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Figure 1: The same network visualized in three geometries present in our study: (a) Euclidean, (b) hyperbolic, (c) spherical.

Abstract
We investigate the usability of Euclidean, spherical and hyperbolic geometries for network visualization. Several techniques
have been proposed for both spherical and hyperbolic network visualization tools, based on the fact that some networks admit
lower embedding error (distortion) in such non-Euclidean geometries. However, it is not yet known whether a lower embedding
error translates to human subject benefits, e.g., better task accuracy or lower task completion time. We design, implement,
conduct, and analyze a human subjects study to compare Euclidean, spherical and hyperbolic network visualizations using tasks
that span the network task taxonomy. While in some cases accuracy and response times are negatively impacted when using
non-Euclidean visualizations, the evaluation shows that differences in accuracy for hyperbolic and spherical visualizations are
not statistically significant when compared to Euclidean visualizations. Additionally, differences in response times for spherical
visualizations are not statistically significant compared to Euclidean visualizations.

CCS Concepts
• Human-centered computing → Visualization design and evaluation methods; Empirical studies in visualization;

1. Introduction

Many network visualizations begin with a node-link diagram
drawn in the Euclidean plane, such as the space of the computer
screen or a sheet of paper. However, representations in differ-
ent geometries have shown visualization benefits, for example fo-
cus+context effects and the possibility to represent the underlying
data more faithfully. In the context of network visualization, spheri-
cal [GSF97,KW05,SK03], hyperbolic [MB95,Mun97,LRP95], and
toroidal [CDMB20, CDBM21] geometries have been considered.

Although these visualizations differ significantly from the stan-
dard Euclidean setting, there has been little work in evaluating
their performance with human subjects studies. Thus, there is lit-
tle one can say about when it is appropriate to make use of

such non-Euclidean network visualizations. Early results compar-
ing spherical, hyperbolic and Euclidean network visualizations in-
dicate some benefits [DCL∗17]; in this paper we expand the types
of tasks and use consistent embedding methods. Spherical and
toroidal geometries have been shown to aid in cluster identification
tasks [CDY∗22]. In contrast, we consider Euclidean, hyperbolic,
and spherical visualizations and different types of networks.

Unlike the well-known embedding-quality metric stress [Kru64,
EMK∗21], distortion [SSGR18, MKH22] can be used to compare
the quality of embeddings between different geometries. Previous
work has shown that some networks can be embedded with lower
distortion in non-Euclidean spaces [SSGR18] and there exist al-
gorithms which consistently achieve this lower distortion for both
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spherical [MHK23] and hyperbolic [MKH22] spaces. We aim to
verify if this helps with task performance (time or accuracy).

Recent human subjects studies have confirmed that people can
perceive differences in stress/distortion [MPW∗24], which leads to
the question whether the lower distortion realizable by some net-
work/geometry pairs corresponds to visualization benefits, such as
task support or aesthetic preference. In this paper we describe a
human subjects study to answer the following research questions:

• RQ1: Does the distortion of a network embedding correspond
to better task support, i.e., if the embedding has the lowest dis-
tortion in hyperbolic space, is there measurable benefit to using
hyperbolic space?

• RQ2: What is the effect of using non-Euclidean network visual-
izations over the traditional Euclidean setting, i.e., how are task
accuracy and response time affected?

• RQ3: Are some tasks better suited to a particular visualization
geometry?

Our study covers many types of network tasks and includes net-
works defined from Euclidean, spherical, and hyperbolic spaces,
unlike prior studies that focus on a subset of possible tasks and
on particular network types. We expect a network taken from a
space will be better suited to task support when visualized in that
space. We show that while the use of non-Euclidean geometries
requires more interactions, there is no adverse effect in time and
accuracy overall compared to Euclidean visualizations. This par-
tially confirms and partially conflicts with results from earlier stud-
ies [DCL∗17, CDY∗22]. In particular, our contributions are:

• To the best of our knowledge, the first human subjects study
on non-Euclidean network visualization to account for network
structure and to use comparable layout algorithms.

• Partially confirming results by Du et al. [DCL∗17] that spherical
network visualizations are comparable to traditional Euclidean
visualizations, but now of a full spectrum on 6 network tasks.

• New results showing that while hyperbolic visualizations tend to
have longer response times, they are comparable for networks
with hyperbolic structure.

• An exploratory analysis of participant accuracy and response
time by task in each geometry.

• Summary of qualitative participant responses which indicate,
among other things, that the hyperbolic visualization style was
polarizing among participants.

2. Background and Related Work

We give a brief background on non-Euclidean geometry, its use in
network visualization, and related work we build upon in this paper.

2.1. Background

Consistent geometries are the spaces which satisfy the first four of
Euclid’s postulates from his classical Elements text: Euclidean, hy-
perbolic, and spherical (elliptical) geometries. Non-Euclidean ge-
ometries refer to both hyperbolic and spherical geometries, which
are obtained by modifying Euclid’s fifth postulate about parallel
lines. Two lines A and B are said to be parallel if there is a third
line, C, which intersects them both at right angles. In Euclidean

geometry, the distance between A and B remains a fixed constant.
The behavior is different in non-Euclidean geometries: in hyper-
bolic space, A and B will “curve away” and increase in distance the
further from the intersection of C while in spherical space, A and B
“curve into” each other eventually intersecting.

Non-Euclidean geometries have an interesting history with net-
work visualization dating back to the 1990s. They were first intro-
duced with hyperbolic browsers for tree visualization, by Lamping
et al. [LRP95] and Munzner [MB95, Mun97]. Meanwhile, spheri-
cal geometry was used for force-directed network layout [GSF97,
KW05, PYGK20] and for self-organizing maps [SK03, WT06].

The network visualizations in our system that are seen in mul-
tiple figures throughout the paper (e.g. Fig. 1) are based on
Multi-Dimensional Scaling (MDS) for network drawing. MDS
was first introduced for statistical analysis of data [Tor52], but
has since become a popular dimension reduction [EMK∗21] tech-
nique. MDS was first applied to network drawing by Kamada
and Kawai [KK89] and later improved via stress majorization
in [GKN04]. More recently, it has been shown that stochastic gra-
dient descent is more consistent and requires fewer iterations to
reach minimum stress levels than the stress majorization algo-
rithm [ZPG19].

MDS can be extended to non-Euclidean geometries [MKH22,
MHK23]. As in Euclidean space, the goal is to match the graph-
theoretic distances in the network to the geodesic distances (short-
est distance between two points in the respective geometry) in the
drawing space. A metric known as distortion [SSGR18, MKH22]
represents how well these graph-theoretic distances are preserved
in the embedding. The distortion function (similar to the more fa-
miliar notion of stress) allows us to compare the quality of the em-
bedding across different geometries and is defined as follows:(

|V |
2

)−1
Σi< j

|δ (Xi,X j)−di, j|
di, j

(1)

where Xi represents the position of vertex i in the drawing space,
di, j is the graph-theoretic distance between vertex i and vertex j,
and δ is the geodesic distance function between two points. Sala
et al. [SSGR18] show that certain networks (e.g. trees) can be em-
bedded with lower distortion in hyperbolic space than is possible in
Euclidean space. Similarly, there are networks that can be embed-
ded with lower distortion on the sphere (e.g., 3-dimensional poly-
topes). Miller et al. show that lower distortion embeddings can be
computed efficiently with the hyperbolic MDS algorithm [MKH22]
and with the spherical MDS algorithm [MHK23].

2.2. Related Work

Yoghourdjian et al. [YAD∗18] summarize and categorize over 100
papers that involve human subjects empirical studies in network
visualization. They consider different features such as complexity,
tasks, interactions, and size, with one of the key takeaways being
that only 37% of studies in the survey used networks with more
than 100 nodes. The size and number of networks used in our study
is consistent with the state-of-the-art found by Yoghoudjian et al.

A survey on non-Euclidean network visualization identifies sev-
eral open areas of research [MBK24], specifically noting the lack
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of human subjects studies conducted in this field, despite the pos-
itive conclusions of a handful of earlier experiments with spher-
ical [DCL∗17] and toroidal [CDBM21, CDY∗22] visualizations.
Recently, Jeon et al. call on the visualization and HCI communi-
ties to further investigate the validity of non-Euclidean visualiza-
tion through human subjects studies [JLK∗25]. We aim to fill in
some of the gaps in studies on spherical and hyperbolic visualiza-
tions.

We build on a previous study by Du et al. [DCL∗17], who intro-
duced iSphere, which maps a Euclidean drawing onto the sphere
using inverse projections. A within-subjects user study then com-
pares Euclidean against hyperbolic and spherical layouts. Partici-
pants are presented with layouts of stochastic block model random
networks (networks with clusters), and are asked to solve network
tasks in each of the three visualization styles. The layouts were de-
rived from a stress majorization for Euclidean [GKN04], a force-
directed algorithm for hyperbolic [KW05], and the iSphere tech-
nique for the sphere [DCL∗17]. In Du et al.’s study, participants
were presented with three tasks related to node degrees:

• D1 Given a node A, find a target node B with the highest degree
in A’s neighborhood.

• D2 Given two nodes A and B, find a target node C with the high-
est degree among the common neighbors of A and B.

• D3 Given a path from node A to node B, find a target node C
with the highest degree among the nodes on the path.

The study considers different screen sizes and network sizes as ad-
ditional dependent variables with the primary variable being the
visualization style. Each network had 3 clusters, with low or high
network modularity (a network statistic quantifying cluster den-
sity). The main results indicate that the sphere and Euclidean visu-
alizations provide comparable time and accuracy, while hyperbolic
performed worse in some tasks. In particular, no significant differ-
ences were found between any of the three conditions for tasks D1
and D2, while the hyperbolic condition was associated with signif-
icantly worse time and accuracy for task D3. Additionally, partic-
ipants in the experiment consistently ranked the hyperbolic condi-
tion worse than both the Euclidean and spherical conditions.

Compared to the study of Du et al., ours offers several improve-
ments. First, we use 6 tasks that better cover the spectrum in the
network (graph) task taxonomy. Second, we use a consistent set
of embedding algorithms across the three geometries: all layouts
are MDS-based and optimize the same function in each geometry.
Third, we use a more diverse set of networks, including networks
specifically chosen because they can be embedded with lower dis-
tortion in each of the 3 geometries.

Chen [CHE22] describes a systematic exploration of the design
space for wrappable visualizations, which includes spherical and
toroidal network visualizations, but not hyperbolic visualizations.
Chen et al. [CDBM21] compare several different drawing styles
on the torus to the Euclidean plane and find that toroidal drawings
have benefits in cluster identification tasks. Another study compar-
ing Euclidean, toroidal, and several spherical visualization styles
also finds that toroidal and spherical drawing styles outperform Eu-
clidean drawings for cluster identification tasks [CDY∗22].

Lens effects are visually similar to non-Euclidean visualiza-

(a) (b) (c)

Figure 2: Illustration of zooming in condition S: (a) is the default
size (b) shows a zoomed-in view on the center. (c) Hovering over a
node changes its color to yellow. All neighbor colors also change
to magenta. Edges between the hovered node and its neighbors are
emphasized by increased thickness.

tions. Fisheye views for networks were introduced by Sarkar and
Brown [SB94] and have been used to provide focus+context in net-
work visualizations. A user study by Wang et al. [WWZ∗19] mea-
sures time and accuracy between flat drawings, a hyperbolic visu-
alization, the iSphere technique [DCL∗17], and the authors’ own
fisheye technique. The authors partially replicate some results from
Du et al. [DCL∗17] and observe that the fisheye view provided the
lowest error and completion times with their data.

We classify the tasks used in our experiment along two dimen-
sions of taxonomies: Lee et al. [LPP∗06] provide a network task
taxonomy which covers network-specific tasks at both a high and
low level. Specifically, we use four topology-based tasks (adja-
cency, accessibility, common connection, connectivity) along with
an overview task. Low level tasks for general data visualization are
also applicable to networks in many cases, so we additionally clas-
sify our tasks with the taxonomy by Amar et al. [AES05]. Specifi-
cally, our tasks include filtering, retrieving a value, comparing val-
ues, finding extrema, and determining range. Table 2 shows how
our tasks fit in these two taxonomies.

3. Methodology and Design

In this section we detail our experimental design. We were guided
by prior human subjects studies about network visualization, exten-
sive piloting, and the need to keep the study to a reasonable length.
Our research questions posed in the introduction were the primary
factors in our study design. These questions are informed by recent
work [MHK23,MKH22] with the goal to extend the previous Du et
al. study [DCL∗17]. For RQ1 it is necessary to include a wide vari-
ety of networks in the experiment; for each geometry there should
be network embeddings for which their distortion is lowest in that
geometry. RQ2 guides us to a within-subjects study design, so that
we can compare a baseline (Euclidean) to the other visualization
conditions. Finally, RQ3 suggests we should include a broad spec-
trum of network tasks.

3.1. Conditions

The conditions of interest are the geometries of the visualization:
Euclidean, spherical, and hyperbolic. As much as feasible, the con-
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ditions differ only in the behaviour of the geometry with care taken
to ensure everything else remains the same.

Euclidean (E): The Euclidean condition represents a standard
node-link diagram, drawn in the flat, 2D space of the computer
screen. Nodes are drawn as circles and edges drawn as straight line
segments between the adjacent nodes. Node radius is set to 10 pix-
els, with edge width set to 1.5 pixels. The drawing is scaled so
that it just fits the viewing window upon start. The border of the
viewing window is drawn as 1 pixel wide black line, indicating the
boundary. An example is shown in Fig. 1(a).

Hyperbolic(H): For the hyperbolic condition the network is first
embedded in hyperbolic space and then node positions on the com-
puter screen are computed using a Poincarè projection. Nodes are
still drawn as circles, with edges becoming circular arc segments,
which represent geodesics in hyperbolic space. In the Poincarè pro-
jection, lengths and areas decrease at an exponential rate with the
distance from the center of the view. For this reason, while nodes
in the center of the projection have a radius of 10 pixels, they get
smaller the further from the center they are. Similarly, edge width is
1.5 pixels near the center, and decreases away from it. The bound-
ary of the disk is drawn with a solid 1 pixel black circle. An exam-
ple is shown in Fig. 1(b).

Spherical (S): For the spherical condition the network is first em-
bedded on a sphere and the view provided shows half of the sphere
(the “view-from-space” orthographic projection). Nodes are drawn
as circles with 10 pixel radius at the center, but due to the projec-
tion become ellipses near the boundary. Edges are circular arc seg-
ments that represent geodesics in spherical space. The width of the
edges is 1.5 pixels. The boundary of the projection is drawn with
a solid 1 pixel black circle. Unique to the sphere, due to the ortho-
graphic projection, half of the drawing space is always obscured at
one time. An example is shown in Fig. 1(c).

3.2. Interactions

Introducing interactions also introduces complexity and potentially
confounding factors. However, some interactions are needed in or-
der to make task-solving feasible, especially in the H and S con-
ditions. We provide a small set of interactions (pan, zoom, hover,
recenter, reset) as described below. Note that none of these inter-
actions affect the quality of the embedding (measured by its distor-
tion value), although some visually change the embedding (e.g., the
fisheye view effect of recentering in hyperbolic space). We record
all interactions by a participant, and utilize them in our analysis.

Pan The geometric pan interaction allows users to bring an area
of interest in the center. It is implemented via the standard “grab
and drag” fashion in all three conditions. This is done via transla-
tion (E), Möbius transformation (H) [MKH22], and rotation (S).
Panning is a common interaction employed in prior network visu-
alization studies [DCL∗17, PCZ∗21, SZG∗96].

Zoom Zooming is another common interaction that is partic-
ularly useful for networks with more than a few dozen ver-
tices [DCL∗17,WWZ∗19]. There are two different notions of zoom

(a) (b)

Figure 3: Re-centering a node by double-clicking on it: (a) shows
a node which is to be re-centered (yellow) and (b) shows the yel-
low node brought to the center of viewing window. This action is
smoothly interpolated from the start to end positions.

in non-Euclidean geometries [MKH22]. In Euclidean space, zoom-
ing is akin to bringing the plane closer to the viewer, so our im-
plementation is analogous for non-Euclidean spaces (bringing the
sphere or hyperbolic plane closer); see Fig. 2.

Recenter around click A interaction typically present in hyper-
bolic browsing systems [MKH22] is the recenter interaction. When
the user double-clicks on a point, the system automatically pans to
make the clicked point the center of the layout. This interaction is
provided in all three conditions. An example is shown in Fig. 3.

Hover Early feedback indicated that participants were unsure ex-
actly where they were clicking to perform the recenter interac-
tion. With this in mind, we provided a hover interaction. When
the mouse cursor enters the boundary of a node, the node color
changes, the boundary and incident edges are thickened and the
neighbors change color. The benefits of static and motion high-
lighting of nodes and their neighbors in node-link diagrams, es-
pecially when solving visual tasks such as ours, have been studied
before [MCH∗09, WB05]; see Fig. 2.

Reset visualization Early participant feedback indicated that too
much zooming/panning, can get one “lost in space”, especially in
the hyperbolic condition where the entire network can become in-
visible if forced too far from the center. This justified the reset but-
ton which restores the initial state of the visualization.

3.3. Fixed parameters

Here we discuss the fixed parameters of the experiment including
the data (networks, layout) and aesthetic choices (sizes, colors).

Networks The selection of networks was a careful choice in order
to be able to effectively answer RQ1. We initially intended to use
only real-world networks taken from Miller et al. [MHK23] but ul-
timately decided that controlling for size and density was desirable
for most networks to reduce confounding factors. For each geome-
try, we generated two random networks based on the Random Ge-
ometric Graph generator for Euclidean space [Pen03], which has
already been generalized to hyperbolic space [KPK∗10] and gen-
eralizes naturally to the sphere. These models uniformly distribute
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|V| |E| avg_deg. E_dist. H_dist. S_dist.
E_rand_s 50 150 6.0000 0.1033 0.1362 0.1217
E_rand_l 100 400 8.0000 0.1011 0.1312 0.1495
dwt_162 162 510 6.2963 0.0928 0.2217 0.1191
H_rand_s 50 150 6.0000 0.2465 0.0913 0.1143
H_rand_l 100 400 8.0000 0.2459 0.1234 0.1829
tree_150 150 149 1.9867 0.2815 0.1514 0.2068
S_rand_s 50 150 6.0000 0.2443 0.1121 0.0897
S_rand_l 100 400 8.0000 0.2450 0.1439 0.1060
dodec_3 230 240 2.0870 0.3014 0.3615 0.0544

Table 1: Summary of the networks that appeared in our experiment
along with their embedding scores in each geometry. Accompany-
ing images of each network and layout can found in supplementary
material.

|V | points in the desired geometry, then connect two points with an
edge if they are within a geodesic radius r.

We slightly modify this procedure by only taking the first |E|
shortest edges (sorted by length). In this way, we can specify
both |V | and |E| to obtain the desired size and density while still
capturing the target space. We also ensure that all generated net-
works are connected. These networks are named E_rand_small,
E_rand_large, and similar for S and H; see Table 1. We confirmed
that the distortion values of the embeddings were indeed lower in
the appropriate geometry, compared to the other geometries. While
these networks are random, they fundamentally differ in the geome-
try they are derived from. It has been shown that geometric random
networks from a non-Euclidean space exhibit properties not found
in other random networks [KPK∗10], and such networks allow us
to answer RQ1 – do networks with lower distortion in a particular
geometry benefit when visualized in that geometry?

We included three networks representative of the types of net-
works that can be embedded with low distortion in their “natu-
ral geometry”. Euclidean space is natural for the wire mesh net-
work dwt_162. Hyperbolic space is natural for a tree on 150 nodes,
tree_150. Spherical space is natural for the network representation
of the planar solid dodecahedron, subdivided three times, dodeca-
hedron_3. These networks are also summarized in Table 1 and seen
in Fig. 4.

Network Layout The layout algorithms used were chosen care-
fully to be as similar as possible in order to reduce noise resulting
from layouts in our results. We opted for MDS-based approaches,
as they are readily available in all three geometries. Specifically,
we use a Euclidean MDS layout from Zheng et al. [ZPG19], spher-
ical MDS from Miller et al. [MHK23], and hyperbolic MDS from
Miller et al. [MKH22]. Each of the 9 networks × 3 geometries
= 27 network-layout pairs were visually inspected to ensure they
produced reasonable results. A representative example is shown in
Fig. 1, and all layouts can be found in supplementary material.

Note that we do not adjust the initial center of networks to ac-
count for different questions or different highlighted nodes. This
means that some highlighted nodes may be harder to see in spher-
ical and hyperbolic visualizations, but this is an inherent conse-
quence of these visualizations styles and we argue that it makes for
a more fair comparison.

Style Edges are 1.5 pixels in width and are grey in color. When an

incident node has been hovered over by the participant, the edge
doubles in thickness and its color changes to black. We aim to keep
node sizes as consistent as possible across each condition, despite
the differing behaviour of the geometries. At the exact geometric
center of each condition, the node size is precisely 10 pixels. In
Euclidean geometry, the size and shape is fixed. Hyperbolic geom-
etry has a strong focus+context with node sizes decreasing as they
approach the boundary. In spherical geometry, the circles repre-
senting nodes are stretched to ellipses, eventually disappearing “be-
hind” the globe. For some tasks, we ask questions related to “high-
lighted” nodes, which appear 50% larger in radius than they would
otherwise. Each condition has a default white background, with a
1 pixel black border to indicate the visualization space. This bor-
der is a rectangle in E, but a circle in both H and S conditions due
to the chosen projections. We use colorblind-safe options for the
nodes [Won11]: light blue for visualizing nodes by default, yellow
for hovered nodes, magenta for neighbors of hovered nodes, and or-
ange for “highlighted” nodes related to the question; see Fig. 2(c).
The exact color scheme can be found in supplemental material.

Display As the interactions and feel of the tools were developed
with desktop PCs in mind, we decided to restrict the availability
of the test on mobile, tablet and other smaller devices. We set the
minimum width of a device to be 801 pixels and any device under
that measurement would not be able to access any page of the tool.
For larger devices, the visualization would fill the dimensions of
the window. Controlling the use of such small devices removes a
potentially confounding variable in the study.

We note that while the S and H conditions are contained in a
circle, the E condition is rectangular. While one could restrict E to
a circle as well, we decided to keep it as rectangular to preserve
external validity of our study. Just as rectangular windows are stan-
dard for Euclidean visualizations, circular windows are standard
for the orthographic projection of spherical space and the Poincarè
projection of hyperbolic space.

3.4. Tasks

In an effort to cover as broad a spectrum of tasks as possible, we
use a table that represents the intersection between the network task
taxonomy of Lee et al. [LPP∗06] and the more general visualization
taxonomy of Amar et al. [AES05]; see Table 2. First, we identified
where Du et al.’s [DCL∗17] three tasks fell in this table, shown in
orange (D1, D2, D3). We then attempted to cover all columns (all
types of network tasks) while covering as many rows as possible.
Our experiment utilizes 6 tasks, shown in blue in the table:

• T1: Count neighbors of a node with a given degree
• T2: Count common neighbors of two nodes
• T3: Determine the length of the shortest path between two nodes
• T4: Estimate the size (nodes or edges) of the graph
• T5: Determine the most frequent degree of a group of nodes
• T6: Count how many additional nodes are reachable from a

given node in given number of steps

An instance for one of the above tasks is a layout of a network,
with highlighted relevant nodes (or node), and 4 possible answers
(one of which is correct). The task instances in our study are gener-
ated programatically and ensure that there is exactly one correct an-
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(a) (b) (c)

Figure 4: (a) dwt_162 shown in the E condition (b) tree_150 shown in the H condition (c) dodecahedron_3 shown in the S condition. Each
of these networks are representative of the types of networks which have lowest distortion in their respective spaces.

swer. We also control the level of difficulty targeting under 30 sec-
onds for completion. Possible answers are always shown in sorted
order.

For each network, we create 3 instances for each of our 6 tasks,
resulting in 9×6×3 = 162 total unique instances. An example of
one instance of each task is shown in supplemental material and all
162 instances can be found via the web page; see Section 6.

3.5. Experimental design

We created a within-subjects experiment, as it is important to di-
rectly compare participant results by geometry. However, the num-
ber of network/task/geometry triples (9× 6× 3 = 162) makes the
experiment too long for one person. With this in mind, we settled
on a within-subjects design with respect to networks and geome-
try (every participant sees all all networks and all geometries), but
broke the tasks into 3 groups of 2 (each participant sees only two
of the six tasks). A full within-subjects design took participants too
long to complete, so we settled on this shorter study as a compro-
mise.

This results in a design where each participant answers 54 ques-
tions (9 networks x 2 tasks x 3 geometries ). The order in which
participants used each geometry, as well as the order of the ques-
tions, is determined based on a balanced Latin square to reduce
learning effects i.e. participants were assigned a square for order of
geometry, and another square for order of questions.

Experiment outline The experiment design was reviewed and ap-
proved by the University of Arizona Institutional Review Board

Lee et al. [LPP∗06]
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Adjacency

Accessibility

Comm. Connect.

Connectivity

Overview

Retrieve Value T6 T2
Filter T1
Compute Value T5
Find Extremum D1, D3 D2 T3
Det. Range T4

Table 2: Task classification for our tasks and Du et al.’s tasks. Tasks
which do not have a row or column filled are omitted.

(STUDY00003850). After consenting to participation, the main
body of the experiment contains 3 blocks, one per condition.

Each block begins with an introduction page. This page intro-
duces definitions, descriptions of interactions, and an example vi-
sualization in the current condition. Participants were encouraged
to spend time familiarizing themselves with their specific visual-
ization and interactions using a small sample graph; an example is
shown in supplementary material.

After the introduction, each block goes through 18 questions
with the current condition, one for each network-task pair. The final
question page design is found in supplemental material. After the
last task, participants are asked to answer ten subjective questions
about the condition (e.g., how aesthetically pleasing was this con-
dition?) on a 1-5 Likert scale. The order of the 3 blocks, as well as
the order of the questions within each block, is determined based on
a balanced Latin square. The final page of the experiment collects
general demographic data (e.g., age group, gender) and provides a
window for open-ended feedback.

Results from Pilot During the design phase, we asked visualization
researchers (not involved in the study beyond the pilot) to complete
the experiment and provide feedback. This helped catch bugs and
minor fixes, but more importantly we were able to identify and rec-
tify several non-trivial issues. We briefly discuss three examples.

One such issue was the pan effect for S and H conditions. Sev-
eral pilot participants noted that the pan direction felt “inverted”
from Euclidean space. While we as designers imagined rotating
the ball or hyperbolic plane, this was not how the effect was being
perceived. We changed the pan effect so that the pan is always in
the direction of the mouse cursor for all conditions. The second is-
sue concerned difficulties finding highlighted nodes (see Fig.2(c)).
Based on this feedback, we increased the size of the nodes of in-
terest to allow them to further stand out (in addition to being of
different color). Finally, some task instances were too difficult and
others too easy. This feedback helped us control the difficulty level
across conditions to hopefully avoid floor and ceiling effects.

4. Results and analysis

We recruited participants for the study by making a webpage
available on Reddit, posting to subreddits r/takemysurvey and

© 2025 The Author(s).
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r/samplesize. We additionally contacted friends and colleagues. No
incentives were offered for participation.

Demographics: In total, we had 29 participants complete the study.
The average amount of time spent on trials was 25.5 minutes, while
the average real-world time (breaks, directions, feedback, etc. in-
cluded) was 46.2 minutes. Of our participants, 23 were men, 4 were
woman, and the remaining 2 preferred not to say. 25 participants
were between the ages of 18-35 and the remaining 4 in the ages of
36-55. Familiarity with network visualizations ranged from 4 that
were either completely new or had seen networks in passing, to 13
that had discussed networks in coursework, to 6 that use them in
their work/job, and 6 participants identified as experts.

4.1. Quantitative analysis

The majority of data collected is not normally distributed, and so
non-parametric tests are performed. Unless otherwise specified, the
significance level of all tests is done at p < 0.05.

Effectiveness is measured in three ways: accuracy, response
time, and interactions [HEH09, BHW∗21]. Accuracy is a binary
measure: 0 if a participant answered incorrectly and 1 if a par-
ticipant answered correctly. Response time is the amount of time
in seconds from when the visualization loads until the participant
submits their answer; this includes reading the question, navigat-
ing the visualization, counting, etc. Interactions are measured by
adding together each of the pan, zoom, and double-click interac-
tions. We considered including the hover interaction in the mea-
sure but decided against it as hovering was used almost equally in
all three conditions; see Fig. 9 (b).

When aggregating non-normal data, it is often advisable to use
the median (as we do for response time data) since it is less sensi-
tive to outliers or skew. However, as accuracy and interactions are
discrete, we use the mean when aggregating these measures.

When speaking of confidence intervals (CI), we mean the range
of values where the true mean of the population lies with 95% prob-
ability. This statistic is computed based on the number of samples
and the variance of those samples [Dek05].

4.1.1. RQ1

To explore RQ1 we first grouped participant responses by visual-
ization condition (E, H, S) and by distortion values (e, h, s) (see
the blocks in Table 1) to partition our 27 network-drawing pairs
into 9 groups: e(E), e(H), e(S), h(E), h(H), h(S), s(E), s(H), s(S).
Here, the group h(E) refers to the group of networks which have
lower distortion in hyperbolic space (the middle three networks in
Table 1) and are drawn in a Euclidean style (condition E). In par-
ticular, we are interested in how each group of networks compare
when employed in different visualization conditions.

Analysis: We aggregate data by taking the mean (accuracy, inter-
actions) or median (time) over all tasks for each of these groups per
participant. For each effectiveness measure, we perform a two-way
non-parametric Wilcoxon Rank Sum test between each set of net-
works in its “natural” geometry against one of the other geometries
i.e. we test e(E) against e(H) and e(E) against e(S) with results in
Table 3(a).
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Figure 5: Relevant statistics for RQ1 with box plot notation (box
shows the first and third quartile of the dataset, inner notch denotes
the median, whiskers reach out to furthest datapoint up to 1.5x the
length of the box). We have further noted the mean as a grey trian-
gle imposed on the plot. Aggregated individual participant results
are shown as semi-transparent points with their x-values randomly
perturbed so one can see the distribution. Finally, pairs of groups
which are significantly different are shown via a grey line connect-
ing their means. The (top row) show accuracy, (middle row) re-
sponse time, and (bottom row) interactions.

For accuracy, one significant difference was found: between e(E)
and e(S). Here, the S condition had lower accuracy for these net-
works. The timing data also indicates a significant result: between
e(E) and e(H), with e(H) requiring more time. The interaction data
indicates statistically significant differences for every comparison.
Boxplots and distributions of the data are found in Fig. 5 and p-
values can be found in Table 3(a). Interval plots of the means and
CIs are found in supplemental material. Note that since we only
make pairwise comparisons, Bonferroni or other statistical correc-
tions are not needed.

Discussion: There is only one significant accuracy result: between
e(E) and e(S). This is possibly due to the sphere “hiding” portions
of the network making certain tasks more difficult. Overall, we can
conclude that for networks with hyperbolic or spherical structures,
the non-Euclidean conditions perform as well as the Euclidean con-
dition in terms of accuracy.

In terms of response time, there is also a single significant result
between e(E) and e(H). For networks with a Euclidean structure,
the E condition is preferred over H as it results in a shorter response
time and no accuracy loss. Once again, the lack of other significant
results in time shows that the non-Euclidean and Euclidean condi-
tions perform comparably on networks with hyperbolic and spher-
ical structure in terms of time.

© 2025 The Author(s).
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Figure 6: Box plots in the same style as Figure 5. Shown here is
(a) accuracy, (b) time, and (c) interactions of participant responses
over all networks in condition E, H, and S.

When considering both accuracy and response time, a clear rec-
ommendation for visualization designers emerges. For networks
with low Euclidean distortion, a Euclidean visualization is ideal
as the spherical condition results in lower accuracy and the hyper-
bolic condition increases response time. However, if a network in-
stead has low hyperbolic or spherical distortion, the H and S con-
ditions become suitable alternatives as they perform as well as the
Euclidean condition. We note however, that while the H and S con-
ditions are no worse than E for these graph types, they are also no
better. Thus non-Euclidean visualizations could be viable options,
provided good embeddings and interactions.

For interactions (measured by total number of pan, zoom, and
double-click events), differences are significant for all tests. How-
ever, the order of the means remains consistent (Fig. 5): E required
the fewest interactions, S required more, and H required the most.
Regardless of distortion values, the interactions required follows
this pattern. This suggests that while the non-Euclidean geome-
tries are comparable to Euclidean in terms of performance, they
do require more interactions. Note that Euclidean visualizations for
smaller networks can be read statically (without any interactions),
while the non-Euclidean visualizations require interaction to be ef-
fectively read. These results are further confirmed by looking at the
average total interactions for each geometry in Fig. 9 (b).

The individual participant data in Fig. 5 offers further insight
into significant results. For accuracy, we see that e(S) had many
answer incorrectly half or more of the time, skewing the distribu-
tion downward. Meanwhile for response time, the median of e(E)
is noticeably earlier than the first quartile of responses in e(H).

4.1.2. RQ2

For RQ2 we are interested in how participants behaved in each
visualization condition overall (regardless of network type). Here,
instead of the nine groups we created previously we partition into
larger groups of three; one for each condition E, H, S.

Analysis: For each condition, we aggregated participant accuracy
(mean), response times (median), and interactions (mean), then per-
formed two-way non-parametric Wilcoxon Rank Sum tests to pair-
wise test (E vs.‘H), (E vs. S, and (H vs. S). We find no significant
difference in terms of accuracy. For time, we find a difference be-
tween H and S, with S taking less time on average. In terms of in-
teractions, the results are largely the same as before. The p-values
are found in Table 3(b) and distributions are shown in Fig. 6.

(a) RQ1

Accuracy Time Interactions
e(E) vs. e(H) 0.972 0.002 < 0.001
e(E) vs. e(S) 0.029 0.608 < 0.001
h(H) vs. h(E) 0.273 0.272 < 0.001
h(H) vs. h(S) 0.159 0.504 0.039
s(S) vs. s(E) 0.456 0.327 < 0.001
s(S) vs. s(H) 0.131 0.555 < 0.001

(b) RQ2

Accuracy Time Interactions
E vs. H 0.129 0.006 < 0.001
E vs. S 0.065 0.622 < 0.001
H vs. S 0.954 0.094 < 0.001

Table 3: Bold values indicate statistical significance. (a) p-values
obtained by Wilcoxon tests to address RQ1. The distributions can
be seen in Fig. 5. The significant results indicate that networks with
low Euclidean distortion achieve higher accuracy in the E condi-
tion compared to S and lower response time compared to H. How-
ever, this advantage of E goes away for networks with lower dis-
tortion in hyperbolic and spherical spaces. (b) p-value results from
Wilcoxon tests for RQ2 analysis.

Discussion: Note that when not accounting for network structure,
our results of are comparable to those of Du et al. [DCL∗17], albeit
with smaller networks of different types, and with broader variety
of tasks. However, there is one key difference: hyperbolic geome-
try is not significantly worse in terms of accuracy. We believe this
to be due to the improved stress-based layouts and additional in-
teractions. While accuracy is unaffected by the choice of geom-
etry, response times are longer in the H condition compared to E.
When considered alongside our results from RQ1 the key takeaway
is that while hyperbolic visualizations generally perform worse in
terms of time than Euclidean ones, there do exist network structures
for which Euclidean visualizations do not maintain this advantage.
There is no difference from RQ1 in the analysis for interactions.

4.1.3. RQ3

Here we break up participant responses by visualization condition
and by task, creating 3 conditions × 6 tasks = 18 groups. There
are a few results we might expect from prior knowledge. The fo-
cus+context of the H condition should support adjacency tasks such
as T1 and T5. The response times should generally follow the order
of E, H, S, from shortest to longest. For the overview task, S will
likely be worse than the rest, as half of the drawing area is hidden.

Analysis: We aggregate participant responses and perform a 3-
way non-parametric Friedman test to detect differences between
geometries in accuracy and time. We did not detect differences
in accuracy, which agrees with our overall results from before.
For time, we found two significant result in T5. We then con-
ducted a pairwise non-parametric Wilcoxon test at significance
level p < 0.017 which showed a difference in medians between
E and H as well as H and S. Notably, S took around half as long
on average as H for T5 with no loss in accuracy. A similar process
found a difference between H and S for T2. See Fig. 7 for response
time boxplots; plots for accuracy, as well as interval plots for both
accuracy and time, can be found in supplemental material.

© 2025 The Author(s).
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Figure 7: Box plots in the style of Fig. 5 partitioned by task.

Discussion: Upon closer examination of the data, we observe
some intriguing results that, while not statistically significant, merit
attention. Based on prior studies, we expect the accuracy and time
to follow the order of E, S and H. However, in certain cases (T1,
T3, T5), there is considerable variability in response times for H,
suggesting that additional training might be necessary to enhance
its effectiveness. In T4, the overview task, the mean accuracy for H
and S is much worse. This may indicate that the focus+context of
non-Euclidean geometries is a poor fit for overview tasks.

We were surprised at the variability of response time between
tasks. For instance, in T5 we have significant results that show H
required longer response time than either E or S. It is notable that S
often had even shorter response time than E for this task, though
not statistically signicant. A similar pattern can be seen for T2.
However, it is important to note that our study primarily focuses on
RQ1, resulting in limited results for individual task performance.

4.2. Subjective Quantitative Feedback

We collected participant feedback using a Likert-scale at the end
of each of the 3 blocks (corresponding to the three conditions). We
asked for two types of feedback: interaction-related questions and
aesthetics-related questions. The first type can help us understand
the perceived utility of the provided interactions in the given condi-
tion; we can also see if this is correlated to actual use of the interac-
tions. The second type of questions can help see whether personal
preferences match the accuracy/time/interaction data. All questions
were presented in the same way with the 5 options “Strongly Dis-
agree”, “Disagree”, “Neutral”, “Agree”, “Strongly Agree”.

4.2.1. Interaction-Related Questions

We collected feedback from participants to express how useful a
given interaction was for each condition. The questions were “The x
interaction assisted answering questions”, with the x replaced with
each of our five measured interactions. We summarize the results
of this feedback in Fig. 8; we can clearly see a trend in the useful-
ness of each interaction. The most useful was the hover interaction,
followed by click-and-drag (pan), then by scroll (zoom), then by
double-click (recenter) and finally reset. Looking at each geome-
try, we can see that participants reported interactions were more

0% 20% 40% 60% 80% 100%
% of particpants

reset

double 
click

scroll 

click-and
-drag

hover

The interaction assisted in answering questions
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H
E

S
H
E

S
H
E

S
H
E
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H
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Strongly Disagree
Disagree
Neutral
Agree
Strongly Agree

Figure 8: Responses from all participants regarding interaction-
related feedback Exact wording of questions is shown along the
y-axis, while the width of a bar on the x-axis is proportional to
the percentage of responses on the Likert scale. Each triple of bars
is ordered from top to bottom as questions about the E, H, and S
conditions respectively. Bands with large amounts of blue indicate
mostly positive responses, while red indicates negative responses.

useful in the H condition. Conversely, the E condition was helped
less through interactions.

To verify these visual results, we conduct a statistical analysis of
the responses to detect any significant difference. We conduct a 3-
way Friedman test, followed by pairwise 2-way Wilcoxon tests at
significance level p< 0.01. Of these, only the double-click question
had significant difference in mean with E against H being different
at p = 0.003 as well as E against S being different at p = 0.005.
This result is in agreement with our interaction counts and quali-
tative feedback; the double-click feature was rarely used in E. The
remaining results were not significant; see supplemental material.

4.2.2. Aesthetics-Related Questions

We collected feedback on a five point Likert scale from participants
on their subjective thoughts and preferences for each condition. The
prompts are found and results summarized in Fig. 9(a). Overall,
participants had neutral to good reactions to each geometry, with
some negative responses for non-Euclidean geometries.

We again conduct a statistical analysis in the same form as
before. Only one test resulted in significance: between E and H
(p = 0.003) in the question “The visualization style was easy to
read and understand.” In contrast to the subjective feedback from
Du et al. [DCL∗17] where S was consistently close to E in prefer-
ence and in task support, our results indicate that S, H and E are
comparable and H does not conspicuously lag behind the other two.

4.3. Qualitative Feedback

We asked participants for additional feedback. The exact prompts
and detailed responses are found in supplemental material. Many
participants commented on the provided interactions, notably find-
ing the Hover and Pan interaction helpful, one reporting,

I rely heavily on the hovering tool . . . I also use the
double-click feature (to) often center the target node . . . .

© 2025 The Author(s).
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Figure 9: The aesthetic related feedback in the style of Fig. 8.

A few participants also mentioned the zoom and recenter interac-
tions in their responses. The type of tasks participants were asked
to complete influenced their strategy. An instance of a comment left
by a participant placed in the task group with T3 and T5 is,

Find the point, then use the hover to determine neighbors.
For the shortest path found the most direct path. For the
neighbors, just hovered to find the neighbors then went
through each neighbor, hovered and counted the degree.

The feedback left by participants reconfirms our results regarding
the use of interactions with different visualizations.

5. Limitations

Our results indicate that, with appropriate interactions, non-
Euclidean network representations can be competitive in terms of
time and accuracy to Euclidean representations. This observation is
limited by the nature of the experiment, which relies on a handful of
networks with particular structure. Specifically, we generated net-
work embeddings whose distortion matched a particular geometry
(e.g., spherical networks with lower distortion in spherical space).
Due to this design decision, we cannot say whether or not our re-
sults are applicable to real-world graphs, although many real-world
graphs exhibit spherical (e.g. geographic) or hyperbolic [KPK∗10]
geometry. However, even for these networks, the corresponding ge-
ometry was only competitive and did not show a clear advantage.
Therefore, we simply recommend considering these non-Euclidean
visualization styles as viable alternatives to traditional ones in in-
teractive settings.

A few participants highlighted problems they encountered. For
instance, one reported that the zoom and pan interactions “felt
weird" or were “unintuitive" for the H and S conditions. Another
reported that there were instances of node-edge and edge-edge
overlap which increased difficulty. Such issues could have been
addressed with more training (allowing participants to get more
comfortable with the non-standard conditions). More details can
be found in supplemental material.

We only required that a network embedding was lowest in the

specified geometry, but did not control for the magnitude of differ-
ence. For the network E_rand_small, the Euclidean distortion was
0.10 while the hyperbolic distortion was 0.13. Without knowing
how the distortion metric is distributed, it is hard to say whether
or not these differences in distortion are significant. We leave a
thorough characterization of the distortion metric, such as those
for edge crossings, neighborhood preservation etc. in Mooney et
al. [MPWK24]), as future work.

As our experiment is within-subjects/between-tasks, each partic-
ipant worked with only 2/6 tasks. Further, the total number of par-
ticipants per task was low (9 or 10). More participants would have
strengthened our conclusions. Because our tasks cover the spec-
trum of network tasks, grouping them into pairs might have had an
impact. Specifically, as an overview task T4 is quite different from
the rest. There are no highlighted nodes and overview tasks are not
as commonly done on the smaller network sizes that appeared in
our study. This may have had an effect on participants that saw T4.

The relatively large variance for time (see Fig. 6) in the H condi-
tion might indicate that participants did not receive enough training
to be comfortable working in that condition. While it is believable
that hyperbolic representations take longer on average, with proper
training this might be remedied. Our training was unstructured and
identical for each condition; we therefore have no information as
to how much (or how quickly) the participants learned how to use
the different conditions. Finally, our participants are a biased sam-
ple with the majority being young men with some network/graph
experience. A more diverse set of participants would help with the
generalizability of the results.

6. Conclusion

We aimed to extend prior non-Euclidean network visualization
human subjects studies such as [DCL∗17] to understand the
role of such tools in the broader network visualization field.
The trials of our experiment can be found online https://
jacoblmiller.github.io/riemann-study-web/.

Several open questions remain. First, RQ3 was not fully an-
swered in this work, and further studies are needed to determine
which tasks are best suited to different geometries. Additionally,
we did not explore toroidal layouts. Finally, we would like to in-
vestigate what other types of data are well-suited for visualization
using non-Euclidean geometries.

The key takeaway is that designers can be more confident in
choosing a non-Euclidean representation when they want to. For
instance, if the data is geographical, maybe one would want to use
an interactive “globe-like” representation instead of the usual 2D
projection. If the data has interesting local structures but is large or
has a hierarchical structure, then one might want to use a hyperbolic
representation for its focus+context effect.

To summarize our results, non-Euclidean network representa-
tions, obtained by native-to-the-geometry embeddings, and with
sufficient interaction support, can be viable alternatives to Eu-
clidean representations.
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