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Abstract—Large networks often become difficult to interpret because visual clutter obscures community structure and hides the roles
that different nodes play within and across communities. We present Layered Community Layout, a network visualization design that
reduces clutter and improves structural interpretability by explicitly separating inter-community and intra-community organization in a
single overview. Our design represents a network as a set of communities identified through community detection and arranges them
using a hierarchical display strategy. We structure each cluster with a three-layer concentric layout: nodes connected only within the
cluster are placed in the interior, bridge nodes with both intra- and inter-community connections are moved to the periphery, and nodes
connected only to bridge nodes are arranged around them. This layered structure reduces visual clutter while making node roles more
visually explicit. Informed by Gestalt principles of proximity and similarity, the design supports rapid recognition of high-level community
patterns as well as more targeted inspection of hubs, bridges, and outliers. Our approach shows how a role-specific, hierarchical layout
can improve the readability of large, community structured networks while supporting both high-level overview and detailed analysis.

Index Terms—Network visualization, node-link diagrams, layout design.

1 INTRODUCTION

Many real-world networks exhibit a community-based organization in
which nodes form densely connected groups linked by comparatively
sparse cross-community ties. This structure arises in a wide range of
domains, including research collaboration networks, where laboratories
operate as relatively distinct yet interacting groups, and organizational
networks, where departments such as engineering, marketing, and
product management function as separate but coordinated units. Within
these communities, nodes often assume different structural roles: some
occupy central positions that sustain local cohesion, some appear as
leaf nodes with only limited local attachment, and others act as bridges
that connect otherwise separated groups. These complementary roles
shape coordination, information flow, and vulnerability in the network,
making them important for understanding both local organization and
system-level integration.

Despite their analytical importance, community structure and node
roles are often difficult to perceive in visualizations of large networks.
As network size and density increase, visual clutter can obscure both
the boundaries between communities and the roles that individual nodes
play within and across them. Analysts must therefore contend with a
tension between seeing the network as a collection of cohesive local
groups and understanding it as an integrated global system. This chal-
lenge motivates visualization approaches that support the simultaneous
perception of community boundaries, cross-community relationships,
and node roles in a single view.

Current computational approaches to community detection seek to
partition networks into groups that are more densely connected inter-
nally than externally, thereby exposing mesoscale structure that would
otherwise be difficult to interpret in large graphs. Widely used meth-
ods include modularity-based approaches such as Newman’s formula-
tion [35] and the Louvain algorithm, [5] later improved by Leiden [42]
to produce improved connected and more reliable partitions, as well as
flow based methods [40]. Once communities have been identified, how-
ever, visualizing large community-structured networks remains chal-
lenging because conventional node-link diagrams and force-directed
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layouts quickly become cluttered as graph size and density increase [16].
Node-link diagrams become difficult to read in dense networks because
of heavy edge crossings and occlusion; earlier studies suggest that their
effectiveness declines when the number of links reaches about three to
four times the number of nodes [33]. Prior work has explored several
strategies for improving the readability of community structure, includ-
ing cluster emphasized energy models such as LinLog [36], hybrid
representations such as NodeTrix for dense subnetworks [22], and edge
bundling methods that expose high-level connectivity while reducing
visual clutter [25].

Multiscale systems such as GMine [27] and Graph Mapping [26]
further demonstrate the value of hierarchical community aggregation
and drill-down interaction for navigating large graphs. However, these
approaches primarily support scalable exploration of clustered struc-
ture rather than explicitly encoding the structural roles of nodes within
communities in a single overview. As a result, analysts can navigate
between levels of abstraction, yet still struggle to distinguish which
nodes function as community core nodes, which appear as leaf nodes,
and which serve as bridges across community boundaries. To address
this gap, we present Layered Community Layout, a role-specific net-
work visualization design that visually separates inter-community and
intra-community organization in a unified overview. Our design ar-
ranges each community using a layered concentric structure in which
community core nodes occupy the interior, bridge nodes are moved to
the periphery, and leaf nodes are placed in an outer layer according
to their structural attachment within the community. By making these
node roles visually explicit while preserving community context, the
design reduces clutter and supports both high-level community analysis
and detailed inspection of role-specific structure.

Our contributions are as follows:

* A role-specific community visualization design that separates
inter-community and intra-community structure in a single
overview.

* A multi-stage layered layout method that places bridge nodes,
community core nodes, and leaf nodes according to their struc-
tural roles to improve community separation, reduce clutter, and
improve role legibility.

 Case studies showing how the design supports the interpretation
of community structure and node roles in large networks.

2 RELATED WORK

2.1 Network Clustering Algorithms

Large networks are often easier to interpret when their intermediate
scale structure is made explicit, especially when nodes are organized


https://orcid.org/0000-0002-4303-7722
https://orcid.org/0009-0001-3389-8756
https://orcid.org/0000-0002-7310-8608
https://orcid.org/0000-0001-6705-3535

into communities that reveal how densely connected groups relate to
one another. Community detection, therefore, provides a structural
scaffold for visualization: detected communities become the main
visual components, guide inter-community separation, and support the
interpretation of node roles within and across communities.

Widely used methods include modularity based approaches, such
as Newman’s formulation [35], Louvain [5], and Leiden [42], as well
as flow based methods [40]. Because these methods differ in how
they define and extract communities, no single approach is universally
optimal across all network types [15].

For visualization, community detection is important because it con-
verts a large network into an intermediate scale structure that supports
grouping, comparison, and abstraction. In particular, detected commu-
nities can guide layout organization, separate dense regions, and reveal
how nodes contribute to both within- and between-community structure.
In our work, community detection serves as a preprocessing step for
the proposed layered community layout, allowing the visualization
to move beyond a flat node-link diagram by organizing the network
around communities and the roles nodes play within them.

2.2 Network Visualization Methods

Network visualization comprises a rich design space of representations
for relational data, in which nodes encode entities and edges encode
connections. Prior work has shown that this design space extends well
beyond conventional node-link diagrams and includes adjacency matri-
ces, arc diagrams, scatterplot-based layouts, geographic network views,
small multiples, and hybrid techniques such as NodeTrix [22]. These
representations provide complementary views of network structure and
support different analytical goals, such as tracing paths, inspecting
dense connectivity patterns, comparing groups, or relating topology to
spatial and temporal context [8, 14,41].

Alongside representational choices, network visualization also de-
pends on layout and ordering strategies. Existing methods include
force-directed layouts [16,20], geometric layouts [28], matrix seri-
ations [3], and other procedural arrangements that position nodes ac-
cording to topology, attributes, or ordering constraints [41]. Because
these methods emphasize different aspects of structure, such as lo-
cal connectivity, dense subgraphs, or global organization, no single
visualization approach is appropriate for all network types or tasks [14].

As graph size and density increase, however, conventional node-link
diagrams become difficult to read because overlap, edge crossings,
and occlusion quickly obscure network structure, a phenomenon often
referred to as the hairball problem [33,49]. To address this limitation,
researchers have proposed abstraction and aggregation strategies that
simplify network structure at multiple levels. In hierarchical visualiza-
tion methods, clusters or groups can be treated as higher-level visual
components, allowing communities to be abstracted as aggregate nodes
and displayed through nested or grouped structures such as trees [2],
circles [44], or bundled hierarchies [24].

Taken together, this broader design space shows that layout is not
merely a technical step for placing nodes, but a central design decision
that shapes what structural patterns become visible. Compared with
these approaches, our work focuses on community structured networks
and contributes a role-specific layout that uses communities as the main
organizing components while making node roles within and across
communities more explicit.

2.3 Visualization Methods for Networks with Communities

Once communities have been identified, visualization methods can use
them as intermediate scale components for organizing layout, separat-
ing dense regions, and supporting comparison across groups. Commu-
nity structured visualization extends beyond showing individual nodes
and edges by making group structure an explicit part of the representa-
tion. This is particularly useful for large networks, where community
structure can provide an additional level of abstraction [11, 12].

Prior work has proposed several strategies for visualizing networks
with communities. Some methods adapt layout algorithms so that com-
munities appear as visually distinct regions [37]. Other methods make
group structure explicit through additional visual encodings layered

on top of an existing layout. Bubble Sets, for instance, use isocon-
tours to reveal set relations and visually enclose related nodes without
changing their underlying positions [10]. More broadly, grouped and
clustered graph visualizations have represented communities as explicit
higher level structures, such as maps [17], enclosing regions [44,48], or
multiple scale abstractions [30], to support comparison and overview.

Compared with prior community structured visualization methods,
our work focuses more explicitly on structural roles within and between
communities. Existing approaches reveal clusters and reduce clutter,
but they less directly distinguish nodes that support internal cohesion
from nodes that mediate cross community connectivity. Our layered
layout addresses this gap by organizing bridge, core, and leaf nodes as
separate visual roles within a customized overview.

3 VISUALIZATION DESIGN

To make the design intuitive for analysts and consistent with the struc-
tural properties of the network, we first define the concepts of com-
munities and node roles, then introduce the visual design that reflects
community structured layout. Figure 1 summarizes the visual encod-
ings, and Table 1 outlines the corresponding design strategies, tasks,
and benefits.

3.1

A community is a subset of nodes whose internal connectivity is denser,
stronger, or more frequent than its connectivity to the remainder of the
network. Communities therefore constitute relatively cohesive meso-
scale substructures within a larger graph and are commonly interpreted
as groups of nodes that interact preferentially with one another rather
than with outsiders [29, 35].

A bridge node is a node that connects two or more communities and
thereby occupies a boundary spanning position in the network [7, 18].
Such nodes are important because they support inter-community con-
nectivity and facilitate intra-community communication, resource ex-
change, and influence diffusion. In contrast to core nodes, bridge nodes
are often only moderately embedded within any single community,
yet they are disproportionately important for global connectivity be-
cause they link otherwise weakly connected or disconnected groups.
As a result, bridge nodes often play a brokerage role: they mediate
interactions across structural gaps and may serve as critical pathways
for information flow between communities [7, 18]. Their removal can
therefore weaken or even sever inter-community connections, making
them potential points of structural vulnerability.

A core node is a node that is strongly embedded within a community,
typically with many intra-community connections and comparatively
few external links [6,39]. Core nodes form the central structural back-
bone of a community. They tend to occupy central positions within
the local cluster, are highly connected to other members of the same
group, and are frequently surrounded by neighbors that are themselves
mutually well connected. In this sense, core nodes exhibit high within-
community embeddedness and high local structural importance, be-
cause they help maintain the internal cohesion and stability of the
community. At the same time, they generally have limited connectivity
between communities and therefore play only a minor brokerage role
relative to bridge nodes.

A leaf node is a peripheral node with very low degree, often con-
nected to the rest of the community through only one edge or a very
small number of edges. In graph theoretic terms, the simplest case is a
single degree vertex, also called a pendant or end vertex [45,46]. In
community-based network analysis, leaf nodes lie on the outer bound-
ary of the community and contribute little to its internal cohesion. They
typically do not add much redundancy to local connectivity and do not
serve as important conduits for inter-community exchange. Because
they often depend on a single neighboring node for attachment to the
graph, removing that connection isolates them immediately. Conse-
quently, leaf nodes can be interpreted as marginal, weakly integrated,
or newly attached members of the community rather than as central or
brokerage elements.

Community and Node Roles
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Fig. 1: Visual encodings for representing network structure, community-
level attributes, and role-specific node representations.

3.2 Data Processing

To prepare network data for the proposed community-based visualiza-
tion, we employ a multi-stage data processing pipeline that transforms
the raw graph into a role-specific community structure. The goal of
this pipeline is to partition the network into communities and then
classify nodes within each community according to their structural
roles, namely bridge nodes, leaf nodes, and core nodes. Because the
visualization is designed to emphasize both community structure and
boundary spanning connectivity, we adopt an overlapping community
detection strategy rather than a strictly disjoint partitioning approach.
Overlapping community detection is appropriate in this context because
nodes in real-world networks may participate in multiple groups simul-
taneously, especially when they serve as interfaces between otherwise
distinct communities [1, 19, 38].
Let the input network be an undirected graph

G=(V,E),

where V is the set of nodes and E is the set of edges. We first detect a
set of overlapping communities

(g: {C17C27"'7Ck}7

where each C; C V. Because membership may overlap, a node can

belong to more than one community, which is useful for preserving

nodes that naturally serve as shared connectors between groups [1,38].
For each node v € C;, we compute its intra-community degree

din(v,C;) = {u € C;| (v,u) € E}|,
and its inter-community degree
dout(v,C;) =|[{u e V\C; | (v,u) € E}|.

These two measures are used for node-role classification.
A node is classified as a bridge node if it has at least X connections
to nodes outside its community:

dout(v,C;) > X.
Here, X is a user-defined threshold controlling the sensitivity of bridge
detection. A node is classified as a leaf node if it has exactly one

intra-community connection:

din(v,G;) = 1.

Table 1: Overview of the design strategies and analytical benefits.

High-Level Task Goal Design Strategy Benefit
Scalability [23,  Large networks  Abstract overview  Simplified but
50] with selected informative

bridges summary
Clutter Dense graphs Hierarchical layout Improved
reduction [13,33] and layered readability

placement
Multi-level Overview and Community glyphs Supports broad
analysis [22,31]  detail with role-specific  and targeted

placement analysis
Community Community Circular glyphs, Clear group
separation [22, structure community color, boundaries
37] global layout
Role Core / bridge / Interior / boundary  role-specific
distinction [6] leaf / exterior placement interpretation
Cross- Bridge structure  Perimeter bridge Explicit
community placement brokerage
links [7] structure
Internal Within- Compact core Reveal
organization [16, community placement cohesive circles
28] structure in cluster
Size Community scale Glyph area for Magnitude
comparison [4,9] node size, comparison

transparency for

edge density
Special cases Chains and nodes Dedicated handling Better

shared across structural
communities fidelity

All remaining nodes are classified as core nodes. Thus, a node is labeled
as a core node if
dout(v,C;) <X and dj(v,C;) > 1.

In summary, the preprocessing pipeline consists of three steps:
detecting overlapping communities, computing intra- and inter-
community degree for each node, and assigning node roles according
to the above rules. This process produces a role-specific community
structure that directly supports the proposed visualization by preserv-
ing both the modular organization of the network and the functional
differences among nodes.

3.3 Overall Design

We propose a community-focused representation for network visual-
ization in which each community is encoded as a single circular glyph.
This design abstracts the internal composition of a community while
preserving important structural distinctions among different node roles,
allowing viewers to interpret both intra-community organization and
inter-community connectivity at a glance.

In this representation, each community is depicted as a colored cir-
cular glyph. The use of a circular enclosure serves two purposes. First,
it provides a clear visual boundary that distinguishes one community
from another. Second, it offers a structured spatial frame within which
different categories of nodes can be arranged according to their func-
tional roles in the network. Color is used as a primary identifier for
communities, enabling rapid perceptual separation among groups and
supporting comparisons across the network.

Within each circular community glyph, nodes are arranged according
to a role-specific spatial hierarchy. Bridge nodes are positioned along
the circumference of the circle. This placement reflects their boundary
spanning function, as these nodes are responsible for connecting one
community to nodes in other communities. Locating bridge nodes
on the perimeter makes this role visually explicit and facilitates the
drawing and tracing of inter-community links. Core nodes are placed
inside the circle, occupying the interior region of the glyph. This



interior placement communicates their centrality to the community’s
internal structure, emphasizing that these nodes primarily participate in
within-community relationships. In contrast, leaf nodes are positioned
outside the circle. Their external placement indicates their peripheral
status, as leaf nodes typically have limited connectivity and are often
attached to the community through only one or a few relationships.
This inside-boundary-outside arrangement establishes a consistent and
semantically meaningful mapping between topological role and spatial
location.

The overall size of each circular glyph represents the total number
of nodes contained in the corresponding community. More specifically,
the area of the circular node is designed to scale with community size,
so that larger communities appear visually larger than smaller ones.
Encoding community size by area provides an intuitive quantitative cue
and allows users to estimate the relative scale of communities without
inspecting exact counts. This choice supports overview tasks such as
identifying dominant communities, comparing group magnitudes, and
recognizing imbalances in the network structure.

A key aspect of the design lies in how the radius of the commu-
nity circle is determined. In principle, the circle size should reflect
the number of nodes that define the community’s internal substance,
particularly the core nodes. However, the geometric requirements of
the layout introduce an important constraint: the circle must also be
sufficiently large to accommodate bridge nodes distributed along its
boundary. Because bridge nodes are arranged around the circumfer-
ence, a community with many bridge nodes requires a larger perimeter
to avoid overlap and maintain legibility. Consequently, the radius can-
not be determined solely by the number of core nodes. Instead, it is
computed through a balancing process that accounts for the relative
quantities of leaf nodes, bridge nodes, and core nodes.

This balancing process reflects the dual objective of the design:
faithful quantitative encoding and effective spatial organization. On
the one hand, we seek to make the community area, and therefore its
square root of radius, correspond as closely as possible to the amount
of internal content represented by the core structure. On the other
hand, we must ensure that the boundary has enough capacity to place
bridge nodes clearly and evenly. Thus, the final radius emerges from a
compromise between semantic proportionality and layout feasibility.
In cases where the number of bridge nodes is high, the radius may be
larger than what would be implied by the number of core nodes alone.
This adjustment is necessary to preserve readability, prevent boundary
congestion, and maintain a stable visual grammar across communities
of varying structural compositions.

The placement of leaf nodes outside the circular boundary further
reinforces this compositional logic. Since leaf nodes are peripheral
and do not contribute to inter-community bridging, positioning them
outside the glyph avoids cluttering the interior and preserves the circle
as a meaningful container for the community’s core and boundary
structure. At the same time, their proximity to the circle maintains
their visual association with the community to which they belong. This
strategy creates a layered representation such that the interior signifies
the community core, the boundary signifies external interfaces, and the
exterior signifies peripheral attachments.

Overall, the proposed design provides a compact yet expressive way
to visualize community-based networks. By aggregating each commu-
nity into a structured circular glyph, the representation reduces visual
complexity while retaining critical information about community size,
internal composition, and external connectivity. The design is espe-
cially suitable for networks in which understanding the roles of nodes
within and across communities is more important than displaying every
node in a conventional force-directed layout. Through its role-specific
spatial organization and size encoding, the visualization supports both
high-level overview and detailed structural interpretation

3.4 Abstract Design

In addition to the role-specific community glyph, we introduce an
abstract community glyph for scalable overview of large community-
based networks. This design summarizes each community as two
visual components: an internal aggregate, which encodes the commu-

nity’s internal structure, and an external interface, formed by explicitly
displayed bridge nodes that preserve the dominant inter-community
topology. Rather than rendering all internal nodes individually, the
glyph represents community size through area and internal edge density
through color intensity, enabling compact comparison of community
scale and cohesion. Bridge nodes remain visible because they define
the principal pathways between communities and therefore preserve
the global backbone of the network.

Compared with the detailed role-specific glyph, this abstraction
deliberately sacrifices fine-grained information about individual core
and leaf nodes in exchange for improved readability and scalability.
It is particularly suited to overview and exploratory tasks in which
analysts need to identify major communities, compare their internal
connectivity, and trace the main bridging structure across the network.
In this way, the abstract community glyph complements the detailed
view by emphasizing structural summarization rather than internal role
composition.

3.5 Special Cases
3.5.1 Long Chains

A long chain is a linear network topology in which

nodes are connected sequentially through single edges.

oo, **@ [ong chains are visually and structurally special be-

cause they encode linear rather than clustered organi-

zation. Whereas communities emphasize cohesion and density, chains

emphasize sequence, fragility, and dependency. This makes them im-

portant patterns to preserve or highlight in community-based network

visualization, as their significance may be lost if they are abstracted in
the same manner as compact groups.

3.5.2 One Common Node Connecting Multiple Communities

B

% Y= ‘. function as bridges between them. To model this

4 structure, we can employ overlapping community de-

tection methods, such as clique percolation [38], mixed-membership

stochastic blockmodels [1], and overlapping label propagation [19], all

of which allow nodes to belong to more than one community. These

methods are particularly appropriate for capturing boundary spanning
nodes whose structural roles are distributed across communities.

o In our visualization, such a node is shown in every

’%\f o e® community to which it belongs. Instead of a standard

:’% ?‘g\o circular mark, it is represented as a pie-chart glyph

< ° whose slices encode community membership. Each

slice is sized according to the node’s relative connectivity to the corre-

sponding community, measured as the proportion of its links to nodes

in that community. Thus, if a node belongs to three communities and

has connection weights a, b, and c, its membership proportions are

af(a+b+c),b/(a+b+c), and ¢/(a+ b+ c), and the angular span

of each slice is determined accordingly.

In complex networks, some nodes maintain substan-
tial connections to multiple communities and thus

3.6

To support analysis and sensemaking in large community structured net-
works, our two-level visualization incorporates interaction techniques
that help analysts navigate across scales while managing visual com-
plexity. We provide multi-level expand and collapse operations for
communities, allowing analysts to abstract a community into a single
aggregate node while preserving its connections to other communi-
ties, and to progressively reintroduce detail through either the layered
community view or the original node-link representation [27,34]. This
interaction supports movement between overview and detail without
losing structural context. We also support selective edge visibility, en-
abling analysts to independently show or hide intra-community and
inter-community edges in order to reduce clutter and foreground spe-
cific relational patterns [21,47]. Finally, zooming and panning allow
users to examine the network at multiple levels of scale, from the global
arrangement of communities to detailed local structures. Collectively,
these interactions enhance large-network sensemaking by reducing

Interaction
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clutter, preserving context, and enabling focused examination of both
community-level organization and node-level roles.

4 LAYOUT ALGORITHM

‘We compute the visualization layout using a hierarchical force-directed
algorithm that operates on a reduced community graph while simul-
taneously optimizing the angular positions of bridge nodes on each
community boundary, as illustrated in Figure 2. The method is designed
to satisfy two objectives: (1) to produce a clear global arrangement
of communities based on inter-community connectivity, and (2) to
place bridge nodes along the boundary of each community so that they
indicate connection directions in a stable and interpretable manner.

4.1 Community-Level Abstraction

Let the original network be partitioned into a set of communities. Each
community is treated as a single composite node, yielding a higher-level
graph in which vertices correspond to communities rather than individ-
ual nodes. Edges in this reduced graph are induced by inter-community
links, that is, by connections between bridge nodes belonging to differ-
ent communities. This abstraction reduces the layout problem from the
full node-link network to a more compact representation that preserves
the backbone of community-level structure.

Each community node is represented as a circle whose position is
defined by its center in the plane and whose radius is determined by
the visual encoding described earlier. Bridge nodes are constrained
to lie on the circumference of the corresponding community circle
and are parameterized by angular coordinates. Therefore, the layout
optimization involves two coupled sets of variables: the Cartesian
positions of community centers and the angular positions of bridge
nodes on community boundaries.

411

At the global level, we position communities using a force-directed
layout on the reduced community graph. Repulsive forces are ap-
plied between all pairs of community nodes to prevent overlap and
maintain spatial separation, while attractive forces are applied along
inter-community connections induced by bridge nodes. We weight
these attractive forces by the number of bridge-node links between
communities, such that strongly connected communities are placed
closer together. This yields a layout in which spatial proximity reflects
inter-community connectivity while preserving overall readability.

However, weighting attraction solely by the number of inter-
community links can introduce an undesirable bias when communities
of very different sizes connect to the same neighboring community. In
such cases, a smaller community often has fewer links to the shared
neighbor than a larger community does, and therefore experiences a
weaker attractive force. As a result, the smaller community may be
pushed disproportionately far away, even when it should remain visu-
ally associated with the same region of the network. From a perceptual
and layout standpoint, this is undesirable: smaller communities can
usually be placed closer to their neighbors without harming readabil-
ity, whereas larger communities require more separation because they
occupy more visual space.

To address this issue, we modulate the repulsive force according to
the sizes of the two community nodes. Specifically, larger communities
exert stronger mutual repulsion than smaller ones, allowing compact
communities to remain closer to related neighbors while preserving suf-
ficient spacing among larger aggregates. We model this size dependent
repulsion using an inverse-square formulation:

Global Community Placement

NAY
F r j= a- 5
I
where S; and S; denote the sizes of communities C; and Cj, r;j is the
distance between them, and « is a tunable scaling constant.
Similarly, we incorporate community size into the computation of
attraction forces. The attraction force is defined as

Faij :b‘ (S,'Sj) ~Nc~rl~2j,
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Data: undirected graph G = (V,E), bridge threshold X
/***role-specific data processing***/
detect communities ¢ = {C,C3,...,C};
foreach community C; € € do
foreach node v € C; do
din(v,C,-) — |{u e | (V,u) S E}‘,
dout(v,C;) < {u e V\C; | (vu) € E}|;
if dout(v,C;) > X then
‘ assign v the label bridge node in Cj;
else
if d;y(v,C;) = 1 then
| assign v the label leaf node in C;;
else
| assign v the label core node in Cj;
end
end

end
end
/***]ayout generation™**/
/*step 1: community-level abstraction*/
initialize the reduced community graph G, = (%, E.);
foreach pair of communities (C;,C;) do
if C; and C; share at least one bridge node link then
add edge (C;,C)) to E;
w;;j < number of bridge node links between C; and Cj;
end
end
foreach community C; € € do
initialize the center position p;;
determine the radius r;;
initialize each bridge node in C; an angular coordinate 0;

end

/*coupled iterative optimization*/

while not converged do

/*community update*/

foreach pair of communities (C;,C;) do

‘ apply a repulsive force between C; and Cj;
end
foreach edge (C;,C;) € E. do
| apply an attractive force;

end

update community center positions {p;};

/*bridge node update™*/

foreach community C; € € do
foreach bridge node b € C; do

\ update the angle 6 of b on the boundary of C;;

end
enforce angular spacing among bridge nodes in C;;

end

end

[*step 2: intra-community node placement*/

foreach community C; € € do

fix p;, ri, and bridge nodes positions;

/*core nodes placement™®/

initialize core nodes near the center position p;;

while the core node layout in C; has not converged do
apply repulsive forces among core nodes;
apply attraction on core-core and core-bridge edges;
update core nodes positions and keep them inside C;;

end

/*1leaf nodes placement*/

foreach leaf node | € C; do
find the unique adjacent node u of /;
place [ on outward radial line from center p; through u;
apply a local spacing adjustment if needed;

end

end

Fig. 2: The proposed Layered Community Layout algorithm.



where N, is the number of connections between the two communities,
and b is a scaling constant.

‘When communities share common nodes (Section 3.5.2), we intro-
duce an additional stronger attraction between the corresponding node
slices. This force is stronger than that induced by ordinary bridge-node
links, ensuring that overlapping communities remain spatially close
in the final layout. The resulting optimization produces a community-
level arrangement that preserves the topology of the reduced graph,
highlights overlap, and maintains visual clarity.

4.1.2 Boundary-Constrained Bridge Node Optimization

While community centers are being positioned, bridge nodes are opti-
mized along the circumference of their respective community circles.
Unlike ordinary node-link layouts in which node positions vary freely
in two-dimensional space, each bridge node in our method is restricted
to move only along a circular boundary. This constraint preserves the
semantic interpretation of bridge nodes as boundary elements mediating
communication between communities.

For a bridge node, the preferred angular position is determined by
the direction from its host community to the external community to
which it connects. Intuitively, a bridge node should occupy the point on
the circle that faces the neighboring community most directly. There-
fore, during optimization, each bridge node rotates along the boundary
toward the angular position aligned with its connection target. This
reduces visual ambiguity by making the direction of inter-community
connectivity immediately apparent.

When a bridge node connects to multiple external nodes or commu-
nities, its preferred angle may be computed from the weighted average
of the corresponding directions. In this way, the final angular position
reflects the dominant orientation of its external relationships rather than
any single edge alone.

4.1.3 Spacing Constraints on the Boundary

Because multiple bridge nodes may belong to the same community, an
additional spacing mechanism is required to prevent them from collaps-
ing onto the same location or becoming visually indistinguishable. We
therefore introduce a local repulsion or angular separation constraint
among bridge nodes on the same circumference. This constraint pre-
serves a minimum distance between adjacent bridge nodes in angular
space, ensuring that each occupies a unique and legible position.

The boundary optimization can thus be understood as balancing
two competing factors. On the one hand, each bridge node is pulled
toward the angular direction of its external connection target. On the
other hand, neighboring bridge nodes repel each other along the circle
to maintain spacing. The equilibrium of these two forces produces a
stable boundary arrangement that is both informative and readable.

An important consequence of this formulation is that bridge nodes
connecting to the same neighboring community naturally move toward
nearby angular positions. Because they share similar target directions,
they tend to form localized groups along the circumference of the host
community. These groups provide an additional visual cue: they reveal
which region of a community boundary is associated with a given
neighboring community and make bundles of related inter-community
links easier to interpret.

4.1.4 Coupled lterative Optimization

The layout process is iterative because community placement and
bridge-node positioning are mutually dependent. Changes in com-
munity positions alter the directions toward neighboring communi-
ties, which in turn change the preferred angular locations of bridge
nodes. Conversely, the arrangement of bridge nodes affects how inter-
community links are visually expressed and therefore contributes to the
perceived quality of the global layout.
The algorithm alternates between these two levels of optimization:

1. Community update: compute repulsive and attractive forces
among community nodes and update their positions in the plane.

2. Bridge-node update: for each community, update the angular
positions of bridge nodes on the circumference according to the

directions of their connected target communities, while enforcing
boundary spacing constraints.

3. Repeat until the movement of community centers and bridge-
node angles falls below a specified threshold or a maximum
number of iterations is reached.

This alternating optimization allows the global and local structures
to co-evolve toward a consistent final configuration. Communities settle
into positions determined by their connectivity patterns, while bridge
nodes align themselves around each boundary in ways that reflect those
same patterns.

4.1.5 Algorithmic Properties

The final layout has several desirable properties. First, it preserves
the integrity of the community as a visual unit by positioning each
community as a whole rather than distributing its members indepen-
dently throughout the display. Second, it makes the structure of inter-
community relationships legible by placing connected communities
near one another. Third, it encodes connection direction explicitly
by positioning bridge nodes on the side of the community facing the
communities they connect to. Finally, it reveals groups of bridge nodes
associated with the same neighboring community through spatial prox-
imity along the boundary.

Compared with a standard force-directed layout applied directly to
all nodes, this method provides a more structured and scalable solution
for community-based network visualization. The reduction of the
network to a community graph simplifies the global layout problem,
while the boundary-constrained optimization of bridge nodes preserves
important information about how communities interact. As a result,
the algorithm supports both high-level structural overview and detailed
interpretation of inter-community connectivity.

4.2 Intra-Community Node Placement

After the community-level layout converges and the bridge nodes have
been positioned along the circumference of each community, we per-
form a second-stage layout to place the remaining nodes within each
community. This stage focuses on the internal organization of a single
community while keeping the global arrangement fixed. In particular,
the positions of community centers, community radii, and bridge nodes
are treated as fixed constraints and are no longer updated. The purpose
of this stage is to reveal the internal structure of each community by
first arranging the core nodes in the interior of the community and then
attaching the leaf nodes around the exterior.

4.2.1 Placement of Core Nodes

Core nodes are placed within the interior region of the community using
a constrained force-directed procedure. At this stage, the bridge nodes
serve as anchored boundary conditions that influence the positions
of the core nodes but do not themselves move. The layout of the
core nodes is therefore driven by two types of relationships: (1) edges
between core nodes and bridge nodes, and (2) edges among core nodes
themselves.

To initialize the layout, core nodes are assigned provisional positions
near the center of the community circle. This initialization reflects their
semantic role as the internal structural backbone of the community
and provides a stable starting point for subsequent optimization. A
force-directed model is then applied within the boundary of the com-
munity. Core nodes repel one another locally to avoid overlap and to
maintain sufficient spacing for visual readability. At the same time,
attractive forces are introduced along edges, drawing connected pairs
closer together. These attractive forces operate both among core nodes
and between core nodes and the already-fixed bridge nodes on the
circumference.

Because the bridge nodes remain fixed, they act as positional anchors
that pull connected core nodes toward the corresponding regions of
the community interior. As a result, the placement of a core node
reflects not only its relationships to other core nodes but also its role
in supporting specific boundary connections. Core nodes that connect
strongly to a particular set of bridge nodes tend to shift toward the side
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of the interior facing those bridge nodes, while still remaining inside
the community circle. Similarly, groups of densely interconnected core
nodes tend to remain close to one another, forming coherent internal
substructures. The resulting layout balances internal cohesion with
boundary-oriented structure.

The optimization is subject to a geometric constraint that all core
nodes must remain inside the community circle. If an update would
move a core node outside the permitted interior region, its position is
projected back into the valid region or otherwise corrected by the con-
straint mechanism. In this way, the layout preserves the interpretation
of the community as a bounded container whose interior is occupied by
the core structure and whose boundary is occupied by bridge nodes.

4.2.2 Placement of Leaf Nodes

Once the positions of the core nodes have stabilized,
° we place the leaf nodes. Unlike the core nodes, leaf
®  nodes do not participate in the internal force-directed

optimization because they typically have only a single
connection and do not contribute substantially to the internal structural
organization of the community. Instead, each leaf node is positioned
directly according to its unique adjacent node.

Each leaf node position is computed from the position of the node
to which it is connected, which may be either a bridge node or a core
node. Specifically, the leaf node is placed along the outward radial
direction defined by its adjacent node relative to the community center.
This construction ensures that the leaf node remains visually associated
with the community while clearly indicating its peripheral status. Leaf
nodes connected to bridge nodes are placed outside the community
boundary, whereas leaf nodes connected to core nodes are placed near
those core nodes within the community boundary. If multiple leaf
nodes are attached to the same anchor node, small angular offsets or
local spacing adjustments may be introduced to avoid overlap and to
preserve the visibility of individual leaf nodes.

This placement strategy gives leaf nodes a clear and lightweight
visual role. Because they are positioned after the internal structure
has already been established, they do not distort the layout of the core
or bridge nodes. At the same time, their locations communicate their
dependency on the nodes to which they attach and reinforce the layered
organization of the community: bridge nodes on the boundary, core
nodes in the interior, and leaf nodes adjacent to bridge nodes placed
outside the community boundary.

4.2.3 Two-Stage Intra-Community Layout

The intra-community layout can therefore be summarized as a two-
stage procedure:

1. Fix the positions of the bridge nodes on the community circum-
ference and place the core nodes inside the community using
a constrained force-directed layout driven by core-to-core and
core-to-bridge edges.

2. After the core node layout converges, place each leaf node ac-
cording to the position of its unique adjacent node. Leaf nodes
connected to bridge nodes are placed outside the community
boundary, whereas leaf nodes connected to core nodes are placed
near those core nodes within the community boundary.

This staged design improves both stability and interpretability. By
anchoring bridge nodes before the internal layout begins, the algorithm
preserves the directional structure established during the community-
level layout. By placing core nodes before leaf nodes, it ensures that
the most structurally important internal relationships determine the
organization of the community interior. Finally, by computing leaf node
positions only after the interior has stabilized, the method preserves
the readability of the community glyph while maintaining role-specific
peripheral placement.

4.3 Resulting Structure

The final configuration yields a layered intra-community representation.
Bridge nodes remain fixed on the circumference, where they indicate
the directions of inter-community connectivity. Core nodes occupy the

7

interior, where their positions reflect both their mutual relationships and
their connections to the bridge nodes. Leaf nodes connected to bridge
nodes are placed outside the community boundary. Together, these
constraints produce a coherent and interpretable layout in which the
internal structure of each community is organized around the previously
established boundary geometry.

5 CASE STUDIES
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Fig. 3: lllustration of the 2025 VAST Challenge MC1 music industry
dataset. (a) Our layered community layout reveals Sailor Shift’s structural
role within Community 13. (b) She appears as a highly connected core
node embedded in a dense local community, while the surrounding layout
makes it easier to distinguish direct collaborators, other influential entities,
and the broader community context for tracing potential indirect influence.
(c) Highlights the node Musical Group, which has many internal links and
three links to other communities.

5.1 Music Industry in 2025 VAST Challenge MC1 Dataset

We applied our layout to the 2025 VAST Challenge MC1 dataset [43],
a person centric knowledge graph of the music industry containing
artists, artworks (e.g., albums and singles), collaborators, and influence
relations such as stylistic and lyrical influence. The dataset contains
5,000 nodes and 14,708 edges. Using the Louvain community detection
algorithm, we identified 76 communities, with community sizes ranging
from 1 to 403 nodes.

A central narrative in this dataset is the success and rising influence
of Sailor Shift. One of the key analytical questions in the challenge
asks: “Who has she collaborated with, and whom has she directly
or indirectly influenced?” Our layout supports this question by first
locating Sailor Shift within the broader community structure. Through
search and visual inspection, we find that she belongs to Community
13 (Figure 3(a)). Once highlighted in the layout, Sailor Shift appears
as a highly connected core node with 26 internal links and no external
links (Figure 3(b)). This immediately reveals an important structural
insight: her collaborations are concentrated within her own community
rather than spread across multiple communities. In other words, her
prominence in the dataset is expressed not through brokerage across
communities, but through strong embeddedness and influence within a
single tightly connected group.

This interpretation is much harder to obtain from a conventional
node-link layout, where dense local connectivity can easily dissolve
into clutter. In contrast, our layered design makes Sailor Shift’s role
visually explicit. Because core nodes are positioned in the interior of
a community, her placement near the center, together with her dense
internal connections, directly signals her importance to the cohesion of
Community 13. The layout therefore helps distinguish a structurally
central artist from a bridge node that would instead connect multiple
communities from the boundary.

We also show how the layout supports the search for indirect influ-
ence. After identifying Sailor Shift’s direct collaborators, the analyst
can expand outward from her community and inspect neighboring
structures. A quick glance at the overview reveals another node with
exceptionally high connectivity within the same region. The hover
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interaction identifies this node as a Musical Group connected to many
artists (Figure 3(c)). Because our layout separates core, bridge, and
peripheral nodes, such highly connected entities immediately stand out
as structurally important nodes. This allows analysts to move from a
specific question about one artist to a broader understanding of the sur-
rounding influence network, identifying which entities likely mediate
collaboration, amplify influence, or anchor the local music ecosystem.

5.2 Citation Network in the DBLP Dataset

We further evaluate our layout using a citation network derived from
the DBLP dataset [32]. Our processed graph contains 8,267 nodes,
13,808 links, and 197 communities. Papers form the citation backbone,
while authors provide additional structural context. The DBLP network
reflects scholarly influence through citation structure, where dense re-
gions often correspond to coherent research areas and cross-community
links indicate exchange across subfields.

To derive the community structure, we first partition the network
based on paper-to-paper citation links and then assign non-paper nodes
to communities according to the dominant community memberships of
their neighboring papers. We subsequently classify nodes into bridge,
leaf, and core roles. Nodes with at least two inter-community links are
treated as bridge nodes, nodes with exactly one intra-community link
are treated as leaf nodes, and all remaining nodes are treated as core
nodes. This dataset highlights a central analytical task in bibliometric
network analysis: distinguishing entities that are structurally central
within a research area from those that connect otherwise separated
areas. Our layout supports this distinction directly. At the global level,
the community structured organization provides a clear overview of
the major research clusters and their connectivity patterns. Within
each community, papers or authors with strong local influence tend
to occupy core positions in the interior, reflecting their dense within-
community connections. By contrast, entities that connect multiple
communities are placed along the boundary as bridge nodes, making
cross-community links visually explicit. This spatial separation en-
ables analysts to distinguish local prominence from cross-community
brokerage without extensive edge tracing in a dense global network.

The DBLP network also demonstrates the utility of the layout for
multi-level analysis. Starting from a paper or author of interest, ana-
lysts can first determine whether the node is embedded within a single
research community or positioned between multiple communities. The
analyst can then examine adjacent bridge nodes to identify likely path-
ways of topical transfer, interdisciplinary exchange, or citation flow
across research areas. Because the layout preserves community bound-
aries while emphasizing bridge structure, it supports both focused
inspection of individual entities and broader reasoning about the global

organization of scholarly influence.

6 DISCUSSION AND LIMITATION
6.1 Complexity Analysis

We compare the complexity of a conventional force-directed layout on
the full graph with that of our hierarchical two-level strategy.

Let the original graph contain n nodes and m edges. Suppose the
graph is partitioned into k communities. For community i, let b;, ¢;,
and ¢; denote the numbers of bridge, core, and leaf nodes, respectively,

and let
k
Z n;=n.

i=1

ni=bj+ci+4;

We also denote by m™®" the number of inter-community edges, and by
m$¢ and ml?b the numbers of core—core and core-bridge edges inside
community i.

6.1.1 Baseline: Full Force-Directed Layout

A standard force-directed layout on the full graph requires repulsive
force computation over all node pairs and attractive force computation
over all edges. Therefore, one iteration costs

O(n* +m).

If T, iterations are required, the total cost is

O(Tg(n2 —|—m)> .

For sparse graphs, this is typically dominated by the quadratic term
O(Tyn?).
6.1.2 Our Two-Level Approach

Our method separates the layout into a community-level stage and an
intra-community stage.

Level 1: Community-Level Layout. At the first level, each commu-
nity is treated as a single composite node. The reduced graph therefore
contains k nodes instead of n. A force-directed layout on this reduced
graph requires:

« repulsion among community nodes: O(k?),

« attraction induced by inter-community links: O(m™e"),

» angular adjustment of bridge nodes on community boundaries:
O(xX_,b?) in the naive implementation, due to spacing con-
straints among bridge nodes within the same community.

Hence, one iteration of the first stage costs
i k
0 k2 +mmter + Z bi2 )
i=1

If this stage runs for 7] iterations, its total cost is

. k
0<Tl (k2 +m1nler+ Zblz)> .
i=1

Level 2: Intra-Community Layout. After the community layout
converges, bridge nodes are fixed and each community is processed
independently.

For community i, only the core nodes participate in the force-directed
optimization. One iteration costs

2 b
O(Ci +ml€C +mIC )7
where O(ciz) accounts for repulsion among core nodes, and the edge

terms account for attractive forces along core—core and core—bridge
edges. If T, ; iterations are required for community i, the total cost is

O(Tz_,i(c,2 +m¢ —O—mfb)) .



Summing over all communities gives

k
0<Z T(3 +m$“+m?b)> '

i=1

Leaf nodes are then placed directly from the positions of their adja-
cent bridge or core nodes. Since each leaf node is positioned once, this

step costs
k
0(2 e,-) =0(n).

i=1

Therefore, the total complexity of the second stage is

k
(0] <Z Tgﬁi(ci2 +mi + ml‘-'b) + n) .
i=1

Overall Complexity. Combining the two stages, the total complexity
of our method is

. k k
0 (Tl <k2 +m!M Z sz> + Z Ta.i(c? +mé +ms?) + n) .

i=1 i=1

6.1.3 Comparison

The conventional force-directed layout has complexity
2
0 (Tg (n + m)) ’

where the dominant term arises from repulsion over all nodes. In
contrast, our method replaces the single global quadratic term n® with
smaller quadratic terms defined over communities and their internal
node sets:

k k
2 2 2
k ) Z b[' ) Z Ci-
i=1 i=1
This decomposition is advantageous when the graph exhibits clear
community structure, since these sums are typically much smaller than
2
n-.
In particular, if communities are relatively balanced, then
k k
Zciz<<n2 and 19,-2<<nz7
i=1 i=1

so the hierarchical method is substantially more efficient than a direct
all-node force-directed layout. The improvement comes from three
factors: reducing the global layout to kX community nodes, confining
quadratic repulsion to local community subproblems, and placing leaf
nodes in linear time without iterative optimization.

The asymptotic gain is most significant for networks with strong
modular structure. In the worst case, if nearly all nodes belong to
one community, the complexity approaches that of the full layout.
However, for the community-based networks targeted by our design,
the hierarchical formulation provides a more scalable alternative in
both theory and practice.

6.2 Design Tradeoffs

A central tradeoff of our design is that placing bridge nodes on the
community boundary makes their cross-community role more visible,
but can also introduce additional edge crossings near cluster boundaries.
Rather than minimizing all crossings uniformly, our layout prioritizes
structural interpretability by aligning node placement with node role.
Despite this tradeoff, the layout reduces clutter overall through its hierar-
chical strategy. It first stabilizes the global arrangement of communities,
and then organizes cohesive local structure within each cluster. This
separation of global and local layout improves readability by preserving
clear community boundaries and compact internal organization.

6.3 Limitations and Future Work

One limitation arises when a community contains many bridge nodes.
Because these nodes are placed along the boundary, the area of a com-
munity must be enlarged to provide sufficient perimeter space and
reduce overlap. In such cases, community area may reflect not only
community node size, but also the number of bridge nodes that must
be accommodated. Another limitation occurs in networks with many
inter-community links. Even when bridge nodes are separated onto
the periphery, dense external connectivity can still produce congestion
around cluster boundaries. In addition, the effectiveness of the lay-
out depends on the quality of the community detection result, since
communities provide the structural scaffold for the visualization.

Several directions could further improve the proposed layout. One
is to develop adaptive strategies for bridge node placement in commu-
nities with high boundary density, so that the layout can better balance
role visibility and edge crossings. Another is to integrate edge bundling
methods to reduce congestion among inter-community links while pre-
serving the distinction between local and global structure. It would also
be valuable to explore more flexible cluster sizing rules that better bal-
ance internal node count and boundary requirements. Moreover, future
work could examine how alternative definitions of node roles and differ-
ent community detection methods affect the readability and analytical
value of the resulting layout across different network domains.

7 CONCLUSION

We presented Layered Community Layout, a network visualization de-
sign for large community structured graphs that reduces visual clutter
by explicitly separating inter-community and intra-community organi-
zation. By combining a hierarchical layout strategy with role-specific
node placement, the design makes community structure, bridge nodes,
and leaf nodes more visually interpretable in a single overview. In
particular, the layout uses communities as the main organizing compo-
nents, places core nodes in compact interior regions, repositions bridge
nodes to the periphery, and arranges leaf nodes around them to reflect
their structural roles.

Through the design space, algorithmic implementation, and case
studies, we showed that the role-specific layout can support both a high-
level overview and a detailed structural interpretation. The proposed
design helps analysts identify cohesive communities, distinguish node
roles, and interpret cross-community connectivity more effectively
than a flat node-link layout. Our case studies further demonstrate that
the approach can scale to real-world networks while preserving inter-
pretable structure across different application domains. More broadly,
our work shows that readability in large networks depends not only on
reducing clutter, but also on making meaningful structural distinctions
visually explicit. By organizing the layout around communities and
node roles, Layered Community Layout offers a structured alternative
to conventional network layouts for large, complex graphs.
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