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Abstract
The visual representation of a graph is crucial in understanding and analyzing its properties. In this empirical study, we examine
the effect of different drawing layouts on our perception of graph density. We treat density as an absolute property of the graph
and use a Yes-No design, where participants have to decide whether a graph has a given density or not. We compare a simple
grid layout with well-known planar and spring layouts. We also introduce an alternative ‘improved’ grid layout, which reduces
the number of crossings while keeping most of the simplicity of the original grid layout. Results show that our ‘improved’
version of the grid layout facilitated performance on the task, compared to the original one. Moreover, participants were biased
into judging graphs as denser when drawn with the original grid layout, while tended to perceive graphs as less dense when
drawn with the planar and grid layouts. In contrast to previous studies on graph density perception, this is the first indication
that the chosen layout can influence our perception of the graph’s density.

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

1. Introduction

The way humans perceive the density of elements within a scene
has been long studied within the literature [Dur95,Dur08]. Previous
studies examined the relationship between numerosity and density
discrimination, as well as the underlying mechanisms of the two
processes [DTG∗11, ACB14, ATCB15, TDRZ20]. In this study, we
focus our attention on the perceived density of graphs, when they
are depicted as node-link diagrams.
The way visually represent data can strongly influence how the
viewers perceive the data [Tve14, XSB∗21, SDW09, OJEF18]. The
purpose of this study is to examine how the way we choose to depict
a graph on the plane (layout) affects our perception of the graph’s
density, as a graph property. In other words, we study how the vi-
sual density of the layout affects our judgements about the subjec-
tive density of a graph. Graph density is a metric that indicates how
‘full’ a graph is by describing the relationship between the number
of edges and the maximum number of edges, as a function of the
number of vertices of a graph. Although a graph’s density affects
its drawing, it’s not identical to the texture density of its drawing.
Previous empirical studies towards this direction, have examined
the effect of graph layouts on the perception of a number of graph
properties, including density. In a first experiment to model human
ability to discriminate graph properties, Soni et al. [SLH∗18] used
the Just Noticeable Difference (JND) methodology to examine the
effect of three different layouts (Force Directed, Circular, MDS) on

the perceived density of graphs of 100 nodes each. Results found
no significant difference on the perception of density between the
three layouts. In a later study, Kypridemou et al. [KZB20], ex-
amined the effect of four different layouts (Circular, Grid, Planar,
and Spring) on the perception of density and other properties on
smaller graphs of 16 nodes. Using the two-alternative forced choice
(2AFC) methodology, drawings of the same layout were displayed
side by side and participants had to decide which of the two graphs
had the respective property. For the density task, stimuli were pla-
nar connected graphs of 16 nodes, with either 16 or 18 edges each.
Replicating Soni et al.’s results on smaller graphs, none of the four
layouts was found to facilitate performance more than others.
In this study, we treat graph density as an absolute property of the
graph (i.e., a graph having 20 edges), rather than a relative judg-
ment based on the density of another graph (i.e., a graph being
denser than another graph). This way, we extend the previous work
of Kypridemou et al. [KZB20], by transforming the task from a
comparison to the detection of a property. Hence, instead of pre-
senting two stimuli at a time (target and non-target), we choose to
use a Yes-No answer methodology and present a single stimulus
per trial. The Yes-No design also allows control over the amount of
time that participants spend on each stimulus, which would not be
possible with the 2AFC method. Moreover, the new design makes
possible further analyses on the effect of particular graph aesthet-
ics (i.e., features of the drawings) on the perceived density. This
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(a) Grid (b) Grid_i (c) Planar (d) Spring

Figure 1: Exemplar target (20 edges) and non-target (16 edges)
stimuli of the experiment, for different layouts.

allows to draw conclusions about which features of the stimuli af-
fect the perceived density. The 2AFC design provides no insights
about which of the two stimuli (left or right) primarily affected the
human decision in each trial, and therefore such analyses would
not be possible. Finally, in Kypridemou et al. [KZB20], in both the
Circular and the Grid layouts, nodes were arbitrarily placed on pre-
defined positions. To avoid having two similar baseline layouts, we
replace the Circular layout by an improved version of the Grid one.
The aim of this experiment is to examine the effect of different
graph layouts on the perception of graph density, using a mixture
of qualitative and quantitative methods. In the following sections
we present our methodology and procedure, we describe the stim-
uli, and we discuss the results of the experiment.

2. Method

To define the presentation time per trial and the difference between
target and non-target stimuli, we ran a pilot study on three par-
ticipants. The goal was to make the task challenging enough, but
also avoid close to random performance. Because we presented a
single stimulus at a time instead of two, we considered decreasing
the presentation time compared to the previous study. Moreover,
because of the Yes-No design, we also considered increasing the
difference in density between target and non-target graphs. Based
on the pilot study’s results, we decided to decrease the presentation
time from 3000 to 2000 msec, and use target and non-target graphs
with a difference of four edges (16 versus 20 edges) instead of two.
Moreover, to explore differences in layouts beyond the % correct
answers, in this study we use signal detection theory [ST99] to
analyse the d prime (d′) and bias (c) dependent variables. To get
adequate data for this analysis, we increase the number of trials to
200 per participant.
Based on the above decisions about the experiment’s parameters,
we concluded the experimental design. The participants viewed
drawings of graphs of 16 nodes, with either high (20 edges) or
lower (16 edges) density, and had to decide whether the graph
had 20 edges (target graph). The graphs were drawn with each
of the four layouts of Figure 1, and were presented one in each
trial. As shown in Figure 2, each trial started with a fixation cross
displayed at the centre of the screen for 1500 msec, after which
one of the stimuli appeared for 2000 msec. Afterwards, a prompt
message remained on the screen until the participants provided
their response using the keyboard. The experiment consisted of
200 trials, which appeared on a fully random order.

Figure 2: Event sequence of one trial. The participants had to re-
spond to the question ‘Does the graph have 20 edges?’.

2.1. Participants and Procedure

Sixteen participants (7 male, 9 female) aged between 18 and 41
(M = 24.44,SD = 8.59) participated in the study. All of them re-
ported normal or corrected to normal vision and had no previous
experience in graphs. This experiment passed the local ethics com-
mittee approval and took place at the Visual Perception Lab of the
Psychology Department of the University of Liverpool.
The experimenter explained to the participants that they are going
to see graphs of 16 nodes, with either 16 edges or 20 edges, and
they will have to decide whether the graph has 20 edges. Then,
the participants had the chance to view eight exemplar stimuli (4
from each layout: 2 target, 2 non-target), guess the correct answer,
get feedback, and discuss their answers with the experimenter. Af-
ter the instructions, participants reported their confidence level on
understanding the task on a 4-level Likert scale. Then, they moved
into a quiet darkened room and used a chin rest of adjustable height,
to control the distance between their head and the monitor. Partici-
pants performed a training phase of 16 trials, during which they re-
ceived auditory feedback for each trial, and then they did the actual
experiment, which consisted of 200 trials without feedback. Every
50-trial sessions, a message appeared on the screen informing the
participants about their progress so far. After the experiment, they
reported in a written format the strategies they used while perform-
ing the task. This post-experiment question helped us gain some
insights about the internal processes and mechanisms, and iden-
tify specific features of the stimuli that might have affected their
performance. The average time of the experiment per participant,
excluding the instructions and training phase, was 9:30 minutes
(M = 9.5,SD = 1.13 minutes). In the following section, we de-
scribe how we generated the graphs, applied the different graph
drawing algorithms, and produced the final images of the stim-
uli. When necessary, we provide the definitions of graph-theoretic
terms on footnotes.

2.2. Stimuli

All graphs, drawings, and images were generated using Python 3.8
and NetworkX 2.5 [HSSC08]. The experiment was coded using the
PsychoPy 2021.2 library [HSSC08] and Python 3.6. All stimuli
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(a) Crossing Number (b) Total Edge Length (c) Edge Orthogonality

Figure 3: Aesthetics of the 200 stimuli of the experiment. Orange
and blue dots represent graphs of 20 and 16 edges, respectively.

were drawings of simple † graphs of 16 nodes each, drawn with
one of the four layouts shown in Figure 1. Target stimuli had 20
edges, while non-target had 16 edges. To limit any effects of con-
founding variables we also ensured that both target and non-target
stimuli were planar ‡ and connected §.
We generated the non-target graphs using the Gn,m random graph
model by Erdős-Rényi [ER59] (with n = 16 nodes and m = 16
edges), discarding all resulting graphs that were not both connected
and planar. To generate the target graphs, we added to each of the
non-target graphs four more edges at random, using rejection sam-
pling to avoid adding loops and parallel edges, while ensuring that
the resulting graphs were also planar.
After generating the graphs (25 target, 25 non-target), we drew each
one of them using the four layouts of Figure 1. For the Grid lay-
out (Figure 1.a), each node was arbitrarily placed on a rectangular
5× 5 grid with spacing d. The grid placement of nodes induces a
high chance that edges overlap, which may introduce visual ambi-
guities [BRSG07, GFV13]. We resolved this by adjusting the grid
positions in a disk of radius of 0.28 · d, centered on their original
position of the grid points.
The Improved Grid (Grid_i) layout (Figure 1.b), was a variation
of the previous algorithm, which was optimized in terms of some
of the most common graph drawing aesthetics [Pur02, DRSM15,
DS09]. Starting from an initial placement of the Grid layout, the
algorithm computes a total aesthetic metric M as a linear combi-
nation of the normalised planarity (np) ¶, the average edge length
(ael), the edge orthogonality (eo) ∥, and the weighted average

† Simple graphs are unweighted, undirected graphs containing no edge
loops (i.e., edges that connect a node to itself) or parallel edges (i.e., edges
incident to the same two nodes).
‡ Planar graphs are those that can be drawn on the plane in such a way that
no edges cross each other. However, only the planar graph drawing algo-
rithms guarantee that planar graphs will be drawn with zero edge crossings.
§ A graph is said to be connected if for any pair of nodes there is a path
connecting them.
¶ The normalized planarity, or else ‘normalized edge crossing metric’, is
the actual number of crossings in the drawing scaled against the maximum
possible number of crossings. It varies between 0 and 1, with values closer
to 1 indicating a good quality drawing. See [Pur02] for definition.
∥ The edge orthogonality indicates the extend to which nodes and edges of
the drawing follow the points and lines of an imaginary Cartesian grid. It
varies between 0 and 1, with 1 indicating a good quality drawing [Pur02].

shortest path length (aspl) ∗∗, using the edge lengths as weights.
The output of the algorithm is the placement that optimizes M over
1000 iterations, while prioritizing the minimization of the number
of crossings over the other aesthetics. Figure 3 shows the differ-
ences in three of the aesthetics before (Grid) and after (Grid_i)
the optimization was applied. The Improved Grid layouts were
significantly improved compared to the Grid layouts in all cho-
sen aesthetics, except eo. The Grid_i layouts had 6.42 crossings
on average, with M(np) = 0.95, M(ael) = 0.92, M(eo) = 0.53,
M(aspl) = 2.93, while the Grid layouts of the same graphs had
26.8 crossings on average, with M(np) = 0.78, M(ael) = 1.04,
M(eo) = 0.54, M(aspl) = 3.27.
Planar layouts (Figure 1.c) are drawings in which no edges cross
each other (np = 1). Since we had generated our graphs to be pla-
nar, we could apply a planar layout to draw them in such a way. We
used the Left-Right Planarity Test [dFR85] and the Chrobak and
Payne drawing algorithm [CP95] to get a straight-line planar draw-
ing on a (2n−4)× (n−2) grid, where n is the number of nodes of
the input graph. Since the Chrobak and Payne algorithm is using a
preliminary triangulation step, the resulting layout has a triangular-
shaped outline that is internally triangulated.
Spring layouts (Figure 1.d) are generated by a type of Force-
directed (FD) algorithms that model edges as mechanical springs
and vertices as charged particles. The model applies forces to the
nodes based on their relative positions in space, and simulates their
motion until they reach an equilibrium that minimizes the total en-
ergy of the system. FD layouts are well known for producing aes-
thetically pleasing drawings that tend to exhibit synmmetries, uni-
form node distribution and few edge crossings [Kob12]. We used
the Fruchterman-Reingold algorithm [FR91], a traditional FD al-
gorithm in which edges are simulating springs of fixed length. As
a result, connected nodes are drawn near to each other, but not
too close to each other, resulting to more uniform edge lengths
[HHW18, BHR95].
The resulting 200 drawings were depicted as node-link diagrams of
red dots of fixed size (20 pixels) and black lines of fixed thickness
(1.0 pixel). We also ensured that all drawings were enclosed on an
imaginary fixed disk, centered on the canvas area, and were occu-
pying a relatively equivalent visual area. All stimuli were saved as
images of 180 dpi and 1152× 864 pixels. They were presented on
a 15.6” LCD monitor with a 60 Hz refresh rate, and a 1920×1080
pixels resolution, at a fixed viewing distance of 57 cm.

3. Results

3.1. Questionnaire Results

Prior to performing the experiment, the majority of participants (15
of 16) reported ‘very high confidence’ on their understanding of the
task, with only one reporting having ‘high confidence’. After the
experiment, 12 out of 16 participants reported that they had used a
specific strategy while performing the task. Four of the participants
mentioned that the existence of many high-degree nodes indicated a
denser graph. The number of closed cycles or triangles was another

∗∗ The average shortest path length is the average number of steps along
the shortest paths for all possible pairs. For the weighted version, the short-
est path is the one that minimizes the sum of the respective edge weights.

© 2022 The Author(s)
Eurographics Proceedings © 2022 The Eurographics Association.

33



E. Kypridemou, M. Zito, and M. Bertamini / Graph Layout and Graph Density Perception

prominent feature that seemed to affect their judgements. Two of
the participants reported using the number of cycles of the shape as
an indication of its density, while one of them specifically reported
that the existence of more than one cycles was a sign of target stim-
uli. The edge lengths also guided participants’ judgements about
density, with shorter lines indicating higher density. Other answers
included the existence of crossing lines, and the complexity of the
shapes, with simpler shapes indicating less dense graphs. One par-
ticipant reported that when lines were closer to each other it felt
like the graph was denser, but also observed that maybe that was a
visual illusion.

3.2. Quantitative Results

To check whether overall performance was better than random an-
swering, we performed an one-sample t-test with a 99% confidence
interval. The mean % correct score was found to be significantly
different than 50% for the whole task (t(63) = 11.73,p < 0.001).
After applying a Bonferroni correction, to account for multiple hy-
pothesis testing, we found that performance was also better than
chance for each layout separately (t(15) = 6.04,p < 0.001 for Grid,
t(15) = 6.87,p < 0.001 for Grid_i, t(15) = 6.01,p < 0.001 for Pla-
nar, and t(15) = 5.79,p < 0.001 for Spring).
We also calculated the hit (H) and false alarm (FA) scores, as well
as the sensitivity (d′) and bias (c), for each layout for each partic-
ipant. To correct any H and FA scores of 1 or 0, we applied the
log-linear rule [Hau95]. The results of all performance scores per
layout are shown in Figure 4. There was a significant main effect of
layout on the % correct performance (F(3,45) = 6.33, p < 0.01),
with the Grid layout having significantly lower % correct perfor-
mance than the rest, but still higher than chance. However, the d′

measure of sensitivity was not significantly different for any of the
layouts (F(3,45) = 2.19, p = 0.10), indicating that the layout did
not affect participants’ sensitivity on detecting the target graphs.
Finally, there was a significant main effect of the layout on the
bias metric c (F(3,45) = 21.27, p < 0.001). The bias of the Grid
layout was clearly below zero (M(c) =−0.81), indicating the ten-
dency of participants to reply ‘yes’ on graphs drawn with it. On
the other hand, for the Planar and Spring layouts bias was found
to be positive (M(c) = 0.38, M(c) = 0.47 respectively). The Im-
proved Grid layout did not bias participants towards any direction
(M(c) =−0.016).

4. Discussion

Unlike previous findings on graphs of similar and larger size
[SLH∗18, KZB20], we found a significant main effect of layout on
the % correct performance of density judgements. We also found
a significantly different behaviour between layouts when analysed
the bias metric. When participants saw a Grid drawing, they had the
tendency to perceive it as a high-density graph of 20 nodes, regard-
less of the subjective density of the graph. On the other hand, for
the Planar and Spring layouts, they tended to perceive both target
and non-target graphs as low-density graphs. This is particularly in-
teresting, when we consider the aesthetics metrics of the different
layouts. Grid drawings tend to have considerably more crossings
and longer edges than the Planar and Spring layouts (see Figure
3). Hence, the quantitative results on bias are consistent with the

(a) % correct (b) % correct

(c) sensitivity (d′) (d) bias (c)

Figure 4: Bar plot of % correct and violin plots of all performance
metrics (% correct, sensitivity, bias) per layout. Error bars refer to
±1 SEM.

strategies that participants reported in the online questionnaire. The
higher number of crossings and the more ‘complicated’ drawings
were some of the features that they mentioned as indicators of high-
density graphs. The results indicate that specific aesthetics of the
drawings, such as the crossings number and the total edge length,
seem to be good predictors for the perceived density of a graph.

5. Conclusion

Previous studies in small [KZB20] and larger [SLH∗18] graphs,
found no significant effect of the graph’s layout on our perception
of its density. In this study, we analyse the participants’ sensitiv-
ity and bias in detecting a given density. In contrast to the two
previous studies, this is the first indication that the graph layout
might affect the perceived density of a graph. Results show that spe-
cific features of the layouts might bias our judgements about graph
density. Drawings that seem to be more complex and unstructured
(e.g., have more crossings) tend to bias us towards overestimating
the graph’s density, while more aesthetically pleasing and readable
drawings (e.g., fewer crossings, more uniform edge lengths) tend
to make the graphs look less dense.
This was a first indication that the layout, as well as the specific
aesthetics of a drawing, might bias our perception of graph density.
However, our investigation was limited to graphs of specific size
and density. To fully explore the human perception of graph den-
sity, more extensive work needs to be done towards this direction.
Future studies can explore a larger range of values regarding the
size of the graphs, as well as the differences in number of edges
between target and non-target graphs.
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