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Abstract

Many community detection algorithms are inherently stochastic, leading to variations in
their output depending on input parameters and random seeds. This variability makes
the results of a single run of these algorithms less reliable. Moreover, different cluster-
ing algorithms, optimization criteria (e.g., modularity and the Constant Potts model), and
resolution values can result in substantially different partitions on the same network. Con-
sensus clustering methods, such as Ensemble Clustering for Graphs (ECG) and Fast-
Consensus, have been proposed to reduce the instability of non-deterministic algorithms
and improve their accuracy by combining a set of partitions resulting from multiple runs of
a clustering algorithm. In Complex Networks and their Applications 2024, we introduced
FastEnsemble, a new consensus clustering method; here we present a more extensive
evaluation of this method. Our results on both real-world and synthetic networks show
that FastEnsemble produces more accurate clusterings than two other consensus clus-
tering methods, ECG and FastConsensus, for many model conditions. Furthermore,
FastEnsemble is fast enough to be used on networks with more than 3 million nodes,
and so improves on the speed and scalability of FastConsensus. Finally, we showcase
the utility of consensus clustering methods in mitigating the effect of resolution limit and
clustering networks that are only partially covered by communities.

Author summary

Consensus (ensemble) clustering methods, such as FastConsensus and Ensemble Clus-
tering for Graphs (ECG), combine partitions from multiple runs of the same clustering
algorithm, in order to improve stability and accuracy of the output partition. In this
study, we present a new ensemble clustering method, FastEnsemble, and show that it
provides improved accuracy under many conditions compared to FastConsensus and
ECG. We show results using FastEnsemble with Leiden optimizing modularity or the
Constant Potts model (CPM) and the Louvain algorithm. We show that FastEnsemble
and other consensus clustering methods can reduce the effect of resolution limit for both
modularity- and CPM-optimization. Finally, we demonstrate that consensus clustering
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methods can improve community detection over modularity-optimization using Leiden
on networks with both clusterable and unclusterable regions.

Introduction

Community detection methods are commonly used to analyze the community structure of
complex networks, where a community is a set of nodes that satisfies criteria such as being
dense (more edges than expected), well-connected (i.e., not having a small edge cut) [1], and
reasonably separable from the rest of the network. Because of the broad applicability of com-
munity detection, many community detection methods have been developed that vary in
approach (e.g., spectral clustering, heuristics for NP-hard discrete optimization problems, or
machine learning approaches), objective (e.g., disjoint clustering or overlapping clustering)
and type of network they are designed for (e.g., citation networks, biological networks, and
social networks) [2-8].

One difficulty in using community detection algorithms is that most do not produce a
unique output on the same network in multiple runs. In most cases, this variability arises
from the stochastic nature of the algorithm, which incorporates randomness in the clustering
process. As a result, the output can vary depending on factors such as random seeds, initial
conditions, and tie-breaking rules used in the algorithm [9,10]. For instance, in the Leiden
algorithm [11], changes in random seeds can substantially affect the final clustering [12].

On the other hand, even when the clustering algorithm is deterministic, the output may
vary based on parameters given to the method, such as the resolution parameter for cluster-
ing optimizing modularity [13] or the Constant Potts Model (CPM) [11,14]. In many cases,
it is not immediately clear which optimization function or algorithmic parameters will yield
the best partition for a given network. This unpredictability, combined with the challenge of
selecting the most suitable optimization criteria and parameters, highlights the need for sys-
tematic methods to evaluate and compare partitions, either qualitatively or quantitatively.
Alternatively, combining information from multiple partitions can lead to a more robust and
representative community structure of the network.

To address these challenges, consensus (or ensemble) clustering approaches have been pro-
posed [9,15-23] with the goal of reducing the noise in the final clustering, which arises from
the stochasticity of methods. Previous studies have shown that these consensus approaches
could lead to more robust and stable partitions, and improve the accuracy of the output clus-
tering [9,16,17].

A class of consensus clustering methods, introduced in [9], take a network G as input
and run a clustering algorithm (such as Louvain [24,25] with different random seeds) on it
n, times to get n, different partitions. These partitions are then analyzed to construct a co-
classification matrix, which captures how frequently each pair of nodes are co-clustered. Using
this matrix, a new weighted network G’ is created and subsequently re-clustered 7, times.
This iterative process continues until G’ stabilizes, converging to a stationary network. Several
variations of this consensus approach have been proposed in the literature [9,16,17].

Scalability remains a challenge for these approaches, as constructing the co-classification
matrix is computationally intensive when the network is large. FastConsensus [16] addresses
this issue by employing a sampling technique, computing the co-classification matrix only for
a subset of node pairs. Another recent and promising consensus method is Ensemble Clus-
tering for Graphs (ECG) [26], which simplifies the process compared to FastConsensus by
combining partitions in a single step rather than through iterative refinements.
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In a recent paper published in Complex Networks and their Applications 2024 [27], we
introduced FastEnsemble, a new ensemble clustering method. While FastEnsemble shares
design similarities with ECG and FastConsensus, FastEnsemble is designed to support both
modularity and CPM optimization, whereas ECG and FastConsensus only work with mod-
ularity optimization. Additionally, FastEnsemble eliminates much of the technical complex-
ity of FastConsensus, allowing it to scale efficiently to large networks. To evaluate its perfor-
mance, we tested a simplified version of FastEnsemble using Leiden with both modularity
and CPM-based optimization on large synthetic networks generated with the Lancichinetti-
Fortunato-Radicchi (LFR) benchmark software [28,29]. We compared FastEnsemble against
FastConsensus and ECG [30,31] in terms of accuracy and scalability and demonstrated cases
where FastEnsemble provided an advantage over these methods. Furthermore, we demon-
strated that consensus clustering methods can help mitigate the resolution limit problem
[32] and improve clustering accuracy on networks where only a portion of the network has
community structure.

In this extended study, we expand on our previous work in several directions. While [27]
focused on a limited set of networks for algorithm design experiments, varying only in terms
of the mixing parameter, we expand our analysis to include synthetic networks with a wider
range of densities and sizes. Additionally, whereas the original study demonstrated the impact
of the resolution limit only for modularity-based optimization, we show that CPM-based
optimization is also susceptible to the resolution limit at sufficiently small resolution values.
We further extend our experiments by incorporating additional networks, including both
real-world networks and synthetic networks partially composed of Erd4s-Rényi graphs and
tree-of-cliques networks. Finally, unlike [27], which only used Leiden for modularity opti-
mization, we include the Louvain algorithm in our experiments to ensure a fair comparison
with ECG and FastConsensus, both of which also utilize Louvain.

Preliminaries

In this section, we introduce the notation and concepts related to networks and clustering
used throughout this paper.

Notation and definitions. Let N = G(V, E) be a network where V denotes the set of nodes
and E denotes the set of edges, and let n = | V]| and m = |E|. A partition or clustering P of N
divides the set of nodes V into k non-overlapping sets C;, C,, ..., Cy such that each vertex
belongs to exactly one cluster. We use clustering and partition interchangeably throughout
this paper, and refer to each C; as a cluster or community.

In a synthetic network, we will have known ground truth communities. In this study we
will constrain all such communities to be internally connected, i.e., to not be comprised of
two or more components.

For a fixed partition P, let d" indicate the degree of node v; inside its own community
and d7* indicate the degree of v; outside its community. The total degree of v; is therefore
d; = d" + d?"'. The estimated mixing parameter of the network for the partition P is defined as

N 21 z ™ (1)
KNPy = n ety din + d?ut’

which is equivalent to the average ratio of the number of neighbors of a node outside its com-
munity to its total degree. When P is the ground-truth community structure of a network, the
mixing parameter serves as an indicator of clustering difficulty for that network; small mix-
ing parameters signify networks that are generally easy to cluster [28], whereas large mixing
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parameters correspond to networks that have less clear boundaries around their clusters and
are therefore more difficult to cluster correctly.

For a set of partitions Py, P, ..., Py, on network N with n vertices, the co-classification or
consensus matrix A is an n X n matrix where each row and each column corresponds to a ver-
tex in N. The entry A;; represents the proportion of the n, partitions in which nodes v; and v;
are co-clustered together [9].

Fast ensemble clustering

In this section, we describe the algorithm and implementation of FastEnsemble.

Algorithm. The input is a network N. FastEnsemble uses five algorithmic parameters:
an integer 7, that indicates the number of partitions, a threshold 0 < ¢ < 1 for removing weak
edges in the consensus matrix, the clustering method M that is applied #, times to the input
network N, the final clustering method M’, and a Boolean parameter “weight” that determines
whether to consider weights in the final step.

FastEnsemble has the following steps:

o Step 1: It first uses the specified clustering method M to generate n, partitions of N. It then
computes the entries of the co-classification matrix corresponding to the edge set of N.

o Step 2: It then builds a new network on the same node and edge set but with the edges
weighted by the entries in the co-classification matrix, i.e., the fraction of the clusterings in
which the endpoints of an edge are in the same cluster. If a given edge has weight less than
t, then the edge is removed from the network; hence the new network N’ can have fewer
edges than the original network.

o Step 3: If weight = True, then N’ is clustered using M'. If weight=False, then the edge
weights are ignored before M’ is applied to N'.

As an example, suppose the clustering method M is Louvain, the final clustering
method M’ is Leiden optimizing modularity, t = 0.5, np = 10, and weight=True. In Step 1,
FastEnsemble clusters the input network N, 7, = 10 times using Louvain. We assign weights
to each edge of N as follows: for every edge (x,y) in the network, letting k be the number of
times the pair of nodes x,y are co-clustered (i.e., appear together in a cluster), the edge (x,y)
is assigned weight k/10. In Step 2, every edge whose weight is less than ¢ = 0.5 is removed
from the network, which can reduce the number of edges. Hence, the network that is clus-
tered in Step 3 will contain a subset (and possibly proper subset) of edges of the input net-
work, and these edges will have values between 0 and 1. In Step 3, this edge-weighted network
is clustered using Leiden optimizing modularity, producing the final clustering.

Some comments about the algorithmic parameters may be helpful. Although considering
edge weights may be desirable, the user may wish to cluster the final network without refer-
ence to the edge weights; therefore, we allow the user to ignore the edge weights in Step 3.
Increasing the number #, of partitions can enhance accuracy and stability but comes with
a computational cost. To ensure scalability for large networks, we set the default value of
1, = 10. We choose the default value for the parameter ¢ based on a set of algorithm design
experiments.

Strict consensus. We refer to a special case of FastEnsemble that uses ¢ = 1 as Strict Con-
sensus Clustering in the experiments. In this variant, an edge (x,y) remains in the weighted
network if and only if x and y are co-clustered in all n, partitions.

Implementation. FastEnsemble is a generalized framework that can be used with a sin-
gle clustering method (the default version) or with a combination of clustering methods (its
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advanced version, see Sect A, S1 Appendix). It is currently implemented for use with Leiden
optimizing modularity (referred to as “Leiden-mod” in the experiments), Leiden optimizing
CPM (“Leiden-CPM”), and the Louvain algorithm, which optimizes modularity. However,
additional clustering methods can be easily incorporated into the implementation.

Runtime analysis. The first step of FastEnsemble runs the specified clustering method
(Leiden or Louvain in the current implementation) #, times. The runtime of both Louvain
and Leiden are O(L|E|) where L is the total number of iterations of the algorithm and |E]| is
the number of edges in the network [33]. Therefore, the runtime for this step is O(n,L|E|).
Given these clusterings, FastEnsemble computes the entries of the co-classification matrix
corresponding to edges of N in O(n,|E|) by looking at the proportion of times each edge
e € E appears in the n, partitions. Therefore, the total runtime of step 1 is O(n,L|E|). In
Step 2, FastEnsemble builds a new network using the co-classification matrix, which can be
done in O(|E|) time. The third step involves applying the final clustering method on the new
weighted network, which has a time complexity of O(L|E|) when the clustering method is
Leiden or Louvain. Therefore, the overall runtime of FastEnsemble is O(#,L|E|).

Performance study
Networks

We used both real-world and synthetic networks, some available from prior studies, and some
generated for this study. Table 1 provides a summary of empirical statistics of the networks,
including network size and mixing parameters [34]. Networks that have mixing parameters of
0.5 or larger are considered challenging to cluster while networks with much smaller mixing
parameters are generally easy to cluster [28,35].

Algorithm design experiments. For the algorithm design experiment, we generated LFR
networks using parameters similar to those used in [16], but with a modified exponent for the
cluster size distribution to better match properties of real-world networks (see also Sect B.1.1
in S1 Appendix). The default model condition in this dataset consists of synthetic networks
with 10,000 nodes, an average degree of 10, and estimated mixing parameter values rang-
ing from 0.196 to 0.978 (note that the model mixing parameters, which are used to generate
the networks, are drawn from 0.1,0.2, ...,0.9, but the resultant mixing parameters are differ-
ent). We vary the network density (i.e., average node degree) between 5 and 20 and number
of nodes between 1,000 and 100,000 to create additional networks that allow us to evaluate
FastEnsemble under a range of model conditions. In total, the algorithm design dataset has
45 model conditions, and each model condition has one replicate (i.e., one network). These
networks have mixing parameters between 0.196 to 0.978 (Table 1).

Testing experiments. The testing experiments used two different real-world networks
and several sets of synthetic networks. The real-world networks are taken from SNAP [36],
and include two of the networks from that collection (DLBP and Amazon Products) that have
real-world ground-truth communities. The synthetic networks come in different sets. One
set, taken from [1], contains LFR [28] networks based on parameters obtained from five real-
world networks clustered using Leiden-mod or Leiden-CPM. The five real-world networks are
cit_hepph, the Curated Exosome Network (CEN), Open Citations (OC), wiki_topcats, and
cit_patents. Two of these LFR networks based on CPM clustering contained a large percent-
age of ground truth clusters that were internally disconnected and were therefore excluded
from the experiments in [1] as well as from this study. Additionally, LFR failed to generate
a network for one model condition from a Leiden-CPM clustering. Thus, there are 5 LFR
networks that are based on Leiden-mod clusterings and 22 LFR networks that are based on
Leiden-CPM clusterings. The networks based on Leiden-mod clusterings have small mixing
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Table 1. Empirical statistics of the networks used in this study.

Network Expt. # nodes # edges avg. mixing param.
Synthetic Networks

LFR algorithm design [27],(*) |1 1,000-1,000,000 5708-600,227 0.196-0.978
LFR cit_hepph MOD [1] 2 34,546 ~ 431K 0.155

LFR wiki_topcats MOD [1] 2 1,791,489 ~24M 0.199

LFR cen MOD [1] 2 3,000,000 ~2IM 0.180

LFR OC MOD [1] 2 3,000,000 ~55M 0.129

LFR cit_patents MOD [1] 2 3,774,768 ~16M 0.114

LFR cit_hepph CPM [1] 3 34,546 ~ 431K 0.086-0.781
LFR wiki_topcats CPM [1] 3 1,791,489 ~ 24M 0.379-0.793
LFR cen CPM [1] 3 3,000,000 ~2IM 0.402-0.646
LFR OC CPM [1] 3 3,000,000 ~55M 0.407-0.871
LFR cit_patents CPM [1] 3 3,774,768 ~ 16M 0.211-0.807
Ring-of-cliques [27] 4 90-10,000 4140-460,000 0.02
Tree-of-cliques (*) 4 90-5,000 4139-229,999 0.018
Erdés-Rényi [27] 5 1000 470-50,025 0.625-1.0
Erdés-Rényi+LFR [27] 5 2000 4776-53,917 0.486-0.572
Erdés-Rényi+ring (*) 5 2000 5100-54,470 0.40-0.51
Real-world Networks

Amazon Products [36] 6 334,863 925,872 0.845
DBLP [36] 6 317,080 1,049,866 0.991

Notes: We report the number of nodes, number of edges, and the average mixing parameter for each network; when
a network collection is indicated, we provide the range of these values. The mixing parameter is measured for the
“ground truth” community structure; for Erdés-Rényi graphs, we assume the ground truth clustering has each node
forming its own community. The rows for Experiment 3 each represent up to five different networks, each gener-
ated based on a Leiden-CPM clustering with different resolution values of the specified real-world network. Mixing
parameters for real-world networks used in Experiment 6 (bottom two rows) are derived from the top 5000 clusters
according to [38], based on cluster quality. For networks from prior publications, we provide a citation to that pub-
lication; an asterisk (*) indicates that the networks are newly created for this study. The LFR training data are partly
from a prior publication and partly new.

https://doi.org/10.1371/journal.pcsy.0000069.t001

parameters ranging from 0.114-0.199, while the networks based on Leiden-CPM cluster-

ings have mixing parameters that range from 0.086 to 0.871 (Table 1). The five LFR networks
based on Leiden-mod clusterings of real-world networks are used to evaluate the modularity-
based consensus clustering methods ECG, FastConsensus, and FastEnsemble using Leiden-
mod in Experiment 2. The 22 networks based on Leiden-CPM clusterings are used to evaluate
FastEnsemble using Leiden-CPM, in comparison to Leiden-CPM, in Experiment 3.

We also included LFR synthetic networks where the resolution limit [32] is known to cause
a problem for modularity-based clustering; these were used to evaluate both modularity-
based clusterings and CPM-based clusterings in Experiment 4. There are six ring-of-cliques
networks and five tree-of-cliques networks in this collection. The ring-of-cliques networks
have n cliques of size 10, each connected to the cliques on the two sides by a single edge. The
tree-of-cliques networks are formed by taking a random tree on # nodes and replacing each
node by a clique of size 10. The mixing parameters for these networks are very small, in the
0.018-0.02 range (Table 1).

We studied 14 networks that have at least half of the nodes not in any clusters in Experi-
ment 5. Some of these networks are Erdés-Rényi graphs [37], and others are hybrid networks
that contain Erd6és-Rényi graphs as subnetworks. By construction, half of each hybrid net-
work has no community structure (i.e., every node is in a singleton cluster) and the other
half has very strong community structure, as reflected by a very low mixing parameter. The
combination of these two subgraphs produces mixing parameters in the range 0.40-0.572
(Table 1).
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The testing experiments also include two real-world networks taken from the SNAP
repository [36]; these networks come with ground-truth clusters that have been evaluated
for cluster quality by Yang and Leskovec [38], so that the top 5000 clusters are provided. We
use those networks with their top 5000 clusters in a final experiment. Since these ground
truth clusters are overlapping, to enable a fair comparison to an estimated clustering, we
modify the ground truth clusters to make them pairwise disjoint by removing all nodes
that appear in two or more of these top 5000 clusters. Each clustering method is applied to
the entire network, but then evaluated only with respect to these modified ground-truth
clusters.

Methods

We evaluated FastEnsemble, ECG, and FastConsensus used with base methods for modu-
larity optimization (Louvain for FastEnsemble and ECG, and Leiden-mod for FastConsen-
sus). Since ECG and FastConsensus consider weighted edges, for these analyses we also ran
FastEnsemble with weights on the edges in the final clustering step. We included Leiden-mod
for a baseline comparison. We also evaluated FastEnsemble used with Leiden-CPM as the
base method, and compared it to Leiden-CPM; to keep this comparison simple, we did not
include weights on the edges in the final clustering step for FastEnsemble.

ECG is similar to FastEnsemble, as both follow a two-step process: first, generating mul-
tiple partitions using a clustering algorithm with different random seeds, and second, com-
bining these partitions into a final clustering by assessing the fraction of times each node
pair is co-clustered and then applying a clustering algorithm to the resulting weighted
network.

However, there are two key differences between ECG and FastEnsemble. First, ECG assigns
a predefined minimum edge weight to edges that are not part of a 2-core (i.e., a subnetwork
where every node is adjacent to at least two other nodes in the subnetwork) in the original
graph. In contrast, FastEnsemble assigns high weights to edges whose endpoints are fre-
quently co-clustered across partitions, regardless of their inclusion in a 2-core. As a result,
ECG is less likely to co-cluster node pairs in the final consensus clustering if they do not
belong to 2-cores in the input network, whereas FastEnsemble does not impose this structural
constraint. Second, prior to the final clustering step, ECG is restricted to the Louvain algo-
rithm (which optimizes modularity), whereas FastEnsemble has been implemented to work
with Leiden or Louvain for modularity optimization, and with Leiden optimizing CPM. Fur-
thermore, although not examined in this study, FastEnsemble can integrate partitions from
two or more clustering algorithms (see Sect A in S1 Appendix).

Evaluation criteria

We evaluated accuracy on networks with known ground truth community structure using
Normalized Mutual Information (NMI), Adjusted Mutual Information (AMI), and Adjusted
Rand Index (ARI), as implemented in the Scikit-learn [39] library. For analyses on real-world
networks (DBLP and Amazon Products), the NMI and AMI calculations were done using the
graph-tool [40] library. Additionally, in some experiments, we report cluster size distribu-
tions to gain deeper insights into clusters. To further assess clustering accuracy, we computed
false negative and false positive error rates. Treating both the true and estimated clusterings as
equivalence relations—each defined by a set of node pairs where (x,y) belongs to the relation
if and only if nodes x and y are in the same cluster—we define:
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o False negatives (FN): Pairs present in the true clustering but missing in the estimated clus-
tering.

o False positives (FP): Pairs present in the estimated clustering but absent in the true
clustering.

« True positives (TP): Pairs present in both the true and estimated clusterings.

« True negatives (TN): Pairs absent from both clusterings.

Using these definitions, we report the False Negative Rate (FNR), False Positive Rate
(FPR), and the F1-score computed as

FN FpP 2TpP

FNR=———, FPR=————, F=— "
FN + TP FP+TN 2TP+FP+ FN

)

Please see Table 2 for the definitions of acronyms we use in this paper.

Experiments

We conducted six experiments, as outlined below. We evaluated accuracy by comparing the
results to the ground truth community structure. For all experiments except ones on large
networks, all analyses were allocated four hours of runtime and 64GB of memory without
parallelism on the University of Illinois Campus Cluster. Any instances where a method failed
to complete within this time limit were recorded.

o Experiment 1: We set the default for the threshold parameter ¢ in FastEnsemble based on
experiments using modularity optimization on a collection of algorithm design datasets.
We also performed a set of experiments comparing FastEnsemble to ECG and FastConsen-
sus on these algorithm design datasets.

o Experiment 2: We evaluated modularity-based consensus pipelines with respect to both
accuracy and runtime on five LFR synthetic networks from [1], which are based on five
real-world networks clustered using Leiden-mod. These networks have up to ~ 3.8M nodes.

 Experiment 3: We evaluated FastConsensus used with Leiden-CPM with respect to accu-
racy and runtime on 22 LFR synthetic networks from [1], which are based on five real-
world networks clustered using Leiden-CPM with different resolution parameters. These
networks have up to ~ 3.8M nodes.

Table 2. List of abbreviations.

Abbreviation Definition

AMI Adjusted Mutual Information

ARI Adjusted Rand Index

CEN Curated Exosome Network

CPM Constant Potts Model

ECG Ensemble Clustering for Graphs [26]
FE FastEnsemble

FNR False Negative Rate

FPR False Positive Rate

Leiden-CPM Leiden optimizing CPM
Leiden-Mod Leiden optimizing Modularity

LFR Lancichinetti-Fortunato-Radicchi [28]
NMI Normalized Mutual Information
ocC Open Citations

SC Strict Consensus

https://doi.org/10.1371/journal.pcsy.0000069.t002
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« Experiment 4: We assessed the robustness of different modularity-based and
CPM-based clustering methods to the resolution limit using ring-of-cliques and tree-of-
cliques networks with up to 100K nodes.

o Experiment 5: We evaluated modularity-based consensus pipelines on networks where at
least half of the network is an Erd8s-Rényi graph and so the network has at most half of the
nodes in non-singleton clusters.

» Experiment 6: We explored modularity- and CPM-based clusterings on two real-world
networks from the SNAP repository.

Some of these experiments focused exclusively on modularity-based clusterings, while others
examined CPM-based clusterings. Experiments 1 and 3 used networks with a range of mixing
parameters, Experiments 2 and 4 used networks with low mixing parameters, and Experiment
5 examined networks with moderate to high mixing parameters (Table 1).

Results
Experiment 1: Algorithm design experiment

This experiment has two parts. In Experiment la, we set the default value for the thresh-

old parameter ¢t in FastEnsemble, so that edges with support below ¢ in the co-classification
matrix are removed from the weighted network. In Experiment 1b, we compared the default
setting for FastEnsemble to ECG and FastConsensus.

Experiment la: Setting the default threshold value. In Fig 1 (left), we examine AMI,
ARI, and NMI accuracy for FastEnsemble using four different settings for the threshold ¢
(0.2,0.5,0.8, and 0.9) on networks with varying mixing parameters. For all settings of the
threshold t and all criteria, the accuracy was highest when the mixing parameter was small
and decreased as the mixing parameter increased; this is expected [28,35]. However, the
choice of threshold impacted the accuracy for FastEnsemble. When considering AMI, there
was little difference between FastEnsemble variants as the threshold is changed, except on the
small mixing parameters, where the two larger threshold values (¢ = 0.8 and ¢ = 0.9) had an
advantage. For the other two criteria (ARI and NMI), the best accuracy across all networks
was obtained using threshold values of t = 0.8 and ¢ = 0.9, with ¢ = 0.9 slightly outperforming
t=0.8 in terms of NMI and ¢ = 0.8 slightly outperforming ¢ = 0.9 in terms of ARI for moderate
to high resolution values.

Evaluating results on one of the LFR networks with mixing parameter ¢ = 0.5 and allow-
ing t to vary between 0.1,0.2, ...,0.9, 1 (Fig 1 (right)), FastEnsemble accuracy peaked at dif-
terent threshold values, depending on the accuracy criterion. For AMI, it peaked at t = 0.7,
and was slightly lower at t = 0.6 and t = 0.8. For ARI, it peaked at ¢ = 0.8 and was only slightly
lower at t = 0.7 and t = 0.9. For NMI, it peaked at ¢ = 0.8 through ¢ = 1.0, and was slightly lower
at t=0.7. Based on these results, we set the default value for ¢ to be 0.8.

Experiment 1b: Comparing default FastEnsemble to ECG and FastConsensus on
algorithm design networks. As seen in Fig 2 (top), accuracy declined for all methods as
the model mixing parameter increases. For the default model condition, i.e., networks with
10,000 nodes and an average degree of 10, ECG achieved the highest accuracy for the two
smallest mixing parameters (0.1 and 0.2). However, when the mixing parameter was 0.3 or
higher, FastEnsemble outperformed the other methods. Both ECG and FastEnsemble consis-
tently matched or surpassed Leiden-mod in accuracy. FastConsensus improved upon Leiden-
mod for larger mixing parameters but was less accurate for smaller ones (u values below 0.5).
However, FastConsensus failed to converge in 14 out of the 45 model conditions (Table A in
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Fig 1. Experiment la: Setting the default value for ¢ in FastEnsemble. Each plot shows AMI, ARI and NMI accuracy for Leiden-mod and FastEnsemble using four dif-
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https://doi.org/10.1371/journal.pcsy.0000069.9001

S1 Appendix) within the allotted four-hour time limit, including on all networks with 100K
nodes.

We explored the impact of network density (i.e., average node degree). Based on average
degrees of real-world networks taken from the Neutzschleuder catalog [41] with the same
number of nodes, an average degree of 5 is sparse and an average degree of 20 is very dense
(S1 Appendix, Fig A). Therefore, we let the average degree vary from 5 to 20. Results (Fig 2
(middle)) reveal the following trends. FastConsensus shows somewhat erratic responses to
changes in density, sometimes improving and sometimes becoming less accurate as density
increases (especially for high mixing parameters). For FastEnsemble and ECG, the impact
of increasing density tended to be positive for both AMI and ARI accuracy, but was variable
for NMI accuracy. We also note that the gap in accuracy between methods decreased as the
density increased.

We next evaluated the impact of network size (number of nodes) as a function of the clus-
tering method, mixing parameter, and accuracy criterion (Fig 2 (bottom)). FastConsen-
sus failed to complete on many larger networks, and was not as accurate as either ECG or
FastEnsemble when it did complete, so we limit the discussion to FastEnsemble, ECG, and
Leiden-mod. Across all three accuracy criteria, Leiden-mod was never more accurate than
ECG or FastEnsemble, and the gap between Leiden-mod and the consensus clustering meth-
ods increased as the network size increased. In comparing ECG and FastEnsemble, we see
that FastEnsemble generally maintained its accuracy as network size increased, and in some
cases improved in accuracy. ECG showed a similar response to increases in network size, but
sometimes reduced in accuracy for the networks with the highest mixing parameters. Finally,
although ECG and FastEnsemble were often close in accuracy for the smaller networks, as
the network size increased, FastEnsemble tended to improve more than ECG, resulting in
FastEnsemble either matching or improving on ECG for larger networks.

We also explored stability for ECG, FastEnsemble, and Leiden-mod on the default Algo-
rithm Design datasets (average degree 10 and network size 10,000, and with varying mixing
parameters). We ran each clustering method twice and measured the similarity between the
two clusterings using AMI, ARI, and NMI. As seen in Fig 3, both FastEnsemble and ECG had
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better stability than Leiden-mod for all three similarity measures and mixing parameters. We
also see that ECG and FastEnsemble had the same stability for the smallest mixing parameters
(at most 0.3), but FastEnsemble had better stability for all higher mixing parameters.

Experiment 1c: Ablation study. We performed an ablation study where we varied each
of the algorithmic parameters of FastEnsemble in turn, keeping the other parameters in their
default setting. The parameters we varied are: np (number of partitions), ¢ (threshold for keep-
ing an edge), the base clustering method (Leiden-mod or Leiden-CPM), and whether to con-
sider the edge weights in the final clustering. Full results are provided in S1 Appendix, Sect B2
and Figs B-E, and summarized here.

We observed that there was sometimes a benefit to having np>10 (its default value), but
when there was an advantage, it tended to be small. Furthermore, using 50 or 100 partitions
increased the runtime. The impact of changing the base method from Leiden-mod to Leiden-
CPM depended on the resolution parameter. For large values of the resolution parameter, the
impact could be large (and in favor of Leiden-mod), but if the resolution parameter was small
(e.g., 0.001), then the two methods provided essentially the same accuracy, with only a few
cases where they differed. And, as noted, considering weights in the final clustering (within
Leiden-mod as the base method) did not lead to a noticeable change in accuracy on these
datasets.

The threshold t had a larger impact than these other parameters, but the impact depended
on the mixing parameter of the network: using thresholds between 0.8 and 1.0 for networks
with small mixing parameters (at most 0.3) and thresholds between 0.7 or 0.8 for networks
with larger mixing parameters provided the best accuracy. Since this depends on the “true
community structure’, which cannot be known in advance, the use of 0.8 is a reasonable
default setting for this parameter. One outcome of this analysis is that the Strict Consen-
sus (which is when the threshold is 1.0) is not recommended for real-world analyses, since
real-world networks are unlikely to have very small mixing parameters.
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Experiment 2: Results of modularity-based clustering on LFR networks
based on real-world networks

In this experiment, we evaluated the accuracy and scalability of different consensus cluster-
ing methods on the LFR networks from [1] that were generated using modularity-based clus-
terings of five large real-world networks. These LFR networks range in size from ~ 35K to ~
3.8M nodes and have mixing parameters that range from 0.114 to 0.199 (Table 1).

Among all consensus clustering methods, the only network they completed on within four
hours was cit_hepph, the smallest LFR synthetic network with approximately 35K nodes. On
this network, all three methods achieved near-perfect AMI, ARI and NMI scores (Fig 4 (left)).

We then extended the runtime limit to 48 hours for the four remaining networks.
FastEnsemble and ECG successfully completed on all the networks within this time limit, but
FastConsensus completed on only one additional network, wiki_topcats, see Fig 4 (left). All
methods had near perfect accuracy for all three criteria on cit_hepph. ECG and FastEnsemble
both had high NMI and AMI accuracy on the other networks, with the same relative perfor-
mance (i.e., both essentially perfect accuracy on cit_hepph and CEN, and a slight advantage
to FastEnsemble on the other networks). Both methods were also consistently more accurate
than Leiden-mod.

Results for ARI show near-perfect accuracy for all methods on the cit_hepph network,
but larger differences between methods on the other networks. FastConsensus completed on
only one other network, wiki_topcats, where it had the best accuracy of all three consensus
methods. A comparison between ECG and FastEnsemble shows FastEnsemble better on three
networks, tied on one, and less accurate on one.

The methods differed in terms of runtime on these networks (Fig 4 (right), Table B in S1
Appendix). While all methods completed very quickly on the smallest network, cit_hepph
(under one minute for ECG, FastEnsemble, and Leiden-mod, and 22 minutes for FastCon-
sensus), runtimes on the larger networks were larger. Only Leiden-mod was fast on the larger
networks, finishing in under 4 minutes on all networks. FastConsensus was the slowest of
all the consensus methods, and managed to complete on only one of these larger networks,
requiring 14.5 hours. ECG and FastEnsemble completed on all networks, with runtimes rang-
ing from 6 to 36 hours for ECG and from 7.5 to 28 hours for FastEnsemble).

Experiment 3: Results on CPM-based clustering on LFR networks based on
clustered real-world networks

In this experiment, we evaluated the accuracy and runtime of FastEnsemble using Leiden-
CPM in comparison to Leiden-CPM on 22 LFR networks from [1]. These networks are based
on 5 real-world networks that are clustered using Leiden-CPM for varying resolution parame-
ters, and range in size from ~ 35K to ~ 3.8M nodes. For NMI and ARI criteria, FastEnsemble
consistently achieved accuracy that is at least as high as Leiden-CPM for all 22 networks

and often surpassed it, particularly when used with small resolution values (Fig 5). Results

for AMI show nearly the same trends, except that Leiden-CPM was more accurate than
FastEnsemble(Leiden-CPM) for the two largest tested resolution parameters, but here too we
see large improvements for the smallest resolution parameters.

In this experiment, networks generated using parameters from CPM-clusterings with low
resolution values had Jow mixing parameters (Fig F in S1 Appendix). Thus, the results shown
here suggest that FastEnsemble used with Leiden-CPM provides an advantage over Leiden-
CPM for networks with moderate to large mixing parameters, and usually-but not always-for
networks with small mixing parameters.
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Fig 4. Experiment 2: Evaluating modularity-based consensus clustering pipelines on synthetic networks based on clustered real-world networks. Results are for
modularity-based clustering methods on LFR networks from [1], each based on a Leiden-modularity clustering of a real-world network. Left: Accuracy (AMI, ARI, and
NMI). Right: Runtime (in hours). FastConsensus failed to converge on three networks (CEN, open_citations, cit_patents) within the allotted 48 hours. The legend applies
to all subfigures. Each named network corresponds to one synthetic network; hence no error bars are shown.

https://doi.org/10.1371/journal.pcsy.0000069.9004

The comparison of runtimes shows that FastEnsemble was, on average, much slower com-
pared to Leiden-CPM (Fig 5 (bottom)). Nevertheless, FastEnsemble completed on all the net-
works in this collection in at most 2.6 hours (see Table C, S1 Appendix), and typically less,

thus demonstrating that it can process large networks (up to 3.8 million nodes) in a reason-
able time.

Experiment 4: The resolution limit

The resolution limit for modularity was first defined in [32], which proved that in some cases,
an optimal modularity-based clustering may not identify what are intuitively the “obvious”
communities, especially when those communities are small. As an example, [32] proposed the
family of ring-of-cliques networks, which are defined by the clique size k and the number n of
cliques. In these networks, the cliques are arranged in a ring and connected to adjacent cliques
by a single edge. The study in [32] shows that when n > k(k - 1) + 2, the optimal modularity-
based clustering will group multiple cliques into a single cluster, rather than returning the
obviously preferred clustering where each clique is considered a separate community.
Robustness to resolution limit for modularity optimization: Here we examine whether

consensus clustering methods can address this vulnerability of modularity-based clustering
from an empirical perspective, using ring-of-cliques networks where each clique is of size

k =10 but the number 7 of cliques is allowed to vary. According to the previous paragraph,
whenn>10 X 9 + 2=92then an optimal modularity clustering will group two or more
of the cliques together. Hence, we examine values of # that are both smaller and larger than

n =91 in this experiment. The methods evaluated include Leiden-mod, FastConsensus, ECG,
FastEnsemble, and two variants of Strict Consensus, differing in the number of partitions (np)
used.

For n =90 clusters, all methods produced clusterings where each clique was returned as

a separate community, as desired (Fig 6). However, as the number of clusters increased but

not their sizes, then Leiden-mod started merging cliques together, as predicted by the the-
ory from [32]. We also see that the consensus clustering methods (i.e., FastConsensus, ECG,
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Fig 5. Experiment 3: Comparison of FastEnsemble(Leiden-CPM) and Leiden-CPM on synthetic networks based on clus-
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optimizing CPM for a specific resolution parameter value. The clustering methods studied are Leiden-CPM and FastEnsemble
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LFR graphs with a large fraction of disconnected ground truth clusters (the two CEN networks) or when the LFR software failed
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parameter corresponds to one synthetic network; hence no error bars are shown.
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FastEnsemble, and Strict Consensus) reduced the tendency to merge cliques into clusters, but
some were more beneficial than others.

In particular, for large numbers of cliques, FastConsensus and the Strict Consensus variant
with np = 50 had the best accuracy, Leiden-mod had the worst accuracy, and the other meth-
ods had intermediate accuracy. ECG was somewhat more accurate than Strict Consensus with
np = 10 and FastEnsemble had lower accuracy than both, especially for the large numbers of
clusters, where it was nearly as poor as Leiden-mod.

Note that all the methods returned zero FNR, indicating that no clique in the ring-
of-cliques network was ever split apart (Fig 6 (top right)). On the other hand, the meth-
ods differed in terms of FPR, with Leiden-mod having high FPR except for n = 90. Again,
FastEnsemble was almost as poor as Leiden-mod when there was a large number of cliques,
while the other consensus methods had much lower FPR values.

We examined the impact of increasing the number of partitions np within FastEnsemble,
to see if an increase would improve accuracy. This experiment, shown in Fig G, S1 Appendix,
does show that increasing this value improved accuracy for FastEnsemble. However, even
with the improvement, FastEnsemble was still less accurate than the Strict Consensus variants
we studied.
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Results on tree-of-cliques networks exhibited slightly different trends (Fig 7). As
with the ring-of-cliques networks, Leiden-mod had the worst accuracy, followed by
FastEnsemble(Leiden-mod), and FastConsensus had the best accuracy. However, on these
networks, ECG strictly improved on the two Strict Consensus variants, which is different
from what we saw on the ring-of-cliques networks.

Robustness to resolution limit for CPM-based optimization: In contrast to the theory
for modularity, [42] established that for every setting of the resolution parameter r, there will
be a value N so that every optimal CPM(r) clustering of a ring-of-cliques network with n >
N cliques of size k will return the individual cliques as clusters. However, our experimental
results show that for large enough numbers of cliques of size 10 and small resolution values,
Leiden-CPM grouped cliques together into clusters (Fig 8). This vulnerability occurred for all
of the small values for the resolution parameter r, but disappeared when r > 0.01.

Unlike in modularity-based experiments, increasing the number of cliques had little
effect on the accuracy of the methods or the cluster size distribution. This suggests that, for
CPM-optimization, cliques tend to be co-clustered into groups of the same size, regardless
of the overall network size (e.g., Leiden-CPM returns clusters containing approximately
4 to 5 cliques when r = 0.001, Fig 8). Using FastEnsemble provided an improvement over
Leiden-CPM for all three accuracy measures (AMI, ARI, and NMI) and also improved the
cluster size distribution. Finally, applying the Strict Consensus with Leiden-CPM had the best
results of all methods, successfully identifying individual cliques as distinct clusters.

Note that for a ring-of-cliques network with # cliques of size k, the mixing parameter with
respect to the ground-truth community structure is equal to k% (see Sect C in S1 Appendix
for derivation). When k = 10, this value becomes jt = 0.02, which agrees with Table 1. This
means that the mixing parameter of a ring-of-cliques networks only depends on the size of
the cliques (and not their count), and except when cliques are extremely small (e.g., at most
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https://doi.org/10.1371/journal.pcsy.0000069.9007
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https://doi.org/10.1371/journal.pcsy.0000069.g008

four nodes), the mixing parameter is very low. The lower accuracy of FastEnsemble compared
to ECG and FastConsensus in this context aligns with the findings on the algorithm design
dataset.

Experiment 5: Clustering networks that have only partial community
structure

While Erdds-Rényi graphs may exhibit regions that appear to be valid communities based
on metrics such as modularity scores, we follow the discussion in [43] and treat Erdés-Rényi
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graphs as lacking any true community structure. Thus, we do not consider any cluster of size
greater than 1 to be valid in an Erdds-Rényi graph. We used these graphs to assess the extent
to which consensus clustering pipelines can correctly reject spurious community structures
by producing no or very few non-singleton clusters. Additionally, we constructed hybrid net-
works that combine Erdés-Rényi graphs with LER networks and ring-of-cliques networks to
examine whether clustering methods can correctly restrict detected communities to subnet-
works with well-defined community structures. To evaluate these aspects, we analyzed both
the cluster size distribution and overall clustering accuracy.

On Erd6s-Rényi graphs, the cluster size distribution and accuracy for each method was
very impacted by the density p (Fig 9 (top)). In particular, while cluster sizes tended to be
small for the smallest tested value for p, ECG and Leiden-mod produced fairly large clusters
even at relatively small values for p, and so did FastConsensus at slightly larger values. In con-
trast, the clusters produced by FastEnsemble and the two Strict Consensus variants decreased
in size as the density p increases. The clustering AMI, NMI and ARI accuracy results also
reflect these trends. For ARI and AMI, all methods other than the two Strict Consensus
variants had very poor accuracy at all values for p, but the two Strict Consensus variants
improved as p increases and attained high accuracy for the larger values for p. NMI results
show all methods had fairly high accuracy for the smallest tested value for p, but Leiden-Mod,
ECG, and FastConsensus degraded as p increases, while FastEnsemble and the two Strict
Consensus variants improved as p increases.

We observe somewhat different trends in networks that combine Erdés-Rényi graphs with
LFR networks (Fig 9 (middle)). The LFR subnetwork has 14 ground-truth communities with
sizes that range from 45 to 96 (Sect B.1.4 in S1 Appendix) and its mixing parameter is 0.14.
Therefore, the correct community structure should have half the nodes in singleton clusters
and the other half in 14 clusters that do not exceed 100 nodes. The cluster size distributions
seen in Fig 9 (middle) seem reasonably accurate for all methods for the very lowest density
values for the Erdés-Rényi graphs, and then accuracy decreased. Specifically, with the excep-
tion of FastConsensus, for the middle density values, all methods produced large clusters, and
some even produced clusters of size 1000. Upon inspection, the clusters of size 1000 were ver-
ified to be the Erd6és-Rényi graphs. At the highest density values, the cluster size distribution
for most methods dropped closer to the true values, but Leiden-mod continued to produce
very large clusters, including one of size 1000. An examination of AMI, NMI and ARI accu-
racy shows interesting trends that reflect the cluster size distribution accuracy. For ARI and
AMLI, the method with consistent but poor accuracy across all density values was FastCon-
sensus. Leiden-mod started with high accuracy and then dropped to a very low accuracy as
the density increases, and never regained accuracy. ECG was similar to Leiden-mod in start-
ing at high accuracy and then decreasing to low accuracy, but it regained some accuracy as
the density increases. FastEnsemble and the two Strict Consensus variants showed a sur-
prising trend of starting high, dropping down to a low value, and then going back to a high
value, though the Strict Consensus variants returned to the high value at lower density val-
ues than FastEnsemble. Results for NMI were similar as for ARI, but the accuracy scores were
higher.

We also examined Erdds-Rényi graphs combined with ring-of-cliques networks, which
have mixing parameter 0.02 (Fig 9 (bottom)). On these networks, the true cluster size distri-
bution has half the nodes in clusters of size 10 and the other half in singleton clusters. There
were similar trends for cluster size distributions, with good accuracy at the lowest density and
then all methods (other than FastConsensus) grouping all the nodes in the Erdés-Rényi graph
into one cluster for the intermediate density values.
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https://doi.org/10.1371/journal.pcsy.0000069.9g009
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On these networks and for all accuracy criteria, the best accuracy depended on the density
for the Erd6s-Réyni graphs. For density values below 0.02, the best accuracy was obtained by
FastConsensus, but for larger density values the best accuracy was obtained by the two Strict
Consensus variants. For most density values, FastEnsemble and ECG showed similar accu-
racy (only better than Leiden-mod), but FastEnsemble was more accurate than ECG at the
two highest tested density values.

Opverall, for this experiment the relative accuracy between methods depended very much
on the density of the Erdds-Rényi graph as well as the structure of the clusterable subnet-
work. FastConsensus did poorly in one setting (when the Erd8s-Rényi graph was paired with
LFR networks) and well in the other (when it was paired with the ring-of-cliques network).
FastEnsemble did not have very good accuracy in either setting for middle density values,
but did well at the highest density values. The two Strict Consensus variants, however, did
well at the highest density values, and were generally more accurate than the other meth-
ods. Nevertheless, no method did well at all density values, and no method dominated the
others.

Experiment 6: Clustering real-world networks

We evaluated ECG and FastEnsemble on two real-world networks, DBLP and Amazon
Products, from the SNAP [36] collection. We also ran FastConsensus on these networks,
but it failed to converge within 48 hours, and so we restrict our discussion to ECG and
FastEnsemble.

These networks come with ground truth communities that have been ranked by [38]
according to six different cluster quality metrics. We used the top-scoring 5000 communities
for each network. Since these clusters are overlapping, we made them pairwise-disjoint before
using them for evaluation purposes by removing all nodes from the clusters that had mem-
bership in two or more of these top 5000 communities. Each clustering method was applied
to the entire network, and then evaluated only with respect to these modified clusters, using
AMI, ARI, and NMI criteria. To perform this evaluation for a given clustering, the set of clus-
ters induced on the nodes in these clusters was computed and then compared to the given
clustering. Results on these networks are shown in Fig 10.

Note that AMI, ARI, and NMI accuracies for all clusterings are higher on the Amazon
Products network than the DBLP network, indicating that the Amazon Products network is
easier to cluster than the DBLP network.

Examining the modularity-based clusterings, ECG was a bit more accurate for all three
criteria than FastEnsemble on the Amazon Products network (and both were more accu-
rate than Leiden-mod). Interestingly, the trends are different on the DBLP network: for all
three criteria, ECG was a bit less accurate than FastEnsemble on the DBLP network, and was
even less accurate than Leiden-mod for ARI accuracy. Thus the clustering methods perform
differently on these two networks.

CPM-based clusterings are restricted to Leiden-CPM and FastEnsemble used with Leiden-
CPM, as ECG does not work with Leiden-CPM. Here we see a different outcome: for both
networks, for every fixed resolution parameter value, and for each of the three criteria,
FastEnsemble and Leiden-CPM had nearly identical accuracy, indicating that FastEnsemble
did not change the clustering very much. The only case where there was any visible change in
accuracy is for the smallest resolution parameter (0.0001), where FastEnsemble was slightly
more accurate than Leiden-CPM on DBLP for AMI and NMI, and very slightly less accu-
rate for ARI. Finally, the choice of resolution parameter affected ARI and NMI accuracy, with

PLOS COMPLEX SYSTEMS | https://doi.org/10.1371/journal.pcsy.0000069 October 1, 2025 21/ 29



https://doi.org/10.1371/journal.pcsy.0000069

PLOS COMPLEX SYSTEMS

FastEnsemble: Scalable ensemble clustering on large networks

Modularity—based CPM-based

1.00 4
0.754
0.501
0.254

0.00+
1.00

0.754
0.50 1
025 ||
0.00 +

uozewy

AMI

d1ad

1.00 1
0.75 1
0.50 1
0.25 1

0.00+
1.00

0.75 1
0.50 1

0.254

uozewy

ARI

d1ad

1.00
0.754
0.504
0.254

0.00+
1.00 4

0.754
0.504
0.254
0.00+

uozewy

NMI

d1ad

[ ] eca [ ] Leiden-cPm(.01) [ ] FastEnsemble(Leiden-CPM(0.01))
] FastEnsemble(Leiden-mod) [ | Leiden-CPM(0.001) | | FastEnsemble(Leiden-CPM(0.001))
[ ] Leiden-mod [ ] Leiden-cPm(0.0001) [ ] FastEnsemble(Leiden-CPM(0.0001)
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https://doi.org/10.1371/journal.pcsy.0000069.9010

smaller resolution values better for ARI and larger resolution values better for NMI; changes
in the resolution value did not seem to particularly affect AMI accuracy.
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Discussion

We used both simulated and real-world networks to explore three consensus clustering meth-
ods, ECG, FastConsensus, and FastEnsemble. For nearly all conditions we explored, each of
the methods improved on the accuracy of the base clustering method (i.e., modularity opti-
mization for all three methods, and also Leiden-CPM for FastEnsemble). The results for ECG
and FastConsensus are consistent with prior studies [16,26] and are expected. We saw that
FastConsensus was the slowest of the three methods, and was unable to complete analyses
within 48 hours on several large networks, while the other two methods were able to complete
on all the networks we explored within 48 hours. Of significant importance, no consensus
clustering method was consistently more accurate than the others, thus raising the question
of how to choose between methods.

Comparing FastConsensus, ECG, and FastEnsemble

We begin with a discussion of FastConsensus. Because FastConsensus was unable to com-
plete on the largest networks, our discussion is limited to its performance on a subset of the
networks we explored. There were two experiments where FastConsensus had the best accu-
racy: ring-of-cliques and tree-of-cliques networks in Experiment 4 and some of the networks
formed by combining Erdés-Réyni networks with LFR or ring-of-cliques networks (Experi-
ment 5). In the other experiments, FastConsensus was rarely the most accurate tested method
in our experiments. Furthermore, when it was the most accurate tested method, it tied for
most accurate with one or both of ECG and FastEnsemble. Given this, and considering that
FastConsensus was unable to scale to large networks, we restrict the rest of the discussion to
a comparison between FastEnsemble and ECG.

A comparison between ECG and FastEnsemble can be made on all the networks we
explored. Experiment 1 examined the algorithm design datasets, and explored how average
degree, mixing parameter, and network size impacted the absolute and relative accuracy of
the two methods. On the default algorithm design datasets (10,000 nodes with average degree
10), ECG was typically more accurate than FastEnsemble when the mixing parameter was low
(at most 0.3) and FastEnsemble was more accurate when the mixing parameter was higher.

Having ECG be more accurate than FastEnsemble when the mixing parameter is small
enough, and otherwise FastEnsemble being more accurate, occurs in many of the other exper-
iments, but is not universally found. For example, in Experiment 1, when we varied the net-
work size or average degree, ECG stopped being more accurate than FastEnsemble, although
the mixing parameter remained low. In addition, all the networks in Experiment 2 have low
mixing parameters, and yet ECG was not reliably more accurate than FastEnsemble on these
networks. Thus, there are networks with low mixing parameters where ECG is not as accu-
rate as FastEnsemble. The converse also occurs: networks with moderate mixing parame-
ters where ECG is more accurate than FastEnsemble. For example, ECG was more accurate
than FastEnsemble on Experiment 5 networks produced by combining Erdés-Réyni graphs
with LFR graphs or ring-of-cliques graphs, which have moderately large mixing parameters
(at least 0.4). We also saw one real-world network (Amazon Products) where ECG was more
accurate than FastEnsemble, and this network has a very large mixing parameter (0.845).

To understand the trends on these networks, we need to consider how we compute mix-
ing parameters. We begin with an examination of the mixing parameter calculation and per-
node values (see Figs I-M in S1 Appendix). To calculate the mixing parameter of a network,
the mixing parameters for each of the nodes are averaged. When all the nodes in the network
are in communities, this approach makes sense. However, consider instead networks that
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either have no valid communities (e.g., Erdés-Réyni graphs) or where much or all of the net-
work is not in a valid community (the case where we combine an Erdés-Réyni graph with an
LER graph or a ring-of-cliques in Experiment 5 and the two real-world networks studied in
Experiment 6).

Focusing on the per-node mixing parameters for networks formed by combining Erd6s-
Rényi graphs and LFR or ring-of-cliques, note that the nodes in the Erd6s-Rényi network that
are not isolated nodes each have mixing parameter 1.0, while the isolated nodes have mix-
ing parameter 0.0. The nodes in the clusterable subnetworks that are paired with the Erdés-
Rényi networks mostly have very low mixing parameters, with average values less than 0.15.
As a result, the average mixing parameter for the networks that are formed by pairing an
Erdés-Rényi network with an LFR network or a ring-of-cliques network are in the moder-
ate to high range of 0.4 to 0.57, but the distribution of mixing parameters is bimodal: between
50% and 81% are small and the remaining ones are all maximally large at 1.0 (see Fig L in S1
Appendix).

This is a very different kind of distribution than we have for the networks studied in Exper-
iments 1-4 (see Figs H-K in S1 Appendix), which are for networks that have all or nearly all
the nodes within communities. For the networks in Experiments 1-4, the per-node mixing
parameters are typically concentrated around the mean with low variance, and even if they
have wide variance, they are nevertheless not bimodal.

We see a similar pattern for the mixing parameter values in Experiment 6, which addressed
recovery of the top 5000 clusters in two real-world networks. The overall mixing parameters
for these networks are large (0.845 for Amazon Products and 0.991 for DBLP) for both net-
works (Table 1). However, most of the nodes in these networks are not in these modifications
to the top 5000 clusters; each such node is therefore considered unclustered (equivalently, in a
cluster of size 1). However, the clustered subnetwork for each of the real-world networks have
much smaller mixing parameters: 0.381 for DBLP and 0.085 for Amazon Products.

In other words, for both the real-world and synthetic networks in this study, the relative
accuracy of ECG and FastEnsemble to some extent tracks the average mixing parameter of
the clustered subnetwork, rather than the average mixing parameter of the entire network:
networks with only partial community structure that have bimodal distributions for the per-
node mixing parameter may be better clustered using ECG if the clustered subnetwork has a
low mixing parameter and better clustered using FastEnsemble when the clustered subnet-
work has a moderate or high average mixing parameter. However, this is just a hypothesis,
and future work is needed to understand the conditions under which ECG or FastEnsemble
should be preferred.

Given the algorithmic similarities between ECG and FastEnsemble, the variations in accu-
racy under certain conditions—sometimes favoring ECG and other times FastEnsemble
are particularly interesting. One possible explanation is that FastEnsemble, by default,
employs Leiden-mod, whereas ECG uses Louvain. However, as shown in Figs M-O in S1
Appendix, there is no difference in accuracy between FastEnsemble used with Louvain and
FastEnsemble used with Leiden-mod for the Algorithm Design datasets, the ring-of-cliques
networks, and the tree-of-cliques networks. This suggests that the difference in accuracy
between FastEnsemble and ECG is not a result of the choice between Leiden-mod and Lou-
vain. A more notable distinction is ECG’s reliance on 2-core-based edge weighting, which
FastEnsemble does not require. Further research is needed to better understand these differ-
ences and their impact on the relative performance of these methods.
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Computational performance

By design, the three consensus methods we explored (ECG, FastEnsemble, and FastConsen-
sus) are slower than their base methods. Therefore, the focus here is on the relative computa-
tional performance of the three methods, as well as scalability to large networks.

The major observation is that FastConsensus was the most computationally expensive
method: it failed to converge in 14 out of the 45 model conditions in Experiment 1 (Table A
in S1 Appendix) within the allotted four-hour time limit, including on all networks with 100K
nodes. FastConsensus also failed to complete within the allowed 48 hours on three of the five
Experiment 2 networks (i.e., the LFR networks based on clustered real-world networks from
[1]) and the two real-world networks from Experiment 6. In contrast, ECG and FastEnsemble
were able to complete on all the tested networks when given 48 hours. In addition, on those
networks where FastConsensus was able to converge, it was much slower than both ECG and
FastEnsemble, especially on the networks with more than 1,000,000 nodes.

A comparison between ECG and FastEnsemble(Leiden-mod) shows that neither is consis-
tently faster than the other. Furthermore, both completed within the allowed time on every
network we explored. On the five large LFR networks studied in Experiment 2 (taken from
[1]) that range from ~ 35 thousand to ~ 3.8 million nodes, FastEnsemble is slower on three
networks and faster on two (Table B, S1 Appendix). However, a closer analysis shows that
ECG required up to 36 hours on these networks, while FastEnsemble finished within 28 hours
on each of the networks. In addition, the two methods are reasonably close in runtime on four
of the five networks, and only far apart on one: the LER cit_patents network, which has ~ 3.8
million nodes and is the largest of the networks we explored. On that network, ECG uses ~ 36
hours while FastEnsemble uses ~ 23 hours. Thus, although neither dominates the other, these
preliminary results suggest that possibly FastEnsemble may have an advantage for runtime.

Finally, the runtime of FastEnsemble used with Leiden-CPM is worth examining, even
though a comparison cannot be made to either ECG or FastConsensus (which can only be
used with modularity optimization). On the 22 LFR networks from Experiment 3 (which are
based on Leiden-CPM clusterings of 5 real-world networks, and range up to ~ 3.8 million
nodes), FastEnsemble finishes in under 2.6 hours on every network (Table C, S1 Appendix).
This reduced runtime, compared to when FastEnsemble was used with Leiden-mod, is likely
due to Leiden-CPM being faster on these networks than Leiden-mod.

Strict consensus

The Strict Consensus is FastEnsemble with the threshold ¢ set to 1.0; we studied two versions
that differ only in how many partitions are used. Because ¢ = 1 in the Strict Consensus, unless
a pair of nodes are co-clustered in every partition, the weight on the edge will be 0; thus, the
Strict Consensus variants are designed to be very conservative. The Strict Consensus was
explored in two experiments: Experiment 4, which examined networks that presented a chal-
lenge for the resolution limit, and Experiment 5, which examined networks that had only par-
tial community structure. In these experiments, the Strict Consensus had very good accuracy,
including the best accuracy of all methods on the Experiment 4 networks and on the Erdés-
Réyni networks from Experiment 5. This is not surprising. We also observed that the Strict
Consensus was among the better methods for the combination of Erdés-Réyni graphs with
other subnetworks in Experiment 5.

Nevertheless, the ablation study, performed in Experiment 1, revealed that the Strict Con-
sensus is only beneficial (compared to the base method) when the mixing parameter is at
most 0.3. For networks with higher mixing parameters, it can result in worsened accuracy.
Taken together, these results suggest that the Strict Consensus is capable of producing highly
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accurate clusterings when the purpose is to avoid false discovery of communities, and even
then only when the communities that are sought have low mixing parameters.

Conclusions

This study introduced FastEnsemble, a new consensus clustering method that can be used
with Louvain or Leiden for optimizing modularity or with Leiden for optimizing under

the constant Potts model. Our study using a wide range of synthetic networks showed that
FastEnsemble generally matches or improves the accuracy of its base method. We also estab-
lished that FastEnsemble is fast enough to use on large networks, including some with nearly
3.8 million nodes.

The comparison between FastEnsemble and two established consensus methods, ECG and
FastConsensus, shows that only FastEnsemble and ECG are able to run on large networks
within reasonable timeframes (e.g., 48 hours). The relative accuracy of the three methods
depends on the network and its community structure, so that no method outperforms the
others under all conditions. Understanding the conditions under which FastEnsemble is more
reliable than ECG, and vice-versa, remains open, and requires future study.

This study suggests other directions for future work. The main focus of this study was using
consensus methods for modularity optimization, but our study also explored (in Experiment
3) using FastEnsemble with Leiden-CPM. Given its speed and good accuracy in that exper-
iment, additional investigation into the potential for this approach is merited. FastEnsemble
also needs to be compared to new consensus clustering methods [10,23], with respect to both
accuracy and computational performance.

We examined these consensus clustering methods for the problem of disjoint clustering,
but other types of clustering outputs (i.e., hierarchical clusterings or overlapping clusterings)
are very relevant to real-world network analysis, and should be considered. While both ECG
and FastEnsemble are fast enough to use on relatively large networks with millions of nodes,
techniques for speeding up FastEnsemble and other consensus methods could be explored,
such as finding the 2-core of the network before applying the consensus method [44].

The difference in trends for clustering networks that are entirely covered by communi-
ties and those that are only partially covered by communities indicates the need to explore
accuracy on a wider range of synthetic networks. This difference could be particularly rel-
evant to real-world networks, as some studies have argued that real-world networks are
not entirely covered by communities [1,45,46]. Given the difficulty in knowing the ground
truth community structure in real-world networks, synthetic network generators that are
designed to produce networks with only partial community structure are needed. ABCD+o0
[45], RECCS [47], and EC-SBM [48] are network simulators that explicitly allow for outliers
(i.e., nodes that are not in any non-singleton community) and aim to produce realistic
simulated networks. Thus, future work should examine clustering accuracy using these
simulators.

To ensure a fair comparison with other consensus methods, our study focused solely on a
version of FastEnsemble that employs multiple runs of a single algorithm. We did not inves-
tigate the advanced version that enables the combination of different clustering algorithms
and multi-resolution ensemble clustering. Future research should explore this functionality to
determine the conditions under which combining different algorithms (e.g., Leiden-mod and
Leiden-CPM) yields superior performance compared to multiple runs of each algorithm indi-
vidually. Additionally, further studies should examine a broader range of networks and algo-
rithmic combinations to gain deeper insights into these trends and identify potential variants
of FastEnsemble that may achieve higher accuracy than the current default version while still
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providing good computational performance and scalability. Finally, extending this approach
to overlapping clustering may be simple: it only requires using clustering methods that pro-
duce overlapping clusters instead of methods that produce disjoint clusters and in computing
the edge-weights appropriately (e.g., using the fraction of the input clusterings that put the
two nodes together in at least one cluster). However, extending this to hierarchical clustering
is more complicated, and is left to future work.

Supporting information

S1 Appendix. Supplementary materials document. This PDF document contains additional
details about the data generation, commands for running software, and additional results
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