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Abstract. The community structure is an inherent property of real-world
networks. Broadly, a set of nodes S forms a community if its nodes ex-
hibit a significantly higher level of interconnection with each other than
with nodes outside S. The precise notion of a community, however, de-
pends on the mathematical formulation adopted. The problem becomes
more intriguing when graph nodes are enriched with attributes, as these
attributes can influence how communities are defined. In this work, we in-
corporate node attributes to construct more meaningful communities that
reflect both structural connections and attribute information. Specifically,
we introduce the concept of dominance relationships between nodes: a node
u is considered more important than a node v if the attributes of u domi-
nate those of v. Experimental evaluation on real-world attributed networks
demonstrate the efficiency and effectiveness of the proposed approach. The
reported communities are meaningful and robust based on their significance
and structural coherence.

Keywords: community detection, attributed graphs, dominance relation-
ships.

1. Introduction

The study of real-world networks [I] enables the discovery of significant knowledge
that can be used to solve important problems such as community detection, outlier
discovery, link prediction, just to name a few. A network is represented as a graph
G(V, E) where V is the set of nodes or vertices and E is the set of edges or links.
In this study, we focus on undirected annotated graphs, where each node contains
additional information (attributes) in the form of a vector. Our target is to detect
subgraphs that are robust with respect to node interconnections and also strong
with respect to the domination score, which is being used as a measure of node
(and subgraph) significance.

In this work, we focus on the task of community detection in annotated (at-
tributed) graphs. More specifically, given an annotated graph, where each node
u € V contains a set of d attributes represented as a vector vec(u), our aim
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Each node of the graph on the left side has a pair of attributes (x,y). Their
values shown at the scatter plot on the right. Node 14 (marked in red on
the scatter plot) has the highest domination score.

Node attributes of the example graph
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Because node 14 has the highest
domination score our process starts from
that node.

We get the egonet with distance 1 (a) and
then we get the maximum k-core (b) shown
in orange (nodes 7,8,13,14).

Fig. 1. Overview of the DOMICOM process. An initial attributed graph (top left)
is transformed into a scatter plot of node attributes (top right) to compute
domination scores. The highest-scoring node (14) is chosen as the seed. (a) The
1-hop egonet around node 14 is induced. (b) The maximum k-core of this egonet
yields the final dense community 7, 8, 13, 14

is to discover the ¢ most important subgraphs (i.e., communities). The impor-
tance of a community is quantified using graph properties as well as properties
related to node attributes. Without loss of generality, we assume that the larger
attribute values are more significant than the smaller ones. Therefore, a node u
with vec(u) = [5,7,4] is considered more significant than another node v with
vec(v) = [2,3,2].

The domination score of a node u is computed by counting the number of nodes
dominated by u and expresses the relative power of a node with respect to its at-
tributes and can be interpreted differently depending on the application: in citation
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Fig. 2. Data flow of the DoM1CoM algorithm. The process starts by calculating
domination scores from node attributes. A seed node is then selected from the
input graph, and the community detection algorithm is run. A ranking score is
calculated for the new community, and the process iterates until the desired
number of communities is found

networks it reflects researcher influence, in social networks it captures activity or
visibility, while in biological networks it may indicate functional centrality. Beyond
ranking individual nodes, the distribution of domination scores strongly affects the
resulting communities: skewed distributions yield star-like structures around a few
dominant nodes, whereas balanced distributions produce denser, multi-centered
groups.

Briefly, the formation of communities is based on two different concepts: a) the
domination score of the nodes participating in the community, which is calculated
using node attributes, and b) the structural coherence of the community, which is
computed by means of the core decomposition process. The domination score of a
node represents the power of the node to dominate other nodes based on the values
of the attributes. For example, node u with vec(u) = [5, 6] dominates another node
v with vec(v) = [1,2]. The core decomposition process identifies subgraphs that
are highly connected and are characterized by structurally coherent. More details
of these concepts will be given in the subsequent sections.

In the sequel, we provide a simple example to introduce the methodology of
the proposed approach. Figure [1] illustrates a high-level overview of our approach
using a small example graph, while Figure [2] shows the data flow of the proposed
approach. The first step in our algorithm is to compute the domination score for
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Table 1. The domination score of nodes in the example

lnode ID‘dom. scoreHnode ID‘dom. score‘

14 21 7 8
8 20 3 7
21 18 1 5
16 17 6 4
12 16 20 4
13 16 18 1
17 13 4 1
2 12 10 1
5 11 19 1
11 11 22 1
9 10 23 0
15 9

each node. Based on node attributes, the domination score for each node is given
in Table [

In this example, our objective is to detect communities at distance one (i.e.,
1-hop). However, our techniques also work for larger hop values, as well as in cases
where random walks are used to generate node context [18]. Starting from the node
with the highest domination score, we induce the subgraph of distance 1 as shown
in Figures B and [Bp. This results in a subgraph that contains the following set of
nodes {7, 8, 13, 14, 15, 16, 17, 18}. Next, we compute the maximum core, which
in our example is the subgraph shown in Figure , consisting of nodes {7, 8, 13,
14}. Depending on the method we use to form communities, i.e., non-overlapping
or overlapping, we continue until the top ¢ communities are finally formed. Once
the process is completed, the communities are ranked using a specialized ranking
function and returned to the user.

In Figure 4] we illustrate two different results of our dominant community de-
tection algorithm for the non-overlapping and overlapping case. The difference be-
tween the non-overlapping and the overlapping case is that in the non-overlapping
case the nodes can be part of only one community, whereas in the overlapping case
each node may participate in more than one community, offering greater flexibility.

Overlapping community/group search can have an advantage in several sce-
narios, as for example: (i) Modern researchers often straddle multiple fields, e.g.,
someone working at the intersection of machine learning and healthcare informat-
ics. Assigning them to just "Computer Science” or just “Health Sciences” loses
critical nuance. Therefore, overlapping has the advantage of capturing multiple re-
search domains per researcher. (ii) In topic modeling of documents, it is unrealistic
that a document belongs only to one topic. Here, overlapping allows multi-topic
attribute search. (iii) In the case of social circles search, it is unrealistic that
friends belong only in distinct groups. Therefore, overlapping can capture people
in multiple social circles.
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Fig. 3. The two-step community formation process. (a) First, the 1-hop egonet is
generated from a seed node (node 14, in red) and its immediate neighbors (in
orange). (b) The maximum k-core is then computed from this egonet, yielding
the final, densely connected community of nodes 7, 8, 13, 14

(a) non-overlapping (b) overlapping

Fig. 4. Comparison of non-overlapping and overlapping community structures.
(a) In the non-overlapping case, each node belongs to only one community. (b) In
the overlapping case, nodes (such as 7, 13 and 14) can be members of multiple
communities

According to the definitions and properties of each method (overlapping and
non-overlapping search), we provide some practical guidelines:

— Use non-overlapping search when the domain implies exclusivity (e.g., mem-
bership in mutually exclusive categories), or overlap may exist but is minor
and not relevant to your goals.
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— Use overlapping search when nodes naturally belong to multiple groups, or
the understanding of the overlap itself is valuable (bridging nodes, interdis-
ciplinarity), or you need richer modeling (e.g., weighted memberships, soft
boundaries), or you aim to discover structural overlap phenomena like com-
munity bridges, layered hierarchies, or fuzzy boundaries.

A practical advice is first to start simple and run a non-overlapping method to
get rough intuition. This can be our baseline. Then, we may inspect “unnatural”
nodes: for example, nodes with high modularity but ambiguous affiliation may be
a hint to try overlapping models. Sometimes, a hybrid approach can be valuable,
thus we may first cluster non overlapping and then allow overlapping sub commu-
nities within large clusters. In each case, the results must be interpreted carefully.
Domain experts can guide or validate the results.

Contributions. The main contributions of our paper are briefly described as
follows:

— Many of the existing works consider graphs with specific assumptions and
domains on their attributes. Our methodology can be applied to attributed
graphs without any assumption for node attributes.

— Current state-of-the-art methods define and use domination relationships be-
tween entire communities, and they are taking into account aggregations based
on node attributes. Moreover, different algorithms are required for different di-
mensionalities. In our method, we use the natural domination relationship be-
tween nodes of the graph by taking into account only their original attributes
before the extraction of communities. Therefore, the proposed algorithms can
be used on data with any dimensionality.

— We propose efficient algorithms for both non-overlapping and overlapping com-
munity detection on attributed graphs. This flexibility allows for choosing the
most suitable technique based on the application. We note that existing algo-
rithms are mainly focused on the non-overlapping case.

— As an alternative solution, we also propose more efficient approximation algo-
rithms for both non-overlapping and overlapping community detection. These
algorithms enable to trade accuracy for speed, meaning that the final result
may not be 100% accurate, but the computations require significantly less
time.

We demonstrate the efficiency and effectiveness of the proposed approach by
using real-life network data with node attributes.

Roadmap. The rest of the article is organized as follows. Section [2 presents related
work in the area. The proposed methodology is described in detail in Section
Performance evaluation results based on real-life data sets are given in Section [4]
whereas Section [f] concludes our work and briefly discusses interesting future re-
search directions.
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2. Related Work

In this section, we discuss briefly related work in the area, focusing mainly on
research that focuses on community detection or community search in attributed
graphs, highlighting also research efforts that use preference-based techniques.

2.1. Community detection in attributed graphs

In [6] a community search methodology in attributed graphs is proposed. The sup-
ported graphs contain textual attributes and the returned results are communities
that satisfy both structural cohesiveness and keyword cohesiveness.

Another related research [13],[I4] introduces a community model (called k-
influential community) based on the concept of k-core that takes into account
the node’s influence. Improved online search algorithms are also proposed for the
influential community search variation [4],[2].

Another aspect in the literature is to find k-truss communities, instead of k-
core. In [7] a k-truss community model is proposed with several efficient community
search algorithms. The proposed algorithms can be applied also in a dynamic
graph setting with frequent insertions and deletions of graph vertices and edges.
An extension of the influence-based works has been proposed in [22] where a novel
scoring function and algorithm is designed, that tries to find the attributed k-truss
community by maximizing the attribute and influence relevance scores.

The works of [13],[14], [4],[2], [22] consider only one numerical attribute, i.e.
the node’s influence, or they are based on scoring functions related to that specific
attribute.

In [9] a greedy-based algorithmic framework is proposed, which detects a clos-
est truss community with small diameter. The method iteratively removes the fur-
thest nodes from the graph in order to support the small diameter, and achieves
approximations to the optimal solution. In [8] an extension is proposed to itera-
tively remove nodes with the least popular attributes, and shrink the graph into
an attributed k-truss community.

In [I0] efficient algorithms for searching k-truss communities are also proposed.
These algorithms can be applied in dynamic graphs with frequent insertions and
deletions of vertices and edges, and can also support k-truss community search
over massive graphs which cannot entirely fit in main memory.

The work of [21] propose an efficient algorithm for complex network community
partitioning by combining fitness optimization with community similarity.

In [5] the authors present an algorithm for detecting overlapping communities
base on node similarity.

All the above works are substantially different from our study as they are
applied on graphs of specific domains on their attributes, or they do not consider
preference-based values in their calculations.

2.2. Preference-based community detection

In [12] the skyline community search problem is presented and studied, where the
skyline operator is applied over all communities that are derived from a multi-
valued graph. The domination relationship between two communities is defined by
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Table 2. Key differences between our method and most related methods

Feature Proposed Method (Ours) Methods of [12], [11], [24]
Domination Between individual nodes using|Between entire communities,
Scope original attribute values often using aggregated attributes
Dimensionality |Single algorithm handles all di-|Requires different algorithms
Handling mensionalities for different dimensionalities

Use of Skyline|Not used; relies on domination|Used to identify key communities
Operator score

Community Considered as a second step in|Not always explicitly incorpo-
Cohesiveness the algorithm rated
(k-core)

Community Type|Supports both overlapping and|Often  restricted to  non-
non-overlapping communities |overlapping communities

Top-k  Commu-|Supported via user-defined k|Not supported; number of com-
nity Retrieval parameter munities is uncontrolled

comparing the corresponding vectors that are derived from the minimum values for
all their nodes in each dimension i (f;-values). The authors apply specific criteria
for their proposed community detection approach: a resulted community H must
be a k-core subgraph, there does not exist any induced subgraph that is also k-core
and dominates H, and there does not exist a subgraph of H that is also k-core
and it has the same f;-values. The proposed algorithms handle cases with specific
attribute dimensionalities (d = 2,3), and a different algorithm is proposed for
d > 3. Moreover, a dimensionality reduction-based algorithm is also proposed.

An extension is presented in [11], where for the cases of d = 3 and d > 3 more
details are presented, and additional pruning rules are proposed, improving the
overall performance.

In [24], more performance improvements are proposed to algorithms of [I2] and
[11], taking into account dimensionality reduction and pruning strategies. Addi-
tional criteria, like the maximum entropy model, are applied in order to remove
insignificant attributes and to improve the efficiency of community search strate-
gies. The basic algorithm MICS and the improved algorithm P-MICS are proposed,
which can be applied in larger graphs.

In our study, which is very different compared to [12], [I1], [24], we apply the
natural domination relationship between the graph nodes, by taking into account
their original attribute values. We do not define domination relationships between
entire communities, or taking aggregations (like minimum) of node attributes.
Thus, in our approach, there is no need to have different algorithms for different
dimensionalities. Moreover, we do not apply the skyline operator, but instead we
use the domination score in order to retrieve important nodes. We are also taking
into account the cohesiveness (k-core communities), but as a second step to our
algorithms. In addition, we study the community detection problem with both
overlapping and non-overlapping communities. This flexibility was not possible
using the previously proposed approaches. Finally, our technique supports top-k
retrieval of the best communities, where k is a user-defined parameter. The skyline-
based community detection algorithm does not support this parameterization, and
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the number of returned communities cannot be controlled by the user. This means
that, depending on the dataset, the number of communities may be too small or
too large.

Table [2| presents a summary of key differences between our method and the
most related prior work to ours ([I2], [I1], [24]). Note that, as these prior meth-
ods are very similar, the key differences hold for all. To the best of the authors’
knowledge, this work is the first to study the graph community discovery problem
by using the domination score of nodes based on multi-valued node attributes,
supporting both non-overlapping and overlapping community detection.

3. DowmiCom: The Proposed Approach

In this section, first we present some fundamental topics related to our proposed
methodology and then we study in detail the algorithmic techniques supporting
the proposed approach for preference-based community detection.

3.1. Background

The concept of dominance has been used in many research works related to multi-
criteria optimization and preference-based query processing [I7]. Dominance refers
to a property that decides if an object p is better than another object ¢, where
objects are represented as multi-dimensional points (vectors). We assume, without
loss of generality, that in each dimension, large attribute values are preferable.

Definition 1 (dominance). An object p = (p.x1,p.w2,...,p.xq) € R dominates
another object ¢ = (q.w1,q.22,...,q.2q4) € R?, ie., p = q, when: Vi € {1,... d} :
pa; > qu; ANJi e {l,...,d} : p.x; > q.x;. This means that p is as good as q in all
dimensions, and it is strictly better than q in at least one dimension.

The previous definition of dominance holds also when there are dimensions in
which lower attribute values are better (e.g., age, cost), if we transform their scales
so that higher values represent better outcomes. The most common transformation
to preserve the total ordering, is to subtract the values from their global max:
2’ = Tyaz — 2. In cases that in a dimension there are ordinal attribute values,
there is a clear natural ordering or magnitude (which value is considered better),
and the dominance definition can also be applied. Therefore, we can encode the
ordinal values with appropriate numbers (integers or reals) by preserving this
natural ordering (e.g. low=1, medium=2, high=3). In cases that in a dimension
there are ¢ distinct categorical attribute values without order (there is not any kind
of ordering or magnitude), we can replace this dimension with ¢ binary dimensions,
one for each categorical value. Therefore, if a node belongs to a specific category, we
assign the value 1 in the corresponding binary dimension and 0 in the rest binary
dimensions. Moreover, we can also encode nodes that may belong to multiple
categories by assigning 1 in all corresponding binary dimensions (extremely useful
for overlapping search).
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Based on the concept of dominance, one can identify points that are not dom-
inated. These points are considered as the best points we can get from the multi-
dimensional dataset. In the database literature, these best points are known as the
skyline of the dataset [3]. Based on the definition of the skyline, all points in the
skyline are equivalent, since there is no ranking concept for skyline points. The
concept of domination score has been introduced in [23] in order to rank points
based on their dominance power. Formally we have:

Definition 2 (domination score). The domination score of a point p, dom(p)
is defined as: dom(p) = |{q € D : p > q}|. A top-k dominating query returns the k
objects with the highest domination scores.

The domination score is an essential ingredient of our approach. We use the
domination score to determine the order in which we discover communities but also
to compute the score of each community. The multi-dimensional points correspond
to the attribute vectors of the graph nodes. There are in general two different tech-
niques to compute the domination score: i) exact and ii) approximate. To enable
efficient computation of the domination score in both cases, a simple grid-based
approach, firstly reported in [23], is being used. The address space is partitioned
into cells and each point is assigned to a unique cell based on its coordinates. The
number of cells is an important parameter that affects performance.

Exact computation of domination scores. For the exact domination score

computation, we need to scan the multi-attribute dataset and assign each point
to the grid cell it belongs based on its attribute values. The size of the grid is a
parameter that defines in how many parts the specific dimension is divided. For
example, if we want to process a two-dimensional dataset we may define a 10x10
grid, which means that the x and y axes are divided in ten equal sections based
on the min and max of each attribute (see Figure [5)).

This approach does not take into account the data distribution, meaning that
if the data concentration is denser in some areas it may impact performance.
However, to avoid such a case, we could construct the grid based on the data
distribution and place the data points to the grid as evenly as possible. To keep the
discussion simple, we use the uniform grid approach. Depending on the definition
of the domination score, the process starts from the highest nonempty dominant
grid cell and continues towards the lowest by first computing the base domination
score, i.e. the score that all elements in this grid cell have. To compute each cell’s
base domination score we need to take the sum of the number of elements that are
in the d-1 dimension of the current cell.

The next step involves the examination of the points that are either in the
same cell and in the same dimension (in case of two-dimensional grid, the same
row and column). In the exact domination score algorithm we need to compare
each node in the under investigation set (nodes that are on the same cell, row and
column, for the two-dimensional example) exhaustively with every other node to
get the domination score of that node.

In the example of Figure [5] suppose that we are trying to compute the domi-
nation score of a point (n,) that resides in cell A located at (9,8). We can decide
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Fig. 5. Illustration of the grid-based approach for domination score computation.
For a point located in cell A, it immediately dominates all points in the shaded
region (cells B, C, D). Dominance relationships for points in partially dominated
cells (E, F) must be calculated individually, while points in non-dominated cells

(G) can be ignored

immediately that n, dominates all points in cells B, C, D and that it does not
dominate any node from cell G. Then, we need to calculate the number of points

30%

70%
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Fig. 6. Approximation of domination score using the piecewise uniformity
assumption. For a point n, in cell A, its dominance over points in partially
dominated cells (e.g., F and E) is estimated based on its relative position.
Assuming a uniform distribution within each cell, n, approximately dominates a

fraction of points in these cells
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that point n, dominates from the remaining cells that we could not get an imme-
diate answer (cells A, E, and F). The number of points that we need to examine in
this second pass depends on the dimensionality of the data set as well as the data
distribution. The domination score of point n, equals the total number of points
contained in cells B, C, and D plus the number of points from cells A, E, and F
dominated by n..

Approximate computation of domination scores. In this case, the domi-
nation score is approximated only for the part where we were unable to get an
immediate result. To approximate the domination score, we assume that all points
in the related cells are distributed uniformly (piecewise uniformity assumption).
Thus, the coordinates of the point n, determine the number of points dominated.
In the example shown in Figure |§|, the point n, approximately dominates 70%
of cell F regarding the y axis, 20% of cell E regarding the x axis, and therefore
approximately 14% of the total number of points residing in cell A.

The use of the approximate domination score computation results in faster
processing, and as we illustrate in the performance evaluation section, this ap-
proximation does not affect the accuracy of the final results significantly. The
outline of the exact and approximate domination score computation is shown in

Algorithm [I]

Illustrative Example

To compute the domination scores, we created a toy dataset, shown in Table
based on the grid example of Figure [5| Then we executed the Algorithm [I] step
by step to compute the exact domination scores of each node. The computation
proceeds as follows:

1. Grid assignment: Each attribute is normalized to a 10x10 grid using its
minimum and maximum values. Each node is then mapped to a grid cell
(n1,n2). For example, node A = (87,75) is placed in cell (9,8), while node
D = (22,37) is placed in cell (3,4).

2. Base score: A node immediately dominates all nodes in strictly dominated
cells (i.e., cells to the right, below, or both). For instance, node A dominates
all points lying in cells that are to its lower-left region.

3. Refinement: For nodes that lie in the same row, column, or partially domi-
nated cells, pairwise comparisons are carried out to confirm whether one node
dominates the other.

4. Final score: The domination score of a node is the sum of its base score and
refinements. For example:

— Node A = (87,75) dominates B, C, D, E, and F = score = 5.
— Node G = (78,94) dominates B, C, D, and F, but not A = score = 4.
— Node F = (55, 73) dominates B and D = score = 2.
— Node C = (67,44) dominates D = score = 1.
— Node B = (43,67) dominates D = score = 1.
Node D = (22,37) cannot dominate anyone = score = 0.
— Node E = (85,24) cannot dominate anyone = score = 0.
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Algorithm 1: Domination Score Computation

// points is any array that holds the nodes attributes
Data: points

// These are the parameters of the algorithm

// approximate: boolean, if true we use approximate domination score
calculation

// stats: min and max of each dimension

// gsize: grid size, defines in how many parts each dimension is
divided

Input: approximate, stats, gsize

Result: domination score of each point

1 begin
// distribute points into grid cells
2 foreach p in points do
// translate point to grid cell key
3 key < translate(p, stats)
// append point to corresponding cell
4 append(gridlkey]) < p
// get all non-empty grid keys and assign them to an array
5 grid_keys < unique grid keys that each correspond to a cell with at least
one point

// sort grid keys in descending order

6 sort(grid_keys)
7 for i in grid_keys do
8 for j in grid_keys[i :] do
9 if j is less than ¢ then
10 ‘ base_score += number of points in grid[j]
11 else
12 L append(process_next) < the points in grid[j]
13 for n in grid[i] do
14 if approximate then
15 score < approximate domination score of n over process_next
points
16 else
17 foreach [ in process_next do
18 if n dominates | then
19 L L score +=1
20 domination[n] = base_score + score

This staged process illustrates how raw attribute values are translated into grid
coordinates, and then systematically transformed into domination scores.
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Table 3. Toy dataset (nodes A—G) with attribute values, grid-cell assignments
(10x10 grid), and exact domination scores

Node|Attribute 1|Attribute 2|Grid Cell (n1,n2)Domination Score
A 87 75 9.8) 5
B 43 67 (5,7) 1
C 67 44 (7,5) 1
D 22 37 (3,4) 0
E 85 24 (9,3) 0
F 55 73 (6,8) 2
G 78 94 (8,10) 4

3.2. Dominant Community Detection

In this section, we present details for the definition of the community score and the
algorithms that perform non-overlapping and overlapping community detection.
Table [4] includes the most frequently used symbols for the next discussion.

Table 4. Frequently used symbols

Symbol Description

G The undirected graph

1) Maximum node degree in G

d Number of dimensions of node vectors

DSA Domination score array sorted in descending order

MAX gom Global maximum domination score of the current dataset
N Total number of nodes in the community

n Current node

k Number of top-k nodes to be processed

h Number of hops of the community to be formed

o

Number of communities reported

The domination score can help us rank the graph nodes regarding its attributes.
The higher the domination score, the better attributes the node has compared
to the other. Since we want to form communities that include nodes with high
domination score the best possible option would be to have nodes that are closer
to the maximum domination score of the entire graph. To achieve that, we compute
a ranking score for each community based on Equation

N
- ldomy — MAX gom|?
U:\/Z,ZnomN o] "

For a community with N nodes we compute the deviation (¢) from the max-
imum domination score of the entire graph (M AX o). With this expression we
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are able to evaluate a community and see how close or far away the participating
nodes are from the global maximum domination score. If ¢ is small then all the
community nodes are closer to the maximum and so the community has a great
value.

We are essentially trying to capture the relationship between the global maxi-
mum domination score and the domination score of each node in the community.
Communities that have nodes with wide a range of domination score will rank
lower that communities with narrower range and same maximum. For example in
Figure [7} community B will have better ranking score than A, because the nodes
of B are closer to the global maximum. For a community C' with N nodes, if

Global
Max

Max { A J Min

Max { B J Min

Max{ c } Min

Max { D } Min

Fig. 7. An illustration of the community ranking score calculation o. Each bar
represents the range (Min to Max) of domination scores of nodes within four
different communities (A, B, C, D). The ranking function rewards communities
whose scores are tightly clustered and close to the global maximum domination
score. For example, Community B would receive a better ranking than
Community A because its nodes have a smaller deviation from the global
maximum

dom;,i = 1,2,...,N are the corresponding domination scores of the nodes of C,
the final score of C' is defined as:

1

norm(C) =
MAX yormy| & S0 IMAX oy — dom, 2

(2)

where M AX 4, is the global maximum domination value from all nodes and
maznorm is the global maximum norm value (from all communities). The larger
the value of norm(C), the better the community. Note that, the value of M AX,,p-m
is used only for the normalization of score values in [0, 1].
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3.3. Comparison with other ranking functions

We selected the deviation-based ranking function because it captures our goal of
finding communities where nodes are not just strong on average, but are consis-
tently dominant. The function evaluates a community by measuring how far its
node domination scores deviate from the global maximum score. A small deviation
signifies that all members of the community have scores tightly clustered near this
peak value. This approach rewards groups that are uniformly powerful and ensures
that a highly-ranked community is significant in the context of the whole network
rather than just having a high internal average.

This method is more robust than simpler alternatives. A ranking based on
the average score, for example, can be misleading, as a few nodes with exception-
ally high scores could inflate the average and mask the presence of much weaker
members. Our deviation-based approach provides a more balanced evaluation by
considering the scores of all nodes while specifically rewarding the cohesive domi-
nance that is central to our definition of a top-k dominant community.

To demonstrate the effectiveness of our deviation-based ranking function, we
compared it with an average-based ranking function using the same dataset. We
applied both ranking methods to the same set of communities and analyzed the
spread of their scores. The results in Figure[8] show that the deviation-based rank-
ing function produces a tighter spread of domination score distribution, indicating
that it effectively identifies communities with consistently high domination scores.
In contrast, the average-based ranking function resulted in a wider spread of dom-
ination scores which suggests that it may include communities with significant
internal disparities. Figures |§| (a and b) illustrate the scatter plots of the average-
based and deviation-based ranking functions, respectively. The deviation-based
ranking function (Figure |§|b) shows a more concentrated distribution of spread,
highlighting its ability to identify communities with tighter domination scores.

There are two main approaches regarding the community detection algorithms:
a) the non-overlapping and b) the overlapping approach. In the non-overlapping
case, the nodes that participate in a community cannot be part of another, whereas
in the overlapping case, nodes can participate in multiple communities. Our method-
ology supports both cases.

In our community detection algorithm, we start from the node with the highest
domination score and stop when we have processed the top-k nodes. With each
node we try to form a community by taking its neighbors with distance h (number
of hops) and then applying the mazimum core [15] operation. Next we compute
the ranking score of the community and add it to the output list.

Recall that the maximum core of a graph G is the maximum induced subgraph
S of G, where each node in S has a degree at least r, where r is the maximum
possible value. By using this approach, not only we get nodes that are important
based on the domination score, but also the community is cohesive.

Depending on the current case (non-overlapping or overlapping), we can point
out some characteristics. In the non-overlapping case the high domination score
nodes will have the opportunity to include nodes first to their community. On the
other hand the overlapping method does not have this issue because the same node
can be part of multiple communities. Another important difference between the
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Fig. 8. Distribution of domination scores of the average-based (avg(C)) versus
the deviation-based (norm(C)) ranking function. The deviation-based function
yields tighter domination score distribution with fewer outliers, indicating its
effectiveness in identifying communities with consistently high domination scores
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Fig. 9. Scatter plots visualizing the domination score spread of the two ranking
functions (a) The average-based (avg(C)) function (b) The proposed
deviation-based function (norm(C))

two cases regarding the computation is that in the non-overlapping case we have
to compute all communities sequentially from top to bottom, because we exclude
nodes that are part of a community, while the overlapping method does not have
this restriction. This means that if we want to get the community that its initial
node is in position 50, in the non-overlapping case we have to find all 49 previous
communities, while in the overlapping case we can directly get the community we
are interested in.

Before we start the process we have to define some parameters. a. the number
of hops, b. how many nodes we will be processed and c. which method we will
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Fig. 10. Tllustration of h-hop neighbors for community formation. Starting from
a seed node (red), a candidate community includes all nodes within A hops
(distance). Nodes at 1-hop, 2-hops, and 3-hops are shown, demonstrating how h
controls the initial scope of the search

use. The number of hops is the distance from the initial node, and we will use this
setting to form our basic community. Figure [I0] depicts an example of a graph and
the nodes that will be included using different number of hops. It is evident that
as the number of hops increases, more nodes are included in the subgraph which
will finally form the community.

3.4. Non-overlapping Communities

Having the exact domination scores of all nodes computed we start the community
detection process from the node with the highest domination score. Based on this
initial node we will try to discover a community by taking the neighbors of distance
h, i.e. the egonet. From this subgraph we filter out nodes that have been visited
previously (i.e. are part of another community discovered before this one). Because
we want the discovered community to have dense structure, we proceed in another
operation and get induced subgraph of the max core. At this point the structure of
the community is complete and what we want next is to calculate the ranking score
of the community and append it to the output list. All the nodes from the recently
discovered community will be excluded from future communities, since this is the
non-overlapping case. Once we process the top-k nodes from our sorted domination
score list, we stop, sort the output by the ranking score and return the results.
We expect that the communities at the top of this list will have nodes with high
domination score and dense structure. The outline of the non-overlapping case is
shown in Algorithm [2]

Complexity Analysis. Let n = |V(G)| and m = |E(G)|. Also, let § denote the

maximum node degree in G, and ¢ the desired number of top communities.
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Algorithm 2: Non-overlapping algorithm
Input: G, DSA, max_dom, k, h
Output: results

// Initialize variable to hold the visited nodes
1 visited < {}

// Assign the top-k nodes from the sorted domination score array
2 topk < DSA[0:K]

3 foreach n in top_k do

// Skip if node has been visited
if n € visited then

5 L continue

// Get the induced subgraph starting from n and include all
neighbors with distance h from the graph G

6 e < egonet(G, n, h)

7 filter out all nodes from e € visited

8 comm < max core induced subgraph of e

9 add all nodes of comm to visited
10 norm <— calculate ranking score from comm
11 append comm and norm to results

12 sort results based on norm in descending order

13 return results

Now let us derive the complexity of Algorithm 2. The max domination scores
have been calculated from Algorithm 1, thus lines 1,2 have a total complexity of
O(n + m) + O(nlogn) + O(n) = O(nlogn + m)

The main for loop (lines 3-11) is executed till we found the desired top com-
munities (¢ times). In lines 6-11 we derive a sub-graph from a starting node
with h hops. Therefore, in the worst case the number of nodes in this graph are:
14+0+62+..+6" = % (if all derived nodes have the maximum degree).
Thus, we have a complexity of O(§"*1). The max core step has a complexity of the
sum of nodes and edges in the derived sub-graph, which in the worst case that is a
complete graph returns O(§"+1 (6" —1)/2) = O(62"*+2). The remaining calcula-
tions do not contribute more to the complexity. Therefore, the overall complexity
of the algorithm is: O(cd?"*2 + nlogn + m).

Theorem 1. If community Cy is discovered after community C, then it always
holds that: norm(Cy) > norm(Ch), according to the defined norm measure.

Proof. Let doma;,i = 1,2,..., N, the domination scores of the N, nodes of the
community Cq, and domb;,j = 1,2, ..., N, the domination scores of the NV} nodes
of the community Cj.

In the case of non-overlapping communities and without loss of generality, we
have the following domination scores order:
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doma; > domag > ... > domapy, > domby > domba > ... > domby,

& MAXgom — doma; < MAXqom — domas < ... < MAXjom — domay, <

< MAXdom — domb1 < MAXdom — domb2 <...<Z MAXdom — dombNb

where M AX 45, is the global maximum domination value.

As all domination scores are less than or equal to M AX 4o, all the above differ-
ences are non-negative numbers, thus we can take their squares without changing
any order:

|MAX gom — domas |? < |MAX gom — domas|? < ... <|MAX gom —domay, |? <

< IMAX gom — domby|?> < |MAX gom — dombs|? < ... < |MAX o — domby,|?

Therefore, it definitely exists a real non-negative number L, such that:

|IMAX gorn — domaq |* < |MAX g0, — domas|? < ...
o S |MAX 4o, — domay;,|* < L < |MAX gor, — domby|? < (3)
< |MAX gom — domba|? < ... < |MAXgom — domby, |?

From Inequality [3] due to transitivity property for the doma;,i = 1,2,...,N,
values we derive:

|MAX gom — domay|? < L

|MAX gom — domas|? < L

|MAX gom — domany, |*> < L
and by using summation we get

S [IMAX gom — domag|? < NoL & 3= 327 |MAX gor, — doma;|? < L.
Therefore, it holds that:

N,
| N
i > IMAX gom — doma,|> < VL (4)
@ =1

With a similar way, from Inequality [3] due to transitivity property for the
domb;,j = 1,2, ..., Ny values we derive:

L < |MAX o — domby |2

L S |MAXdom — domb2\2

L <|MAX 4o — domby, |

and by summing we derive:

NoL < 320 M AX gom — domb;|? & L < 3= 30 [MAX gom, — domb;|?,
Therefore, it holds that:

Ny
1
VL < | = IMAX o — domb,|? 5
<\ 2 A, ) )
By combining Inequalities [4] and [f] we derive:
\/ S SN IMAX go — domaif2 < \/ 3 SN, |MAX g, — domb, |2
1 > 1

-
Ng N
N Do IMAX o —doma; | 2 D0 IMAX o —domb; |2
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& 1 > 1

Ng - N
MAXnorm\[ ®y Y, |IMAX aom —doma;|? MAX porm \/N%? D0 IMAX o —domb; |2

where M AX,,orm is the global maximum norm value.
Therefore, we get that: norm(C,) > norm(Cy), and the proof has been com-
pleted.

3.5. Overlapping Communities

The overlapping case is outlined in Algorithm [3] and it is very similar to the
non-overlapping case except that in this case we do not exclude any node or keep
track of visited nodes. Consequently, nodes are allowed to participate in multiple
communities without any restriction.

A variation that could combine the non-overlapping and the overlapping case,
is to apply a threshold on the number of communities that each node is allowed
to participate.

Algorithm 3: Overlapping algorithm
Input: G, DSA, max_dom, k, h
Output: results

// Assign the top-k nodes from the sorted domination score array
topk <— DSA[0:K]

2 foreach n in top_k do

=

// Get the induced subgraph starting from n and include all
neighbors with distance h from the graph G
e < egonet(G, n, h)

comm <+ max core induced subgraph of e

norm < calculate ranking score from comm

[ I

append comm and norm to results

;N

sort results based on norm in descending order

8 return results

4. Performance Evaluation

In this section, we provide performance evaluation results with respect to the
computation of the domination score and the community detection algorithms.
All experiments have been conducted on a machine with AMD Ryzen 7 PRO
5850U CPU@1.90 GHz with 32GB RAM and SSD drive.

The dataset used in the performance evaluation is the publicly available Aminer
dataset [}| [20], from which we have used the co-authorship network which contains

3 https://www.aminer.org/aminernetwork
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1,712,433 authors and 4,258,615 collaboration relationships. Each author contains
the following attributes: Index ID, Name, Affiliations, Publication Count, Citation
Number, H-Index, P-Index with equal A-index of this author, the P-index with
unequal A-index of this author, and Research Interests. We have used the following
four (4) numerical attributes in our experiments: Publication Count (PC), Citation
Number (CN), H-Index (HI) and P-Index (PI) [19].

The purpose of these experiments is to evaluate the performance for different
setups for the exact and approximate algorithm, and also to test the error of the
approximate domination computation. The algorithm takes as a parameter the
grid size, which depends on the dimensionality of the data set. For example if we
use a two-dimensional dataset we have to apply also the size of the grid defining
in how many parts the two-dimensional data set will be divided to. If we apply a
grid size of 10 x 10, then each dimension is divided into 10 equal parts, resulting
in 100 cells. Since we do not normalize the values of each dimension, the resulting
cells will not be squares. The grid sizes in our tests had the same size in each
dimension, e.g., for the 3-dimensional data sets we tested the cases of (10,10,10),
(25,25,25), (50,50,50), (100,100,100), (250,250,250) and (500,500,500).

In the experimental study, we evaluate our community detection algorithms
by measuring the performance and community structure for various combina-
tions of the algorithm’s parameters, such as total number of communities, num-
ber of hops, overlapping or non-overlapping. More specifically, we evaluate the
proposed algorithms for both non-overlapping and overlapping cases and for dif-
ferent parameter combinations (1, 2, 3 hops, 5k, 10k, 50k, 100k, 500k commu-
nities). The source code for all algorithms covered in this paper is available at
https://github.com/ngeorgiadis/community-detection,

4.1. Comparison with Existing Techniques

Before diving into details related to the performance of the proposed approach, we
present representative results with respect to the comparison between our DoMI-
CoM approach and the SKYCoMm approach, which is also based on dominance
relationships. We point out that in general the two approaches are not directly
comparable, since they generate communities under different criteria. However, it
is interesting to see some results that mainly demonstrate that our proposal is
more general and also more effective.

First, we present some results showing the performance of SKyCowm for the
Aminer data set. Table [§] presents the runtime, the number of communities re-
turned, the average number of nodes per community, and the total number of
nodes contained in each core subgraph. Moreover, Table [6] presents the same in-
formation where the node attributes follow an anticorrelated distribution, which
is expected to pose significant challenges due to the computation of the skyline.
Runtime results for the DoMiCoM approach are given in Table

Based on the values reported in the previous tables, we observe the following:

— The SkYCowMm approach cannot control the number of communities returned,
since it is based on skylines. This means that the number of communities
strongly depends on the distribution of attribute values. For example, for the
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Table 5. SKYCoOM results for the AMiner data set

Core Time (s) Num. of Results Avg. Num. of Nodes Num. of Nodes

69.77
46.23
140.91
99.41
46.44
31.14
36.60
32.06
19.71
13.70
9.20
7.63
7.22
5.26
3.35
3.11
1.61
0.90
0.58
0.59
0.84
1.31
0.53
0.56
0.53
0.33
0.50
0.21
0.17
0.13

5
4
16
16
9
8
11
12
11

—
o

\]OOOBU\\]OOE@@OOUYU‘CDOO@\]OOOO\]OO

2.00
3.50
5.81
5.75
6.11
7.75
9.00
9.83
10.91
12.10
13.63
15.00
14.38
15.00
16.00
17.00
18.00
19.00
20.00
23.00
22.00
23.00
24.00
25.00
26.00
27.00
28.00
29.00
30.00
31.00

1560640
1238105
878167
578194
379976
256078
180276
130556
97208
72943
56046
43093
33588
25917
20200
15848
12295
10399
9246
8233
7073
6313
5831
5118
4699
4290
3716
3408
2980
2719

Table 6. SKYCoM results for the anticorrelated distribution

Core|Time(s)|Num. of Results|Avg. Num. of Nodes|Num. of Nodes
50 |195.526 19512 51.000 899
40 |291.567 23738 41.000 1436
30 |721.305 24241 31.001 2719
20 |2451.07 20056 21.127 8233
15 [7563.35 15157 16.011 20200
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AMiner data set we observe that the maximum number of communities re-
turned is 12 and the minimum is 4 (Table . On the other hand, for the
anticorrelated distribution, we get several thousand communities in the result,
which cannot be easily managed (Table@. In contrast, DoM1COM accepts the
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Table 7. Exact and approximate domination score computation and total
running time (in seconds) for AMiner and Anti-correlated distribution

Aminer Dataset

1 hop (sec) 2 hop (sec)

Exact domination score 21.84 21.84
Evaluations of the top-50k communities 18.84 195.27
Total time 40.68 217.11
Approximate domination score 7.86 7.86

Evaluations of the top-50k communities 18.84 195.27
Total time 26.70 203.13

Anti-correlated Dataset

1 hop (sec) 2 hop (sec)

Exact domination score 313.25 313.25
Evaluations of the top-50k communities 18.84 195.27
Total time 332.09 508.52
Approximate domination score 105.12 105.12
Evaluations of the top-50k communities 18.84 195.27
Total time 123.96 300.39

number of returned communities as a parameter, and therefore the number of
results may vary based on user preferences.

In SKYCoM, the number of nodes per community is highly restricted by the
core value being used (first column). We observe that, in general, the number
of nodes per community is around the core value being applied, resulting in
communities with a very small number of nodes. This is evident in both the
AMiner data set and in the data set with an anti-correlated distribution of
node attribute values.

The performance of SKYCoM is highly dependent on the core value used.
Higher core values are expected to require less computational cost, because
the number of nodes in the selected subgraph is significantly reduced. This
is shown in Table [ On the other hand, in anticorrelated distributed data,
the run-time explodes due to the difficulty in the skyline computation. In
addition, the number of returned communities is totally uncontrolled and, also,
the number of nodes per community is almost the same as the core number.
In contrast, DoMICOM our which depends primarily on the domination score
computation, performs very well even if the attributes follow an anticorrelated
distribution (Table|[7).

By default, SKYCoOM returns overlapping communities and there is no way
to force the algorithm to return non-overlapping ones. In contrast, in DOMI-
CoM the user may select either the non-overlapping or the overlapping case,
depending on the application.



Top-k Dominant Communities 99

We highlight again that the two algorithms use different definitions for the
formation of communities and therefore they cannot be compared directly. We
have pointed out some important findings that reveal some of the advantages
and disadvantages of SKyCoM and DomMICoOM and presented some representative
results. In the following sections, we focus on our approach and present more
detailed experimental evaluation results.

4.2. Domination Score Computation
In Figure [I1] we observe the domination score histogram. We notice that almost

half of the authors have domination score 0 (over 800k authors). We also notice,
that the next non-zero domination score is placed in the 0.8M-0.9M bin.

AMiner Domination Score Histogram
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Fig.11. Domination score histogram of the AMiner dataset

In the domination score performance evaluation, we show how much time is
needed to compute the domination score of each author for the entire dataset.
There are basically two parameters that we vary, one is the dimensionality and
the other one is the grid size. In Figures [12| and [L3| we present how the computa-
tion time progress as the grid size increases, for the exact and approximate cases
respectively.

Figure [T4] shows the cost comparison between the exact and the approximate
domination score computation algorithms for the 4D case. The same performance
has been observed for smaller dimensionalities. We observe that as the grid size
increases, initially, the computation time decreases up to a point (grid size of 100
cells per dimension). After this point, the computation cost increases since the
number of grid cells increases significantly.



100 Nikolaos Georgiadis et al.

Exact Domination Score Calculation Time
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Fig. 12. Exact domination score computation time (sec) for 2, 3 and 4-d data

Approx. Domination Score Calculation Time

90
80
70
= 60
450
g 40
= 30
20
10
o - - == .| J
10 25 50 100 250 500
Grid Size
m2d m3d m4d

Fig. 13. Approximate domination score computation

When we approximate the domination score, we expect an error compared to
the exact computation. This error highly depends on the grid size because as the
grid size increases, the approximate score values tend to get closer to the exact
ones. In this experiment, we compute the exact and approximate domination scores
for grid sizes of 50, 100, 250, 500, and then sort by domination and compute the
error on the top-10k nodes.

Figure [I5] shows the Average and Root-mean-squared error, respectively. We
observe that the error is very small in the 250, 500 grid size cases, whereas it is
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Exact vs Approximate Domination Score
Calculation Time (4d)
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Fig. 14. Exact vs. approximate domination score calculation for 4-d data
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Fig. 15. Approximation error of domination scores (a) Average percentage error
(b) Root mean squared error (RMSE)

quite large for a grid size of 50. Therefore, a grid size between 100 and 200 is a
good compromise between runtime and error.

To summarize these observations, we provide some practical recommendations
for selecting between the two variants. Exact computation is more appropriate
when the dataset has low dimensionality or when the attribute distribution is
highly skewed or anticorrelated, since in such cases approximation may introduce
significant inaccuracies. On the other hand, approximate computation is recom-
mended in higher dimensional settings or when runtime is a primary constraint.
As shown in Figures [14] and for grid sizes of 100 or larger per dimension the
approximation achieves negligible error while offering up a significant speedup.
Therefore, the approximate variant is particularly suitable for large-scale or ex-
ploratory analyses, while the exact variant should be preferred in accuracy-critical
applications.
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Fig.16. Runtime breakdown of the non-overlapping community detection for 4D
data. Time is split into egonet construction, k-core extraction, and other steps

4.3. Community Detection

In this section we evaluate the performance of our community detection algorithm
for both non-overlapping and overlapping cases. We will examine how they perform
varying the data dimensionality as well as the input parameters which are the
number of the top-k nodes that are processed (5k, 10k, 50k, 100k, 500k) and the
number of hops (1, 2, 3). We split the total computation time in three parts:
the egonet time, core time and the rest of the process (denoted as other). In the
following sections, for the domination score computation we have used the exact
algorithm with a grid size of 100.

The non-overlapping case for the 4-d data is presented in Figures[I6] We observe
that most of the computation time is attributed to the egonet computation, i.e. to
the creation of the subgraph starting from a certain node with distance h, while
the core operation is the less time-consuming. There is a significant increase in
runtime between the 2-hop and the 3-hop cases, while comparing the execution
time between different data dimensionalities, we do not observe any significant
difference. The rest of the computation marked as other is also significant because
we need to maintain some additional information regarding the nodes that have
been already processed.

The results for the overlapping are shown in Figure for the 4-d case. We
observe that the overlapping case is, in general, more time-consuming than the
non-overlapping case. The difference between them is low when the top-k is small
but, it becomes significantly large as the top-k number increases, especially when
we are exploring 3-hop communities. We point out that overlapping communities
provide the opportunity to include the same nodes in different communities. On the
other hand, this process is more time-consuming because the number of potential
communities is significantly larger.
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Runtime Overlapping Communities - 4D
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Fig. 17. Runtime breakdown of the overlapping community detection for 4D
data. Time is split into egonet construction, k-core extraction, and other steps

For example, in the overlapping case for the 4-dimensional data and top-50k
nodes the algorithm needs 18.84 seconds for 1-hop, 195.27 seconds for 2-hops and
3546.57 seconds for 3-hops case. The non-overlapping execution time for the same
parameters is 9.73 seconds for 1-hop, 91.77 seconds for 2-hops and 1155.05 seconds
for 3-hops. As we observe, the overlapping case is 2 to 3 times more time-consuming
than the the non-overlapping algorithm. The difference is increasing as the top-k
increases and in the top-500k case the overlapping algorithm is 2.5 - 5.5 times
slower.

The majority of the time here is also consumed by the egonet operation. In
contrast, the other part in the overlapping case is very small since we don’t need
to monitor and maintain any list regarding which nodes have been visited.

4.4. Community Evaluation

In this section, we evaluate the communities discovered by our algorithms. We also
present some quality measures for both the non-overlapping and the overlapping
case. In Figure[I§] we observe how the average modularity of the returned commu-
nities progresses. For the non-overlapping case we observe almost the same values
for 1-hop and 2-hop, while the 3-hop case has a slightly increased modularity. In
the overlapping case we observe the opposite. The 1-hop case has better values
than the 2-hop and 3-hop cases. In both non-overlapping and overlapping cases the
highest modularity is observed when we compute the top-500k. The modularity
value is above 0.3 which indicates a strong community structure, as studied in [16].

Next we explore the average clustering coefficient and the density of the discov-
ered communities for different options for the non-overlapping and the overlapping
case. In this experiment, the top-k parameter was set to 50k, whereas the detection
process was executed for 1, 2 and 3 hops.
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Fig. 18. Average modularity of discovered communities varying parameters k
and h for (a)non-overlapping case and (b) overlapping case
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Fig.19. Average clustering coefficient for non-overlapping communities

In Figure [I9 we present the results of the average clustering coefficient for the
non-overlapping case for the 2-hop and 3-hop cases. We observe that while most of
the communities in all three cases are in the 0.9-1.0 bin, the 3-hop non-overlapping
case also has a significant amount of communities fall in the lower bins (0.0 - 0.5).

In Figure [20] we present the results of the average clustering coefficient for the
overlapping case for the 2-hop and 3-hop case. Here also the bin 0.9-1.0 contains
the most communities and in contrast to the non-overlapping case, in the 3-hop
case almost all 50k communities fall in the 0.9-1.0 bin.

In Figure[21] we present the community density histograms for the non-overlapping
case for 2-hop and 3-hop. The pattern we observe here is analogous in some part
to the average clustering coefficient. Most of the communities fall into the 0.9-1.0
bin. The overlapping case is similar to the non-overlapping one, as presented in

Figure

4.5. Precision of Communities with Approximate Domination Score

In this series of experiments, we evaluate the non-overlapping and the overlapping
algorithms to get the top-10k communities applying domination scores that were
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Fig. 22. Density histogram for overlapping communities

computed using the approximate algorithm for various grid sizes. Then we measure
the precision of the communities returned compared to the communities discovered
when we apply the exact domination score computation.
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Fig. 23. Precision of approximate domination score

In Figure[23] we present the precision of the top 20, 50 and 100 communities for
the non-overlapping and overlapping algorithms when we apply the approximate
domination score for grid size 100, 250 and 500. The precision for the top-20
communities is higher for all grid sizes, with the highest precision achieved with
the 100-grid. The precision for the top-50 and top-100 items is also higher for the
smaller grid sizes, but the 250-grid and 500-grid still performs relatively well.

For the non-overlapping case, the precision is generally lower than the overlap-
ping case. The precision for the top-20 communities is the highest for the 500-grid,
followed by the 250-grid and then the 100-grid. For the top-50 and top-100 commu-
nities, the precision is lower for all grid sizes, with the highest precision achieved
for the 500-grid.

4.6. Parameter Sensitivity

In this section we study and evaluate the impact of our method’s key parameters.
The number of top-k nodes to be processed (k) and the number of hops (h). To
provide a robust comparison of their effects, for each parameter configuration (e.g.,
h=2, k=100k), we generate a set of candidate communities and then analyze the
score distribution of the top-500 resulting communities, ranked by their final score
based on our proposed metric (norm(C)). This approach allows us to evaluate
which parameter settings are most effective at producing a high volume of elite,
high-scoring communities, which is a key objective for practitioners seeking optimal
results. The goal is to isolate the effect of each parameter on this elite subset,
thereby offering guidance on tuning the method.

To achieve this, we conducted two sets of experiments. In the first, we fix the
hop count (h=2) and vary k to measure how the initial search scope impacts the
quality of the final top-500 communities. The hypothesis is that a broader initial
search (larger k) will yield a superior elite subset. In the second, we fix k=10k
and vary h to quantify how search granularity affects the quality of even the best
communities found. This allows us to determine if broader, large-hop communities
can compete in quality with more compact, small-hop ones when comparing their
respective top-ranked results.
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Fig. 24. Top-500 community score distribution. (a): fixed h=2, varying k. (b):
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Figure 24] presents the score distribution of the top-500 discovered communi-
ties, illustrating the impact of the search scope (k) and the community radius
(k). The plot on the left (a) demonstrates that increasing the number of top-k
seed nodes from 1k to 100k systematically improves the quality of the discovered
communities, evidenced by a clear upward shift in the median and overall score
distribution. This suggests that a broader search scope is more effective at iden-
tifying optimal communities. On the other hand, the plot on the right (b) reveals
that increasing the hop count (k) from 1 to 3, causes a sharp decrease in the
community scores, indicating that the highest-quality communities are compact
and localized. Therefore, these findings strongly suggest that for maximizing the
community score, the ideal strategy is to employ a large search scope (k) combined
with a minimal community radius (h=1 or 2). Additionally, if we also consider the
runtime as discussed in Section [£.3] we can see that the choice of h has a much
more significant impact on performance than k. Higher selection of h > 3, is lead-
ing to exponentially longer runtimes. This further reinforces the recommendation
to keep h low for practical applications.

To provide a clear and actionable summary of these findings, we present a
detailed guide for parameter selection in Table [0] and Table [§] Table [9] outlines
the role of the hop count (h), detailing how its value can be tuned to control the
desired community granularity, from dense, high-quality local clusters (h=1) to
broader, macro-level structures for exploratory analysis (A > 3), while considering
the significant trade-offs in performance and average community score. Concur-
rently, Table [§| provides guidance on selecting the search scope (k), explaining how
a focused search (small k) offers efficiency, whereas an exhaustive search (large k)
maximizes the potential for discovering the optimal, highest-scoring communities.
Together, these tables offer a practical framework for practitioners to configure our
method based on their specific analytical goals and computational constraints.
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Table 8. Guidance for Selecting the k Parameter (Search Scope)

Setting

Use-Case Outcomes & Trade-offs

k = Small (Focused) For fast, efficient community Outcome: A limited set of

detection when the goal is to high-quality communities.

find good communities seeded Trade-off: May miss the sin-

only by the most elite nodes. gle best community if it is not
seeded by a top-ranked node.

k = Medium (Robust) To achieve balance between Outcome: A comprehensive

search time and the quality of set of excellent communities.
results, often representing the Trade-off: Our experiments

optimal setting. show this range provides a
great return on computational
investment.

k = Large (Exhaustive) Maximize the likelihood of Outcome: The highest poten-

finding the absolute best- tial for community quality.
scoring community, especially Trade-off: Increased runtime,
in graphs where many nodes best used when result optimal-
have similar high scores. ity is important.

Table 9. Guidance for Selecting the h Parameter (Community Granularity)

Setting

Use-Case Outcomes & Trade-offs

h = 1 (Local)

To find the highest-quality, dense Outcome: Small, elite communi-

core communities with maximum ties with high domination scores.

efficiency. Trade-off: Highly localized; will
not discover broader structures.

h = 2 (Balanced) To find well-structured communi- Outcome: Medium-sized com-

h > 3 (Broad)

ties that extend beyond immedi- munities that are often a good
ate neighbors, offering a balance compromise between local detail
between size and quality. and broader context.
Trade-off: Slower than h=1 but
often manageable.

For exploratory analysis of large- Outcome: Very large communi-

scale, macro-level  structures ties.

across the network. Trade-off: Significantly lower av-
erage quality and exponentially
higher runtime.
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5. Conclusions

In this work, we have studied the problem of dominant community detection in
networks with node attributes. Our approach is composed of two main concepts:
the power of nodes expressed by means of the domination score of the attributes
and the community coherence which is computed by means of the maximum core.
One of the novelties of our approach is the support of both non-overlapping and
overlapping community detection. The whole process is parameterized by the num-
ber of hops. Performance evaluation results based on real-life attributed networks
demonstrate the efficiency and effectiveness of the proposed approach. Efficiency
is measured with respect to the overall runtime, whereas effectiveness is measured
by means of the density and the clustering coeflicient of the discovered commu-
nities. In addition to the exact computation of domination scores, approximate
domination scores are also applied towards faster processing, without significant
sacrifice of the accuracy of the results.

The proposed methodology can be applied to a variety of real-world analyti-
cal tasks. In academic citation and co-authorship networks, nodes correspond to
authors annotated with attributes such as publication count, citation number or
h-index. High domination score nodes highlight influential researchers, and the
induced dominant communities reveal cohesive groups of high-impact authors or
laboratories. The non-overlapping case can be applied to partition the network
into disjoint fields, whereas the overlapping case is appropriate to capture cross-
disciplinary researchers belonging to multiple groups. In this way, DoMiCoM can
support tasks such as identifying elite research clusters, emerging teams, or bridg-
ing authors who connect different disciplines. In social networks, attributes like
activity level, number of followers, and engagement metrics allow DoMICOM to
discover communities of influential users, supporting applications such as viral
marketing, influence maximization, or misinformation monitoring. In biological
interaction networks, nodes represent genes or proteins with attributes such as
expression levels or disease relevance, and dominant communities correspond to
functional modules that are both structurally coherent and jointly strong across
biological attributes. These examples illustrate that DoMICoOM can be deployed in
diverse settings, from compact elite clusters to broader macro-level structures, by
tuning parameters such as hop count, overlapping vs. non-overlapping detection
and exact or approximate score computation.

Some interesting future research directions are: 1) the use of random walks
instead of hops, 2) the use of parallelism to speed-up computation, and 3) the
application of node embedding techniques.
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