n is the
number of nodes and m the number of edges.

3.3. Stimuli

Graphs Generation: All stimuli were drawings of planar graphs of
16 nodes. For each task we generated a pool of two hundred graphs
with specific properties, so that half of them had the desired prop-
erty (target graphs) and half did not (non-target graphs). Because
all three properties of the study are related to each other, we tried
to limit any effects from confounding variables by fixing as many
properties as possible. Table 1 gives a summary of the way we gen-
erated the graphs and their properties. For Connectivity, we assume
that the task becomes trivial when we have isolated nodes in the
graph. To avoid such cases, we restrict the class of non-connected
graphs to those of 2 connected components, with 8 nodes each. We
force the two components to be of the same order, because other-
wise the task becomes trivial again (e.g., a 2-node component forms
a line). For the Tree task, we decided to restrict the non-trees class
to connected graphs with one cycle to keep connectivity across tar-
get and non-target graphs fixed, while minimizing the difference of
density between the two.
Graphs Drawing: After generating the graphs, we used four algo-
rithms for drawing them: Circular, Grid, Planar and Spring. This
resulted to a pool of eight hundred graph drawings for each task.
The Circular and Grid layouts acted more as baseline layouts, in
the sense that the correspondence of nodes to points in space was
independent of the abstract graph: nodes were randomly allocated
to the pre-selected positions on the plane. On the contrary, for both
the Planar and the Spring layouts, we used more sophisticated al-
gorithms and hence the topology of resulting drawings was highly
dependent on the graphs. Next we are briefly describing each of the
drawing algorithms.
Circular Layout: Nodes positions were determined by a net-
workx function which assigns the graph’s nodes to regularly
placed points on the circumference of a circle of radius r = 1.0.
The placement is arbitrary, and the algorithm does not try to mini-
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mize edge crossings or any other quality metric.
Grid Layout: Each node was originally assigned to a point of a 4×4
grid in an arbitrary setting. The grid’s points were on S×S, where
S = {−0.9,−0.3,0.3,0.9}. To avoid collinear edges, we then ad-
justed nodes’ coordinates by a random value in [−0.13,0.13].
Planar Layout: We used a networkx function to check for pla-
narity. Since all our graphs were planar, the function returned a
planar (combinatorial) embedding P of the graph, which is based
on the Left-Right Planarity Test [Bra09]. We then used the P as an
input to a function that returns a planar drawing based on the al-
gorithm of Chrobak and Payne [CP95], which gives a straight-line
drawing of a planar graph of n nodes on a (2n−4)× (n−2) grid.
For the non-target graph of the Connectivity task, we observed
that when the nodes list was ordered by component, the algorithm
would draw the two components as two distinct shapes. Hence, to
avoid making the task trivial, we shuffled the nodes ordering so that
the two components appear more arbitrary placed in the final draw-
ing.
Spring Layout: Nodes positions were defined by a networkx
function using the force-directed algorithm by Fruchterman-
Reingold [FR91].
We chose to draw graphs as similarly as possible between target and
non-target drawings, so that we keep constant any other features
of the drawing that might affect perception (such as edge lengths,
crossing numbers or angles). For example, for the Tree task, we
arbitrarily set the node positions for the target graph G1, and keep
them fixed for the non-target graph G2. This way we ensured that
the drawings of G1 and G2 of the same layout would only differ by
one edge. However, this could only work for the Circular and Grid
layouts. For the Planar and Spring layouts, where nodes positions
depend on the graph, this approach would possibly lead to drawings
that do not obey the properties of the layout (e.g. for the Planar lay-
out, adding an extra edge could create edge crossings). Hence, for
those layouts we draw target and non-target graphs independently.
Image Generation: After assigning positions to the graph’s nodes,
we generated images where each node was represented by a red
dot of fixed size, and each link by a black line (Figure 1). Draw-
ings were saved as png files of 180 dpi and 1080x720 pixels. All
drawings were positioned on the center of the image and all graph’s
elements were always enclosed inside a disc of fixed radius r=1.5.
We also made sure that all drawings were occupying a relatively
equivalent area of the image.

3.4. Experimental Design and Materials

For designing the experiment we used Python 3.6 and PsychoPy
version 3 [PGS∗19]. Each trial started with a fixation cross dis-
played on the centre of the screen for 1500 msec, after which the
two graph drawings appeared, one on the left and one on the right
side of the screen. For each trial both images were of the same lay-
out, but only one of the two graphs had the related property (target
graph). The placement of the target graph was balanced with re-
spect to its position. Each pair of images was briefly presented for
3000 msec, after which a prompt screen appeared. The screen re-
mained visible until a valid keyboard response was provided and
the procedure continued with the next trial.
We prepared an instructions document to explain the graph proper-
ties and provide example drawings of target and non-target graphs

of all four layouts. We also prepared a questionnaire that was used
throughout the experiment. The first part was about basic demo-
graphic information and there were three more identical parts, one
for each task of the experiment. Each part had a pre-task self re-
port question on a four-level Likert scale, about participants’ con-
fidence level on understanding the graph property. This was to en-
sure that they had the necessary understanding of the task. There
were also two post-task open-ended questions regarding their strat-
egy and any specific feature of the drawing that they might have
found useful. This was to gain some deeper understanding on the
perceptual mechanisms, and to identify any possible features of the
stimuli that could act as confounding variables.

4. Results

4.1. Questionnaire Results

Participants were in most cases highly (33.2%) to very highly
(64%) confident about their understanding of the concept before
each task. In the two cases where low confidence was reported,
the experimenter made sure that everything was sufficiently clear
before running the experiment. The above results show that partic-
ipants, although they were unfamiliar with graphs and their prop-
erties, gained a clear idea about the concepts and the task before
performing the experiment.

4.2. Experimental Results

The above was also evident by participants’ performance. To check
whether their scores were better than random answering, we per-
formed a one-sample t-test with a 99% confidence interval. The
mean % correct score of each task was found to be significantly
different than chance in all cases (t(95) = 9.75,p < 0.001 for the
Connectivity task, t(95) = 11.96,p < 0.001 for the Density task,
and t(91) = 8.66,p < 0.001 for the Tree task).
We also conducted a two-way mixed-design 3×3 ANOVA for the
task and group factors. The results show that there was no signif-
icant main effect of the task (F(2,40) = 2.77, p > 0.05), nor of
the group factor (F(2,20) = 1.57, p > 0.05). Hence, all tasks were
equally difficult and the task order had no effect on performance
(see Figure 2). In the following sections we are further exploring
the effect of Layout on performance for each of the three tasks sep-
arately (see also Figure 3).
Connectivity: Layout was found to have a significant main ef-
fect (F(3,69) = 69.51, p < 0.001), with post-hoc pairwise t-tests
revealing significant differences among all pairs of layouts (p ≤
0.0083), except for the Grid - Circular pair (t(23) = 0.41,p= 0.69).
Moreover, when testing performance against chance, we found the
Grid and Circular layouts to be not significantly different than ran-
dom answering.
Tree: Results are similar to the Connectivity task. There was
a significant main effect of the Layout (F(3,66) = 60.19, p <
0.001), with post-hoc pairwise t-tests revealing significant differ-
ences among all pairs of layouts (p≤ 0.0083), except for the Grid -
Circular pair (t(22) = −0.53,p = 0.61), which were also found to
be not significantly different than chance.
Density: Layout had no significant main effect (F(3,69) =
2.42, p = 0.07), indicating that there were no differences in per-
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(a) (b)

Figure 2: (a) Violin plot of overall performance for each task, (b)
bar chart of overall performance for each task, per task order.

(a) Connectivity (b) Tree (c) Density

Figure 3: Violin plots for performance (% correct) per layout, for
each task.

formance between any pair of layouts. Moreover, performance was
relatively high and significantly higher than chance for all layouts.

5. Discussion

Connectivity: The Spring layout clearly facilitated the perception
of connectivity, by increasing the distance between nodes of dis-
tinct components. This is in accordance with the results of van Ham
and Rogowitz [vHR08]. Using graphs of similar order to our study
(16 nodes, 8 nodes in each cluster), they found that the Spring al-
gorithm was a good approximation for simulating the human pro-
duced drawings in terms of separating the two clusters and placing
the nodes in space. Moreover, participants had the tendency to cre-
ate a convex hull around the nodes of each cluster, in a similar way
as the Spring layout does.
We argue that the distance between the two components is a good
predictor of performance for this task. The closer the two compo-
nents are, the harder the task becomes. This is probably why the
Planar layout, in which the two components were distinguishable
but not far from each other, did not produce as good results as the
Spring one. On the other hand, both the Circular and Grid layouts
resulted in performance not better than chance. These layouts, be-
cause of the random assignment of nodes to positions, not only
failed on placing the two components far from each other, but also
produced drawings in which the two components intersected. We
claim that in such cases, the crossing number between edges of the
two components could be another good predictor of performance.

Tree: Since our graphs were always connected for this task, the ex-
istence of cycles was the only criterion that guided participants to
identify non-trees. This was also evident from the questionnaire,
where the majority of them mentioned ‘loops’ or ‘closed areas’ as
the feature of the drawing that they found useful for performing
the task. We argue that this is why the Spring layout clearly facil-
itated the perception of trees. For the Circular and Grid layouts,
the cycles of the abstract graph were not always visually promi-
nent, because of the large number of edge crossings which made
the drawings conveying misleading information regarding the exis-
tence of cycles. This resulted to performance not significantly better
than chance.
However, crossing number is not necessarily the only predictor of
performance in this task, since the Spring layout outperformed the
Planar. This was because the Spring layout clearly demonstrated
the existence of the cycle in the target graphs and drew non-target
graphs in a ‘string’ form. Moreover, Spring produced planar em-
beddings in most of the cases (93% of target and 81% of non-target
graphs). The Planar layout on the other hand, missing this force-
directed background, was not as facilitating. Although it avoided
misleading closed areas, it usually created ‘almost closed’ areas by
placing non-adjacent nodes close to each other. This could lead to
faulty perceiving cycles in cases of trees.
Density: For the Density task, although all layouts resulted to per-
formance better than chance, none of them was found to be better
than the others. Our results are consistent with those of Soni et
al. [SLH∗18], in which the three layout algorithms (Spring, Circu-
lar, MDS) were found to be not significantly different when per-
ceiving Density. Although in their study they have used graphs of
larger order (100 nodes each), the fact that we replicate these results
even for smaller graphs indicates that maybe it is not the drawing
algorithm per se that affects the perception of density, but rather
some specific features of the drawing.

6. Conclusions and Future Work

In this study we examine the effect of Layout for the perception
of specific properties of the abstract graph depicted in the drawing.
For some graph properties, such as Tree and Connectivity, we ar-
gue that more sophisticated drawing algorithms can facilitate per-
formance. However, this is not always the case, as for the Den-
sity task no Layout produced better results than any other. In such
cases it would be worth examining the drawings in more depth, by
analysing specific quality metrics, such as the total edge length, the
crossings number, the angle resolution or the visual importance of
nodes [LLW16], and how each of these could predict performance.
This will be the direction of our follow-up experiments. Findings
of such experiments could provide some insight for designing al-
gorithms that could facilitate performance in specific tasks, by op-
timizing these metrics.
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