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Abstract

Temporal networks are a powerful tool for studying the dynamic nature of a wide
range of real-world complex systems, including social, biological and physical sys-
tems. In particular, detection of dynamic communities within these networks can
help identify important cohesive structures and fundamental mechanisms driving
systems behaviour. However, when working with real-world systems, available data

is often limited and sparse, due to missing data on systems entities, their evolution
and interactions, as well as uncertainty regarding temporal resolution. This can hinder
accurate representation of the system over time and result in incomplete or biased
community dynamics. In this paper, we consider established methods for commu-
nity detection and, using synthetic data experiments and real-world case studies, we
evaluate the impact of data sparsity on the quality of identified dynamic communities.
Our results give valuable insights on the evolution of systems with sparse data, which
are less studied in existing literature, but are frequently encountered in real-world
applications.

Keywords: Temporal networks, Sparse data, Dynamic communities, Temporal
resolution, Temporal clustering

Introduction
Understanding complex systems through network models is a topic of great interest in a
variety of domains, spanning from social sciences, archaeology and humanities, to phys-
ics, mathematics and computer science. The analysis of such networks has been shown
to be crucial for uncovering properties of the underlying systems. Most prominently, the
identification of communities within complex networks provides insights into how their
structure shapes their function. Communities (often referred to as clusters or modules)
represent subsets of nodes within a network that exhibit stronger intra-group connec-
tions compared to inter-group connections. These communities encapsulate meaningful
organizational structures of the underlying complex system, indicating relevant struc-
tural and functional units. They help delineate distinct entities and subsystems, reveal-
ing fundamental patterns of organization (Newman and Girvan 2004; Cherifi et al. 2019;
Fortunato and Newman 2022; Newman etal. 2006).

In networks that are subject to changes in time, identification of communities and
their evolution is pursued as a means to describe and understand important shifts and
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network events (Rossetti and Cazabet 2018; Rojas et al. 2021). When the available data
have a temporal dimension, multiple instances of a network representation are defined,
one for each time point of interest, obtaining a so-called temporal network (often
referred to as time-evolving or dynamic network) (Holme and Saramiki 2012), where
nodes and edges can appear or disappear, or edge weights can change. The addition of
a temporal dimension poses significant additional challenges for the community detec-
tion problem. First, the objective becomes the identification of groups of nodes that not
only constitute significant clusters in separate instances, but also possibly reveal a coher-
ent structure that traverses layers. The resulting communities have their own dynamics
that includes their appearance or disappearance in time, as well as splitting into sev-
eral or merging with other communities. There exists a plethora of approaches avail-
able for temporal clustering (Masuda and Lambiotte 2016; Cherifi et al. 2019), including
approaches for clustering multilayer networks' Mucha etal. (2010); Boccaletti et al.
(2014); Rossetti and Cazabet (2018); Huang et al. (2021). Despite some recent reviews
(Cazabet et al. 2020), there is still a great need for comparison and more systematic clar-
ification of precise strength and weaknesses of different techniques. This is especially
desirable as network definitions grow in abstraction and detach from the meaning of
the underlying data, making the interpretation of results in the specific application area
more and more challenging. A second challenge of dealing with temporal data is that
capturing dynamic evolution of a system requires tracking the system’s state across mul-
tiple temporal instances and possibly across different temporal scales. Obtaining such
information for all entities within the system and their interactions can be exceedingly
costly and in many cases infeasible, as temporal data for complex systems are often
sparse and incomplete, especially when studying historical or natural systems. For exam-
ple, archaeological networks, that are constructed from data, represent only parts of
complete networks characterizing the system, but these can not be fully recovered (Kim
and Leskovec 2011; Daems et al. 2024). Incomplete records, gaps in observations and
uncertainties in temporal information make it challenging to reconstruct the system’s
temporal evolution accurately. This, in turn, can lead to incomplete or biased commu-
nity identification in associated networks. Recently, several studies have focused on how
missing information in temporal networks impacts the identification of time-respecting
paths and flow-based communities (Smiljani¢ etal. 2020). However, a comparative study
on how sparse data affects the dynamic community detection is largely missing.

In this work, we want to give a contribution in this direction, by evaluating the effi-
cacy of different community detection methods with respect to availability of data on
network structure and temporal resolution. More precisely, we study how sparsity of
data on nodes, edges and information about their “evolution’, influences the quality of
dynamic communities. We start by following the ideas from Cazabet et al. (2020), where
different algorithms for clustering temporal networks are compared on a benchmark
set. To capture different levels of stability in the network structure over time, we use
two distinct approaches to generating temporal networks. While the first allows only
for gradual structural modifications, the second enables us to more closely investigate

! Temporal networks are special cases of multilayer networks.
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networks that can exhibit significant structural changes from one time point to the next.
The two scenarios are also reflected in the case studies we consider, where we juxtapose
the results on synthetic data with findings for two real-world case studies.

The paper is organized as follows: In Sect. 2 we start by introducing the background
and notation on temporal networks and dynamic communities. Then, in Sect. 3 we con-
duct a quantitative comparison between established methods for community detection
using synthetic data experiments. We study the impact of missing data on two real-
world case studies in Sect. 4. Finally, in Sect. 5, we discuss open questions and point out
possible directions for future research.

Methods

In this section, we introduce the basic terminology of temporal networks and dynamic
communities. We have in mind application areas where the varying edges represent
connections or relationships between the entities that can change in time, and that are
potentially only the result of partial observations at given time snapshots. As our focus is
on temporal networks that are constructed from sparse data, we first present approaches
that construct network structures incorporating different types of missing information.
Next, we study the community structures underlying these temporal layers and their
changes over time. We summarize essential ideas behind the main paradigms and the
measures for evaluating their performance when applied to networks with sparse data.

Setting the scene

Temporal networks (also often called dynamic and time-evolving networks) have
been researched in a variety of contexts, see for example (Mucha etal. 2010; Boccal-
etti et al. 2014; Rossetti and Cazabet 2018; Huang et al. 2021) and references therein.
Here, we view a temporal network as an ordered set of temporal layers, each repre-
sented by undirected graphs sharing the same set of nodes. We define a temporal net-
work G = {Gy,...,Gr} by a set of L graphs G; = (V,E;) defined at each temporal
layer / = 1,...,L. In particular, we assume that all layers consist of the same set V of n
nodes and that the edges E; in each layer / can be either unweighted or weighted. The
(weighted) adjacency matrix of a layer [ is denoted by W/ = (Wé-)i,jzl,m,n and it encodes
information about the connections between the nodes.

Various approaches for anylyzing static networks have been translated to the con-
text of temporal networks. The problem of finding communities in temporal networks
has certainly gained a lot of attention and new approaches are continuously being
explored and proposed, see (Rossetti and Cazabet 2018) for a recent review. Many of
these approaches reduce the problem to finding communities in static networks, by
either looking at clusters in separate layers or by combining the information from sev-
eral layers into one big network. From a plethora of approaches for clustering static net-
works, modularity-based approaches are among the most popular ones because of their
intuitive definition, good performance and simple implementation. They are based on
optimizing a modularity score of a partition C = {cy, ..., ¢,}, which is a measure of the
significance of the density of edges inside communities versus the density expected in a
graph where edges are chosen at random:
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where s; = Z;’zl Wi is the weighted degree of a node i and c(i) is the community of
i. Many variants of the definition of modularity and additional algorithmic approaches
have been suggested, see (Fortunato 2010) for an overview. Here, we will use the Louvain
method (Blondel et al. 2008), a greedy optimization algorithm that can find satisfactory
solutions in reasonable time in real-world networks. It is important to note that despite
its popularity, modularity optimization suffers from several critical limitations (Fortu-
nato and Barthelemy 2007; Ghasemian et al. 2020; Good et al. 2010; Guimera et al. 2004;
McDiarmid and Skerman 2013; Peixoto 2023), which concern for example the resolution
limit, meaning that the method struggles to detect small communities within large net-
works, even when these communities are well-defined (Fortunato and Barthelemy 2007)
and the problem of overfitting, which can lead to the identification of high-scoring com-
munities even in fully random networks (Guimera et al. 2004; Ghasemian et al. 2020).
Despite these limitations, modularity optimization is still widely used and many stud-
ies focus on investigating its performance in different scenarios. Here we will also use
Louvain-based approaches for finding network communities, building on the method
comparison as introduced in Cazabet et al. (2020), putting the focus on the effects of
data sparsity.

Constructing networks with missing data

When modeling real-world systems, we often face the problem of missing data, that
occurs due to partial observations, limitations in data collection and other factors. In
many cases, the extent of data absence remains unclear, posing challenges in quantify-
ing uncertainties in such systems and using approaches for network structure analysis,
dynamic modeling and clustering. Here, we focus on the following types of missing data:

(a) missing edges: occurring in the absence of observed interactions between entities
over time;

(b) missing nodes: occurring when not all entities in the system can be observed over
the whole time period or at some points in time;

(c) missing temporal information: happening due to interruptions in data collection or
when it is not possible to accurately estimate temporal information from the data.

In order to test how (a-c) can affect different temporal clustering approaches, we will
introduce techniques to account for each of them.

Missing edges: To understand the influence of partial knowledge on edges in a tempo-
ral network, we consider all edges from all layers as distinct entities and thus allow for
repeated entries of edges that appear in more than one layer. Then, we sample a par-
ticular fraction of edges r from this set and subsequently reassign each edge to its origi-
nal layer. This means that the fraction r of sampled edges is not necessarily uniformly
reflected in each layer. The number r represents the fraction of the full information that
is available for analysis. The procedure is illustrated in Fig. 1b. In the benchmarks we
discuss in Sect. 3, we will test the effect of r = 0.7 and r = 0.3, i.e. when 70% and 30% of
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Fig. 1 In aatemporal network with three layers, ten nodes and forty edges combined. In b edge sampling
by sampling uniformly from the combined edge set (left) and then assigning the sampled edges to their
original networks (right). In ¢ node sampling by sampling uniformly from a set of nodes generated by
assigning nodes layer identifiers (variable node sampling). Nodes are then reassigned to their original layers,
edges incident to non-sampled nodes are deleted, as is the case in (d), but here nodes are sampled from
the node set without layer identifiers (fixed node sampling). In e, the first two layers are aggregated. In the
resulting temporal network (right), edge weights reflecting edge abundance in the merging are added and
in networks that do not undergo merging all edges are labeled with 1

the original edge information is available, or in other words when 30% and 70% edges,
respectively, are missing. Clearly, there are other possible approaches to edge sampling,
but we observed no substantial difference in the general trends for the relative perfor-
mance of clustering methods in different scenarios as discussed in Sect. 3.

Missing nodes: We discuss two different ways of sampling nodes to account for possi-
ble scenarios of missing nodes. In the first case, we consider instances of the same node
from different layers as distinct nodes, and sample a fraction r of nodes over the result-
ing set of n - L nodes with repeated entries. The layers of the resulting dynamic network
have only edges that are incident to the sampled nodes. This scenario accounts for situ-
ations where information on different nodes is missing in various points in time and we
will thus refer to it as variable node sampling. In the second case, we simulate complete
absence of information about some nodes during the whole period of time. To achieve
this, we sample a fraction r of nodes from the set of n nodes of the dynamic network,
keeping the same sample of nodes in all layers. We will refer to this scenario as fixed
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node sampling. Both scenarios are illustrated in Fig. 1c and d. Note that in these scenar-
ios both nodes and edges are missing, since with the deletion of a node its incident edges
are also deleted. In this respect, node sampling yields more severe scenarios of miss-
ing information than edge sampling. While mixed node and edge sampling is certainly a
further possibility, the differences are rather gradual and so we restrict ourselves to the
above presented scenarios.

Missing temporal information: In this case, we want to mimic absence of detailed
knowledge about the correct time resolution. We achieve this by merging a number
of consecutive layers into one, obtaining in the end a temporal network with a smaller
number of layers than the original network. Merging of two layers is done by includ-
ing all nodes and all edges that are present in any of the two layers. Edge weights in the
resulting network are obtained as the number of instances of the edge in the temporal
layers that got merged. This procedure leads to loosing a precise temporal component
of merged edges. In the limit of all layers being merged together, we obtain a static net-
work. The procedure is illustrated in Fig. 1e. Note that merging of layers can also be used
as a tool in the network analysis to consolidate information from several layers to poten-
tially counteract the effects of incomplete structural data. We call the method of merg-
ing all layers temporal aggregation and we will discuss it in more detail below.

Clustering of temporal networks

Similar to the problem of clustering static networks, many approaches exist for clus-
tering dynamic networks. Comparison of these approaches is difficult, because their
efficacy varies across different contexts due to the rich nature of networks and their
characteristics. Following the ideas in Cazabet et al. (2020), where such comparison has
been done, we focus on the three methods that performed slightly better in many con-
texts: label-smoothing, no-smoothing and smoothed-graph. We include the method of
temporal aggregation and we give a brief overview of these methods to test their perfor-
mance in the context of networks that are sparse due to the missing data.

Here, all of these approaches adopt the Louvain method for finding the communities
in static networks (Blondel et al. 2008). While testing these approaches, we found that
varying parameters can yield slightly better performances in specific cases, but we did
not observe general rules to guide parameter selection based on network characteris-
tics. Therefore, following the approach in Cazabet et al. (2020), we use the same default
parameter values without further tuning for each of the clustering methods as imple-
mented in the library tnetwork ((https://github.com/Yquetzal/tnetwork)). In the fol-
lowing, we present the main ideas of these methods.

Temporal aggregation Temporal aggregation is performed by merging all layers as
described above, i.e. such that the resulting network is weighted and the edge weights
correspond to the number of instances of these edge during the whole time period. This
means that temporal information gets completely lost, as edges from different layers get
aggregated to form a static network. There are clear disadvantages of this approach when
applied on temporal networks with many edge and community changes over time. How-
ever, in examples where the communities are not changing drastically, this approach
gives good results and is therefore often used in practice (Krings et al. 2012), as it is sim-
ple to implement and computationally efficient.
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No-smoothing In this approach, clusters are found in each layer independently
using the static Louvain community detection algorithm (Newman and Girvan 2004).
Then, communities in different layers are matched using a similarity measure. Here,
we adopt a one-step matching approach (Cazabet et al. 2020), where clusters at time
layer [ are compared against clusters at layer / — 1. Given two sets of communities
{A1,..., A/} and {By, ..., Bs}, the input for the problem is a non-negative matrix of size
r X s containing in cell ij a measure of similarity between clusters A; and B;. A natural
choice for a similarity measure is the Jaccard index

J(Ai, B)) = M
|A; U Bl
To keep the approach as simple and general as possible, as in Cazabet et al. (2020) the
assignment of each label is set to a maximum of one cluster. The no-smoothing method
is simple, computationally efficient, and well-suited for networks with abrupt commu-
nity changes. However, it can miss gradual changes in community structure over time,
leading to inconsistencies across layers and reduced accuracy in capturing long-term
trends (Sattar et al. 2023). For more sophisticated approaches, e.g. multistep matching,
see (Lorenz-Spreen et al. 2018) and references in Rossetti and Cazabet (2018).
Smoothed-graph The smoothed-graph method is a modification of the no-smooth-
ing approach, where information on communities from previous layers is used to cre-
ate a more gradual and consistent evolution of communities over time. We consider
here a variant of the method (Guo et al. 2014) as described in Cazabet et al. (2020),
where the communities are found at each layer / using the community partition at the
preceding layer [ — 1. This is done by using a memory parameter «, that determines
the importance of the previous partition, and a modified adjacency matrix

Wl ) -1
VVU = OlVVi]' +1- a)cij ’

where Cilj_1 = 1 if nodes i and j belong to the same community in layer / — 1 and oth-
erwise Cl.l]fl = 0. Then, matching of communities is performed as in the no-smoothing
approach. In the benchmarks, the memory parameter « is set to 0.9 as in Cazabet et al.
(2020). Smoothing does increase computational costs compared to the no-smoothing
approach, but this method has much better performance for networks where communi-
ties change gradually (Sattar et al. 2023).

Label-smoothing This method, introduced in Falkowski and Spiliopoulou (2007),
performs the same clustering at the layer level as no-smoothing. Next, it uses a dif-
ferent matching procedure to label the communities, by clustering a graph having the
communities as nodes that are connected by weighted edges reflecting the similarity
between any pairs of communities. Weights of these edges are obtained as Jaccard
values between the corresponding communities. With this approach, temporal clus-
ters are determined based on a more global view than in the cluster matching utilized
in the methods above. The latter only takes adjacent layers into account when match-
ing clusters while the cluster graph considered here captures similarity of clusters
even if their temporal distance is large.
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Evaluation of network communities

In order to evaluate the validity of a clustering method, the communities that this
method finds need to be compared to the ground-truth communities. Unfortunately,
in most real-world examples the ground-truth communities are generally not available,
which poses a big challenge for validation and applicability of existing methods to real-
world data. Benchmark generators, on the other hand, often can be designed to pro-
vide information on the ground-truth communities along with synthetically generated
networks.

There exist many different approaches for comparison of partitions, see (Fortunato
2010; Warrens and Hoef 2022) for recent reviews. Here, we focus on Adjusted Rand
Index (ARI) and Adjusted Mutual Information (AMI), that are refined versions of two
popular measures: the Rand Index (RI) and Mutual Information (MI), respectively (Rand
1971; Hubert and Arabie 1985; Xuan etal. 2010). RI measures the similarity between the
two partitions by calculating the proportion of node pairs that are either in the same
cluster or in different clusters in both the given and reference partitions. Rl yields a value
between zero and one, where higher RI value indicates a more similar clustering, thus
closer to the ground-truth. MI quantifies the shared information between two parti-
tions, reflecting the degree to which the assignment in one partition can inform on the
assignment in the other partition. Similar to RI, higher MI values suggest a closer resem-
blance between the partitions. ARI and AMI additionally implement adjustments that
normalize the RI and MI scores for the possibility of random agreement.

Computing the average ARI or AMI over the network layers gives an idea of the accu-
racy of community detection at the static level, but does not account for the dynamical
aspect of the structure. We therefore use, as in Cazabet et al. (2020), the longitudinal
versions of these scores, called LARI and LAMI. These are calculated by considering all
layers at the same time, viewing instances of the same nodes in different layers as distinct
nodes. One single ARI or AMI is thus calculated for the dynamic network, accounting
for the possible persistence or change in the community assignments of nodes. To evalu-
ate the accuracy of communities obtained after layer merging, for each bin of size i, the
resulting partitions are repeated i times, once for each layer in the bin, to allow the com-
parison with the ground-truth partitions. Since we did not find any significant difference
in the impact of sparsity between LAMI and LARI scores in the examples we considered,
in the following we will only show results for mutual information. For illustration, a plot
reporting results based on LARI in the first scenario considered below can be found in
Appendix A.

Dynamic communities in synthetic networks

We start by conducting experiments on synthetic networks to compare how the dif-
ferent clustering approaches, namely aggregation, no-smoothing, smoothed-graph
and label-smoothing as described above, perform depending on the level of data spar-
sity. In this setting, the evaluation of results is facilitated since the ground truth is
known, which is often not the case for real-life data sets. In a first scenario, we utilize
the temporal network generating software included in tnetwork described in Caza-
bet et al. (2020), which enables the creation of network structures that progressively
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Table 1 Parameters considered for benchmarks generation

tnetwork (Cazabet et al. 2020) multilayerGM (Jeub 2019)

n € {00,0.1,02,03,04,05} n € {00,0.1,02,04,06,08,09,1.0}
n.communitiesm = 10 n.communitiesm = 10
community size5 <s <15 n.nodesn = 100

n. operations o € {20, 50} n. layers/ = 100

delay d € {20,0} stability p € {0.99,0.9}

sample sizer € {0.7,0.3} sample sizer € {0.7,0.3}

bin size i € {10,100} binsizei € {2,10}

Fig. 2 In aan idealized illustration of a temporal network resulting from the tnetwork approach with
“merge”as set event. Changes in network structure are gradual, slowly edges are added until in time step t3
a new cluster appears. In b an illustration of the multilayerGM creating an instable scenario with edges
getting redistributed less gradually. Nodes can more easily change cluster affiliation (from ty to t;) and overall
considerable changes are possible (from t; to t3)

evolve according to scenarios consisting of a sequence of events. Several clustering
methods for dynamics networks are tested in Cazabet et al. (2020) on generated net-
works and compared to identify relative strengths and weaknesses in relation to dif-
ferent measures (static and longitudinal scores, smoothness and scalability). We can
thus start our investigation in a well-tested setting yielding sensible choices for the
involved parameters. To broaden our considerations, we then include a second sce-
nario focusing on less stable communities employing the generating software multi-
layerGM introduced in Bazzi et al. (2020). The potential differences in the resulting
networks are illustrated in Fig. 2 and explained in more detail in the following sec-
tions. The parameter choices for both benchmarks are summarized in Table 1 and
will be further discussed in the following sections. The detection of dynamic clusters
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and computation of scores is in all cases done via the implementation provided in the
tnetwork library.

Benchmark generation with tnetwork

The first benchmark generator we use is implemented in the tnetwork library (https://
github.com/Yquetzal/tnetwork). This generator was introduced for the purpose of com-
paring the accuracy and performance of algorithms designed to detect evolving commu-
nities in dynamic networks. Here we give a brief outline of the approach, for the purpose
of illustrating the parameter choices. We refer the reader to the original paper for a
detailed description. The graphs are generated to have a defined community structure
that changes according to a given scenario description, defined by a series of events that
can modify the community assignment of nodes. The authors define a set of possible
events (including merge, split, birth and death) each with some associated parameters.
For instance, the delay parameter allows to customize the waiting time before an event
starts after it is triggered. The sequences of events define a scenario for the evolution of
the community structure.

Networks with communities defined by the given scenarios are then generated using a
variation of the stochastic block model (Cazabet et al. 2020; Granell et al. 2015). The aim
is to generate communities that are subject to events, but are slowly evolving, meaning
that only a small number of edge changes happen at each step to implement the evolu-
tion from the structure before the event to the structure after the event, as illustrated in
Fig. 2a. The number of layers in the network is therefore not imposed, but rather grows
with the chosen number of operations, delay parameter and size of the communities.
The internal and external densities of the communities are modulated by a community
strength parameter 1, where lower values of  indicate stronger communities, i.e. higher
internal and lower external densities. The networks are generated as undirected and
unweighted.

For our experiments, we create test networks with the scenarios and setting of the
benchmark generator used in Cazabet et al. (2020). Starting with a given number of clus-
ters, the evolution of the community structure is described by a series of merge or split
operations. For generating the first type of synthetic networks, we use the same param-
eters adopted in Cazabet et al. (2020), creating networks with 10 communities with min-
imum and maximum size 5 and 15 respectively, with 20 merge or split operations, and
with a delay parameter set to 20. To test a scenario with higher variability in the commu-
nity structure, we create a second set of networks with 50 operations. It should be noted
that the speed of change in community structure does not vary, and a higher number of
operations results instead in an increased number of layers. To limit the growth in the
number of steps, in this second case we set the delay parameter to zero. The resulting
dynamic networks have about 1000 and 2500 layers respectively. The parameter j defin-
ing the community strength varies between 0.05 and 0.5. We run each experiment 20
times and show the average scores.

When we perform aggregation in our analyses, we use the method aggregate
sliding window of the DynGraph class. The network layers are aggregated as
weighted graphs, meaning that the graphs obtained have weighted edges, where the
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Fig. 4 LAMI obtained on benchmarks generated with tnetwork, setting the number of operations to 50
and the delay to 0, under different sampling and merging scenarios

weight of an edge counts the number of instances of the edge in the time bin. We use bin
sizes equal to 10 and 100 for benchmarks generated with tnetwork.

Results Figs. 3, 4 and 5 summarize the results obtained on the benchmark networks
generated with tnetwork, in the sampling and merging scenarios described in Sect. 2.2.
Figure 3 shows scores for networks generated with 20 operations, while for Fig. 4 we
asked for a higher number of operations, while setting the delay to the minimum, as
described. Thus, the latter can be seen as a scenario with less stable communities over
time than the first. In addition to the accuracy for the methods we mentioned, the plots
display the score obtained by aggregating the full dynamic network as described in
Sect. 2.3. This can be seen as the extreme case with respect to the bin sizes for aggrega-
tion, since the full temporal data set is aggregated. It gives a reference point to compare
the results to, to get an idea of whether, as the data available on the underlying network
decreases, the methods are still able to capture the dynamic aspect of the community
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Fig. 5 LAMI obtained on benchmarks generated with tnetwork, setting the number of operations to 20
and 50 and fixed node sampling

structure, or whether it would be more beneficial to simply collect and use all the avail-
able information, disregarding the temporal dimension.

First we can confirm some general trends observed in Cazabet et al. (2020) on the
comparative performance of the methods in terms of longitudinal scores. The accuracy
of the methods is quite similar, with no-smoothing tending to outperform the other
methods for low values of i, while the other methods can sometimes do better on the
other side of the spectrum.

Effects of sampling and merging Let us look at the effects of sampling and merging,
starting with variable edge and node sampling, i.e., different edges and nodes are sam-
pled in each layer. By looking at how the accuracies change in the first column of the
plots for edge resp. node sampling in Fig. 3, we can observe that the scores quickly drop
below the accuracy obtained by aggregating all layers, with no-smoothing being the most
impacted method. The effect is more prominent for node sampling where nodes are
removed, as is to be expected, since the removal of nodes, carrying with it the removal of
incident edges, has a more drastic effect on the graphs.

Looking, on the other hand, at the plots for both scenarios from left to right, we see
the accuracies under increasing levels of layer aggregation, corresponding to the sce-
nario simulating missing temporal information, i.e., not having the full temporal reso-
lution. Here, the curve for full aggregation naturally does not change. We can observe
from the first row that the accuracies for all other methods remain steadily high, or even
improve for the method no-smoothing, so there is no significant effect of loosing the
higher resolution. In addition, when sampling data at increasing levels, we can see how
the merging of layers can strongly compensate for the absence of information. So lower-
ing the temporal resolution can consolidate information of adjacent layers yielding bet-
ter clustering results. Interestingly, full aggregation often performs better than the other
methods employed without any aggregation (resp. first columns), but is out-performed if
at least some layer aggregation is conducted. This shows that the more restricted aggre-
gation is capable of preserving some more information on the temporal communities

that might get lost when aggregation is employed too intensively. We will discuss the
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importance of choosing suitable bin sizes in more detail in the later sections on empiri-
cal instead of synthetic data.

Lastly, as a sanity check for our results, we consider the scenarios where nodes are
eliminated from all layers (Fig. 5, left). In other words, the information inherent in the
deleted nodes is completely lost and cannot be recovered from earlier or later layers.
As expected, the effect of layer aggregation is absent, independent of the sampling rate.
There is no benefit in merging data from different layers - no method can recover data
that is simply not there.

Increased network variability One important observation of our first study is that
merging, even at moderate levels of layer aggregation, has the potential to improve accu-
racy and thus cushion the effects of incomplete data. To clarify this result, we need to
see it in the context of the specifications of the generated data. In this first data set, we
produced rather stable networks, utilizing not too many events and a delay in event exe-
cution that further contributes to the overall stability. This fact is also reflected in the
scores obtained by clustering the dynamic network as an aggregate single static network
(yellow line), which are quite high especially when the communities are strong (low lev-
els of ).

To look at networks with higher levels of variability, we generate benchmarks with 50
operations, and set the delay for the triggering of operations to zero (Figs. 4 and 5, right).
We can see that the accuracy obtained with full network aggregation (yellow lines) sig-
nificantly drops. All the trends observed in Fig. 3 however still apply here in Fig. 4. Mod-
erate levels of network aggregation keep the scores to high levels.

Delving a bit deeper into this aspect, we see that even in the second setting the overall
community structure is quite stable. The benchmark generator of Cazabet et al. (2020)
was simply designed to generate slowly evolving community structures, and increasing
the number of operations has a limited effect on the network stability. To circumvent
this restriction and obtain a clearer picture of the effect of community stability over time
on the results, we thus employ a second network generator allowing for high levels of
instability.

Benchmark generation withmultilayerGM

We now consider a second benchmark generator, introduced in Bazzi et al. (2020) and
available in multilayerGM (Jeub 2019). This generator does not implement com-
munity events, and allows instead to define dependencies between layers, which are
specified via so-called inter-layer dependency tensors. In the temporal case, the depend-
ency of a layer’s partition is based on the layer directly preceding it. The stability of the
dynamic community structure can be varied by setting parameters that define, for each
layer, the probability of copying the community assignment of a node from the assign-
ment of the same node in the preceding layer. Here we only generate temporal networks
with uniform dependencies, so that the degree of similarity between layers is captured
by a single parameter p € [0, 1]. This allows us to explore the effect on accuracy scores
of different speeds of change for the community structure, although the change does
not concern possible events such as merge or split, but rather only the assignment of
nodes to communities. Contrary to the other benchmark generator, the number of lay-
ers is one of the parameters set by the user. One can therefore experiment with different
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Fig. 6 LAMI obtained on benchmarks generated withmultilayerGM, setting p to 0.99, under different
sampling and merging scenarios

combinations of speeds of change and number of steps, observing, for example, how a
relatively small change can compound over many layers, resulting in a structure that is
more difficult to capture via approaches that rely strongly on layer aggregation. With
probability 1 — p the community is sampled from a null distribution which can be
specified by the user. Thus we can generate temporal networks that change much more
quickly then those generated by tnetwork, as illustrated in Fig. 2b. Community assign-
ments for the first layer are always sampled from the null distribution. For the latter we
use the implementation of a symmetric Dirichlet distribution offered by the framework.
This is parametrized on the number of communities (or mesosets) m and the concen-
tration parameter 6. For 6 = 1, the null distribution is sampled uniformly at random
among the categorical probability distributions with m categories, so that the sizes of the
clusters are heterogeneously distributed. Large values of 6 favor uniform distributions,
which lead to communities that are similar in size, and on the opposite side values of 6
that are close to zero produce unbalanced distributions and cluster sizes. To generate a
multilayer network for a given partition, this framework also uses a variant of a previ-
ously formulated stochastic block model generator. Similarly to the case of the bench-
mark generator previously discussed, one can specify a value for the community-mixing
parameter u € [0, 1].

For our experiments, we set the parameter 0 to 1. We fix the number of communities
to 10 and generate networks with 100 nodes, to create scenarios comparable to those
generated with tnetwork. Here, we have to choose the number of layers, which we set
to 100. This number is significantly smaller than the average number of layers resulting
from the other benchmark generator, but are more than enough for us to observe a large
variability in the community structure. We create dynamic networks that are very stable,
taking p = 0.99, and a second family of networks using p = 0.9. For this generator, we
consider values of i between 0 and 1, since for this benchmark communities should be
detectable for any value below 1 (Bazzi etal. 2016). Adapted to the smaller number of
layers, we then choose bins sizes 2 and 10 for the merging of layers. We run each experi-
ment 20 times. The plots presented in Figs. 6, 7 and 8 show the average scores.
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Fig. 7 LAMI obtained on benchmarks generated with multilayerGM, setting p to 0.9, under different
sampling and merging scenarios
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Fig. 8 LAMI obtained on benchmarks generated with multilayerGM, setting p to 0.99 or 0.9, and with
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Results We first look at networks generated with a high stability level (p = 0.99),
so that we can compare more easily to the scenarios generated with tnetwork. The
plots in Figs. 6 and 8, left, display results in similar fashion to the ones presented
previously. As in the case of the other benchmark generator, for variable edge and
node sampling, layer merging has a positive impact on accuracy in particular for
no-smoothing, limiting the drop in accuracy that otherwise occurs as the amount of
available data is decreased. With respect to the previous benchmark generator, we can
observe, in general, a stronger decrease in accuracy for smoothed-graph and more
stable scores for the other methods, as the strength of the communities decreases and
as the size of merged bins increases.

With a modest drop in stability, taking p = 0.9, we find a steep decline in accu-
racy when clustering the aggregation of all layers (Figs. 7 and 8, right, yellow lines).
Lack of temporal resolution has a much stronger effect than before. For all clustering
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methods, there is still a positive effect of layer aggregation to counteract missing
structural information, but it is more modest.

The two scenarios generated with multilayerGM thus allow us to sharpen our
results from the first benchmark study. Again we can observe the beneficial effect of
merging layers and thus aggregating information to possibly counteract layer-specific
loss of information. However, we see that the result quality depends on the stability of
the communities over time. In a stable setting, the information present in earlier and
later layers is well-suited to approximate the information in the current layer and thus
can compensate for incomplete data there. This effect is severely restricted if adjacent
layers differ significantly as is the case in the last setting we investigated exhibiting
strongly unstable communities. Here, merging might very well blur the distinct struc-
tures appearing in one bin and lead to poor results. This effect can be counteracted if
additional information on the stability of communities through time is available, such
as information on time points where strong outside influences act on the network and
may give rise to more pronounced changes in the network structure. Such knowledge
can then be utilized to postulate and test bin sizes that, on the one hand, give rise to the
beneficial effects of aggregation to counteract data sparseness and, on the other hand, do
not destroy distinct temporal substructures reflecting points of high instability. We will

illustrate this point in a more concrete scenario in Sect. 4.2.

Dynamic communities in networks generated from empirical data

In this section we explore the results of considered clustering approaches on temporal
networks arising from real-world systems. We study the effect of varying level of data
sparsity on both stable and dynamic clusters. We start with a primary school dataset
(Stehlé et al. 2011; Gemmetto et al. 2014), that is characterized by everyday, long interac-
tions between pupils of the same class that form clusters and by short, random interac-
tions between pupils from different classes. In the second example we examine dynamic
cluster behaviour, where the groups of hunter-gatherers form clusters that are changing
over a long period of time, governed by their movement in the geographical landscape
and other environmental factors of Central Africa (Zonker et al. 2023). In both of these
examples, we face the typical problem of real-world datasets, where the ground truth is
not known, but has to be inferred for validation purposes. To overcome this issue, avail-
able metadata is very often used as a ground truth. However, real-world networks can
correspond to different sets of metadata, both observed and unobserved, which makes
the choice of only one (or some) of these arbitrary and unjustified (Peel et al. 2017).
When ground truth on the system is unavailable, metadata certainly represents a valu-
able resource that can be used to learn more about the network’s underlying organizing
principles. In the absence of a useful reference partition, we have to devise alternative
ways of evaluating the goodness of detected partitions (see Sect. 4.2).

Primary school data

We consider the primary school contact dataset (Stehlé et al. 2011; Gemmetto et al.
2014), that was made available by the SocioPatterns collaboration (http://www.socio
patterns.org/). The dataset contains records of contacts between individuals (pupils
and teachers), detected during approximately 17 h spread over two days. The dataset
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Fig. 9 LAMI obtained with four clustering methods applied on primary school contact data interpreted as a
dynamic network

has been extensively studied in different contexts (see e.g. Gauvin et al. 2014; Génois
and Barrat 2018; Arruda et al. 2021; Bovet et al. 2022; Contisciani et al. 2022). It comes
equipped with metadata which identifies each individual as either a teacher or a pupil,
and provides the class attended by each pupil. Specifically, there are 10 classes, with two
classes for each grade from grade 1 to grade 5. As discussed above, this classification
may not represent the ground truth (Peel et al. 2017). Nevertheless, we will use it as the
reference partition in communities and run the dataset through the same setting that
we applied to benchmark networks in previous sections, calculating standard good-
ness scores. The reference partition consists therefore of 11 clusters, two for each grade,
plus one for the teachers, as considered in other studies (Gauvin et al. 2014; Génois and
Barrat 2018; Arruda et al. 2021; Bovet et al. 2022; Contisciani et al. 2022; Sattar et al.
2023). Children in the same class spend a significant amount of time together, however
there are breaks where children from some different classes can mix. It should also be
noted that we do not expect teachers to be identified as a separate group, given that the
majority of their time is spent in class with children (Stehlé et al. 2011). In absence of
alternative strong choices, we use the separation in 10 classes plus teachers as reference
partition, like it is used in other references (Gauvin et al. 2014; Génois and Barrat 2018;
Arruda et al. 2021; Bovet et al. 2022; Contisciani et al. 2022; Sattar et al. 2023).

The community partition we use as a reference is not dynamical. More sophisticated
analysis of the dynamics of communities in this dataset are of course possible; see for
instance (Contisciani et al. 2022), where a flow stability approach providing “backward”
and “forward” partitions at different time resolutions highlights for example some infor-
mation about the time spent together by different classes. In contrast, the analysis here
is limited by the choice of comparing the results to a reference partition. With this lim-
itation, we can primarily observe how strongly the interaction data reflects the parti-
tion into classes and teachers, and how loss of information impacts the ability to retrieve
clusters that are as close as possible to the available metadata.

By considering intervals of 15 min, we can create a dynamic network with 70 layers,
where an edge connects two individuals if these are in contact at least once in the inter-
val. In this network we apply the same clustering methods as the ones from the previous
sections, and we analyze and contrast the results based on varying levels of data sparsity.
This includes scenarios of edge and node sampling, with sampling size between 0.05 and
1, as well as comparisons made between unmerged data and merged data with a time
interval length of 35.
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The results for the LAMI score are shown in Fig. 9. Layer merging achieves higher
accuracies as the number of merged layer increases, approaching the accuracy obtained
by interpreting the full dataset as a static network. Similarly, aggregation achieves results
with accuracies of about 80%, by producing 8 clusters: the two classes in grade 3 are
grouped together, the two classes in grade 5 are grouped together, and the remaining
classes fall into separate clusters. Teachers are not detected as a separate community.
The grouping of the two grade 3 classes and the two 5 grade classes is not too surprising,
given the amount of contact between the two subclasses (Stehlé et al. 2011). The parti-
tions obtained in Contisciani et al. (2022) also cluster some pairs of classes in the same
grade together. We can observe that moderate variable node and edge sampling have lit-
tle effect due to the redundancy in the data. As observed for the benchmarch networks,
the impact on LAMI is more significant in the scenarios of fixed node sampling. This
example demonstrates that if the clusters do not change in time, then, for the purpose of
identification, there is no advantage in studying the available data as a dynamic network.
In such cases aggregation of time-layers gives the highest LAMI scores and accuracies
improve as more layers are being merged. Incorporating additional information on the
data, for example accounting for breaks when children from different classes can mix,
might, of course, lead to better results. Here we do not use any additional information.

Data on mobility of African hunter-gatherers

For the next example, we consider the real-world setting of hunter-gatherer communi-
ties in Central Africa. We will analyze a dataset on the residential mobility of hunter-
gatherers generated by an agent-based model (Zonker et al. 2023). For the mobility
dynamics of this model, environmental influences were taken into account, most impor-
tantly the suitability of the land. To assess the suitability of an area for hunter-gatherers,
an Environmental Niche Model (ENM) was constructed that explains the likelihood of
the presence of contemporary hunter-gatherers by environmental and climatic factors
such as temperature and vegetation (Padilla-Iglesias et al. 2023). Through paleoclimatic
reconstructions (Padilla-Iglesias et al. 2022) for up to 120000 years before present (BP),
it is possible to use the ENM to estimate the likelihood for the presence of hunter-gath-
erers and thus the suitability of the landscape in ancient times. The spatial resolution
of our data is ca. 10km x 10km per grid cell. The temporal resolution of the estimated
suitability landscapes follows the temporal resolution of the paleoclimatic reconstruc-
tions and changes every 2000 (simulated) years in the considered time period of 116000-
110000 BP, i.e. there are three different suitability landscapes. While also the friction of
the landscape and distances between camps influence the mobility of the model and thus
the spatial distribution of the agents, the suitability is the most important factor for the
emergence of agent clusters. As the suitability changes with time, so does the clustering
of the agents.

In addition to mobility dynamics, the ABM of Zonker et al. (2023) also includes inter-
actions between agents to model the exchange of information and culture. To determine
which agents can communicate with each other, a (temporal) interaction network is con-
structed based on the current positions in each time step. For the network construction
we can consider different radius sizes, to account for short- and long-range interac-
tions between agents. The choice of the interaction radius determines the structure of



Djurdjevac Conrad et al. Applied Network Science (2025) 10:1 Page 19 of 29

the interaction network, in general a smaller radius leads to more sparse networks. For
the example, we consider a total of 45 equidistant ABM snapshots within the selected
time period and distinguish between two cases for network construction. In both cases,
we use a radius R for the network construction that is much larger than the interaction
radius used in the original model, so that the networks of the snapshots will be dense
enough.

Case A: For the choice of a small radius R, only short-range interactions between
agents are possible, i.e. interaction between agents that are close in space. The resulting
interaction network is consisting of many small clusters of agents that change in time
driven by agents’ movements in space. The positions of these clusters are determined
by the minima of the suitability landscape, which indicate the most suitable areas. The
choice of small R imposes a decomposition of regions with many minima into smaller
clusters, see Fig. 10.

Case B: When considering large values of R, we take into account long-range interac-
tions, i.e. interactions between agents that are further apart in space. The resulting inter-
action network consists of larger clusters that are more stable in time than clusters in
Case A, as they are resistant to the small perturbations coming from movements of indi-
vidual agents. Here, cluster changes are driven by the global changes of the landscape in
time, see Fig. 11.

In the following, we will apply temporal clustering to networks in Case A and Case
B, for different levels of data sparsity that will be coming from: (1) Reduced number of
available agents (nodes and their edges); (2) Reduced temporal resolution. Since infor-
mation about ground-truth communities is missing in this example, we will not use
the index scores from section 3. Instead, we will discuss qualitative results. From the
approaches presented in Section 2.3, here we will use the no-smoothing method to
detect dynamic clusters. This is necessary because we use only a few static snapshots of
the system, rather than having continuously changing positions of the agents. However,
since we are focusing on the methods, we will not discuss further how this affects the
anthropological interpretability of the clustering results.

Results Case A: First we analyse the networks generated with radius R = 10 grid cells,
which corresponds to 100 km, and consider cases with different temporal sparsity, see
Fig. 10. For single time slices (“no merging”), we are able to identify the agent clusters
around the minima of the suitability landscape. When merging every 15 time-slices dur-
ing which the landscape is fixed, we find a reduced number of clusters, corresponding
to regions with more frequent spatial transitions between suitable areas. If the merging
of time slices is not done uniformly, i.e. the first 30 time slices are merged and then the
last 15 time slices, we observe a loss of information on clusters in the first and the sec-
ond suitability landscape, as these get effectively aggregated and only a separation in 2
big clusters is captured. Finally, when all slices are merged together, which is equivalent
to time-aggregation, we observe a big loss of information on granularity, as the smaller
clusters get merged into 2 main clusters, that are separated well in space and time and
robust even to major changes in the landscape. Between these main clusters, agent tran-
sitions in the underlying ABM are rare events.

Case B: Next, we analyze networks generated with R = 50 grid cells, which corre-
sponds to 500 km, and compare different choices of temporal sparsity, see Fig. 11. For
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Fig. 10 Simulation snapshots of the hunter-gatherer model for R = 10 at different timest = 2,t = 17 and

t = 32.Nodes have spatial position in the time-dependent suitability landscape that is visualized by contour
lines. Color of nodes corresponds to the cluster they belong to. Network edges are not shown for better
visualization

single time slices, we get a clustering on the spatial scale similar to Case A with the
merging of 15 time slices corresponding to one landscape. These clusters correspond to
regions with more frequent agent interactions within. With the larger radius, the spa-
tial resolution is coarser and the interaction network already connects multiple suitable
areas within one time slice. However, we can observe some differences in the cluster-

ings comparing the spatial aggregation of this case and the temporal aggregation of the
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Fig. 11 Simulation snapshots of the hunter-gatherer model for R = 50 at different timest = 2,t = 17 and
t = 32.Nodes have spatial position in the time-dependent suitability landscape that is visualized by contour
lines. Color of nodes corresponds to the cluster they belong to. Network edges are not shown for better

visualization

last, e.g., for the slice ¢ = 17 the orange cluster in the middle is not separated in Case B.
Merging blocks of 15 time slices with R = 50 that correspond to the same fixed land-
scape leads to the following changes when compared to the single time slices: (1) At t=2,
where the orange (middle) cluster merges with the blue one, due to agents equilibrat-
ing in the middle well and grouping together. (2) At t=32, we obtain now 4 clusters as

agents get distributed to the new wells. It is interesting that in one case (namely (1)),
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information about granularity is lost, while in the other (2), it is recovered. This is due to
the additional position data from later time slices of each time period being closer to the
equilibrium distribution associated with the landscape. Unlike in Case A, here we do not
see big differences when merging blocks of 15 time slices versus when the first 30 and
then the last 15 time slices are merged. This is due to the choice of a large radius, spatial
proximity and similarity of the two main wells in this suitability landscape. Merging all
slices (i.e. merge 45), which corresponds to time-aggregation, results in a loss of tempo-
ral resolution of clusters. However, like in Case A, it still enables the identification of the
two main clusters consisting of agents that are well separated in space and time across all
time-frames.

Finally, we study the effects of sampling nodes. We discuss both the case of varied
node sampling, where the nodes in each time slice are sampled (see Fig. 12) and the case
of sampling a set of fixed nodes that is removed for all time slices (see Fig. 13). As before,
sampling of nodes has the effect that only edges that are incident to the sampled nodes
are kept in the network. Note that in this example we do not explicitly consider sampling
of edges, as the available data for this system is about nodes, i.e. position of the hunter-
gatherer camps, and these positions determine the possible (interaction) edges.

For the varied node sampling, we randomly select 30% of the agents in each snapshot.
In both Case A and Case B, we are able to identify the most prominent clusters in the
most suitable regions. However, in Case A, we identify fewer clusters overall compared
to no sampling, and the larger clusters that are more widely distributed and not cen-
tered around a local minimum are split into smaller clusters. Since we have many iso-
lated agents that are identified as their own cluster in the case of a small radius, it makes
sense that we have fewer clusters when we consider only a fraction of the agents due
to sampling. For the more widespread structures in the data, the small radius increases
the likelihood that some connecting agents will be missing, splitting the already sparse
interaction network into more smaller connected components. In the setting of Case B,
this effect is limited, as the larger interaction radius leads to more stable interaction net-
works. If we combine node sampling with frame merging in both case A and case B, we
can identify the clusters of the corresponding merging scenario without sampling.

For the fixed node sampling, we randomly select 30% of the agents and consider
their positions for all time slices. For individual snapshots. the results differ not that
much from the varied node sampling (see Fig. 13). This is to be expected, as con-
sistently selecting the same agents to be missing in each snapshot has no effect in
this case. On the other hand, the detection of cluster evolution is better in the fixed
sampling case, where nodes from one layer can be consistently matched to nodes in
the next layer, allowing, as a consequence, the reconstruction of cluster dynamics.
This effect is more prominent when the radius is larger, especially at low sampling
values, since larger clusters have increased chances of matching. In the merging case
we are able to identify the major clusters but not all of the smaller clusters that are
identified when we merge the snapshots without sampling. This can be explained
by the mobility dynamics of the model, as agents move considerably within the suit-
able areas. Thus, while there may be some missing connections in one snapshot, this
is not necessarily true for the next snapshots, even if the same agents are selected.
However, in the case that all agents of a smaller cluster ¢ are missing it is unlikely
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Fig. 12 Simulation snapshots for varied node sampling where 30% of nodes are randomly selected

in each snapshot. Top two rows: R = 10, Bottom two rows: R = 50. Nodes have spatial position in the
time-dependent suitability landscape that is visualized by contour lines. Color of nodes corresponds to the
cluster they belong to. Network edges are not shown for better visualization

that multiple agents that have been chosen through the sampling will transition
through unsuitable terrain to the suitable area corresponding to c. In this case we
would not be able to recover the information about the cluster from the data.
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Fig. 13 Simulation snapshots for fixed node sampling where 30% of nodes are randomly selected for all time
slices. Top two rows: R = 10, Bottom two rows: R = 50. Nodes have spatial position in the time-dependent
suitability landscape that is visualized by contour lines. Color of nodes corresponds to the cluster they belong

to. Network edges are not shown for better visualization

Conclusions

Temporal network modeling has shown a lot of potential to capture essential features of

complex time-evolving systems. Detecting dynamic communities is certainly a central
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analysis tool in this context. However, the temporal component often exacerbates the
difficulties modelers are facing in terms of the restricted availability of data on the con-
sidered systems. This includes lack of data on network structure through time as well as
uncertainty regarding temporal resolution. Here, we evaluated the impact of structural
and temporal data sparseness, first on synthetic data and then on application-based case
studies. We considered several different well-established methods for dynamic commu-
nity detection with a focus on discovering trends in the impact of data loss on perfor-
mance quality and approaches to mitigating that impact.

For investigating the effect of incomplete structural information we considered both
scenarios with missing edges as well as with missing nodes via the variable sampling.
The observed trends are consistent - the effects of missing nodes being expectedly
stronger, since a node deletion can induce several edge deletions. We see that low levels
of this type of data loss do not impact result quality significantly. To help evaluate the
significance of levels of deficit in the data, we included scores obtained by aggregating all
available data, thus creating a reference to establish whether aiming at the reconstruc-
tion of a dynamic structure has become unrealistic. As expected, substantial data loss
has severe effects on the dynamic community detection methods, to the point where full
aggregation of all layers, i.e., completely disregarding temporal information, outperforms
the temporal methods, at least for networks changing gradually over time. The levels of
data loss at which a dynamic reconstruction appears to be unfeasible seem to depend on
the community strengths and to a smaller degree on the method.

We investigated the effect of aggregation in more detail, taking a dual view on it. First,
we use merging of a certain number of subsequent temporal layers to model the loss
of information on the temporal resolution of the system. This type of information loss
is decidedly detrimental for highly variable networks that exhibit drastic structural
changes. Full temporal aggregation performs particularly badly in this setting. Con-
versely, effects are rather weak for slowly evolving networks with fairly stable temporal
communities. Here, we can observe that results of the dynamic community detection
methods even benefit from aggregating layer information. This leads us to consider
merging of layers from a second view point, as method to compensate for structural data
loss. As mentioned above, full aggregation performs better than the dynamical methods
when facing significantly incomplete data in rather stable systems. Since the commu-
nity structure in such systems does not change much from layer to layer, the loss of data
from one layer can be compensated by information on other layers in the network. Our
results show that this effect can be even better exploited by coupling a more judicious
merging still allowing to capture temporal changes with dynamic community detection
methods. We can then counteract lack of information of one layer with information cap-
tured in adjacent layers while still preserving a degree of temporal resolution that allows
to track changes in the community landscape. Good results are to be expected if the
merging bin size can be chosen according to the rate of change in the dynamic system.
Clearly, for highly unstable systems the effects of missing information will still be much
more problematic. For such systems only small bin sizes can be chosen, meaning there is
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only restricted possibility to compensate data loss, since otherwise the drastic structural
changes over time will blur the temporal communities.

Choosing appropriate bin sizes for analyzing longitudinal data poses a significant chal-
lenge across disciplines, including archaeology, where it can impact interpretations of
historical events. Additional to identifying appropriate bin sizes that reflect the time-
resolution of the system, this issue also occurs on the methodological level within exist-
ing temporal network clustering approaches. For instance, in smoothed graph based
approaches, the challenge is to determine the so-called memory parameter, which
defines the connection weight between temporal layers. In the methods using match-
ing procedures, it is not clear how to choose the memory parameter corresponding to
the importance weights of clusterings from different layers. The choice of this parameter
can significantly affect the granularity and precision of obtained results. One potential
solution could be to develop a change point detection approach that would help to iden-
tify points in time where significant shifts occur within the data, and use these to adap-
tively adjust bin sizes. Furthermore, integrating additional knowledge about the system
could help in inferring time ranges where the system is rather stable and time points
where more drastic changes are expected to occur. We have illustrated such a scenario in
our last case study, where information about changes in the landscape are not explicitly
included in the network model, but they do impact the evolution of the clusters. How-
ever, these ideas are out of the scope of this paper and will be explored in the future.

An additional topic that we did not consider here concerns the question of detectabil-
ity, that is, of whether it is theoretically possible to design an algorithm that can recover
the community structure. The theory of detectability for community identification has
gained significant attention in recent years, in particular with results and conjectures
predicting precise thresholds for the feasibility of the community detection problem
for some stochastic block models (Abbe 2018). For the static network case, the work
of Decelle et al. (2011a, 2011b) described a phase transition for the community detec-
tion problem, identifying, with methods of statistical physics, the threshold level as a
function of the number of communities and their strength. In Ghasemian et al. (2016)
these types of predictions were extended to a dynamic network case, also based on a
stochastic block model, considering the strength of the community structure as well as
its rate of change. The work identified a limit that in the static case coincides with that of
Decelle et al. (2011a, 2011b), while taking into account the probability of changing labels
between layers. The analysis is limited to a specific dynamic stochastic block model, and,
to understand if a similar one applies to the benchmarks we considered, the process for
the estimation of the threshold would need to be adapted and verified, to account for the
difference in the definitions. Further work could then investigate whether such analyses
can be extended to the identification of thresholds as functions not only of the strength
and rate of change of the community structure, but also of the level of data availability.

Appendix A : Additional plots
See Fig. 14
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Fig. 14 LARI obtained on benchmarks generated with tnetwork, setting the number of operations to 20
and the delay to 20, under different sampling and merging scenarios
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