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Abstract
In the era of widespread online content consumption, effec-
tive detection of coordinated efforts is crucial for mitigat-
ing potential threats arising from information manipulation.
Despite advances in isolating inauthentic and automated ac-
tors, the actions of individual accounts involved in influence
campaigns may not stand out as anomalous if analyzed in-
dependently of the coordinated group. Given the collabora-
tive nature of information operations, coordinated campaigns
are better characterized by evidence of similar temporal be-
havioral patterns that extend beyond coincidental synchronic-
ity across a group of accounts. We propose a framework
to model complex coordination patterns across multiple on-
line modalities. This framework utilizes multiplex networks
to first decompose online activities into different interaction
layers, and subsequently aggregate evidence of online coor-
dination across the layers. In addition, we propose a time-
aware collaboration model to capture patterns of online coor-
dination for each modality. The proposed time-aware model
builds upon the node-normalized collaboration model and ac-
counts for repetitions of coordinated actions over different
time intervals by employing an exponential decay temporal
kernel. We validate our approach on multiple datasets featur-
ing different coordinated activities. Our results demonstrate
that a multiplex time-aware model excels in the identification
of coordinating groups, outperforming previously proposed
methods in coordinated activity detection.

Code — github.com/letiziaia/time-aware-collaboration

1 Introduction
The widespread use of social media as a primary information
source makes it vital to detect unreliable or malicious ac-
tors who exploit the features of those platforms to intention-
ally manipulate public opinion, intensify societal divisions,
and influence policy decisions (Howell et al. 2013). Specif-
ically, the ability to rapidly distribute content and facilitate
real-time interactions creates opportunities for the inauthen-
tic amplification of misleading or inflammatory information.
For these reasons, early detection of influence operations
and information campaigns becomes imperative to prevent
the spread of propaganda and the deepening of societal divi-
sions, and to maintain the integrity of the information envi-
ronment (Carley 2020).
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In response to the alarming observation of coordinated ac-
tivities tampering with crucial events, such as political elec-
tions (Giglietto et al. 2020; Linhares et al. 2022; Ng and
Carley 2022b), researchers have devoted significant efforts
to address this challenge by categorizing individual accounts
as information polluters, bots, or other types of inauthentic
social actors (Ferrara et al. 2016; Kumar et al. 2017; El-
mas et al. 2021). Detecting individual malicious users can
be challenging, especially within bot networks where the
activity of each bot is strategically calibrated to evade de-
tection. However, it is the coordinated nature of their activ-
ities, rather than the isolated actions, that ultimately gener-
ates a significant impact on the social media platform. Re-
cent research underscores how information operations ex-
hibit strong characteristics of collaborative work (Starbird,
Arif, and Wilson 2019), making coordinated group behavior
a better descriptor than focusing solely on individual actions
or isolated elements (Keller et al. 2020).

This shift in perspective makes it possible to expose coor-
dinated efforts by identifying an anomalous degree of con-
sistency within a group of accounts (Keller et al. 2020).
When analyzing group dynamics, it becomes evident that
malicious actors exploit numerous opportunities for coordi-
nation on online platforms. These opportunities manifest in
various coordination strategies, such as utilizing the same
set of hashtags, engaging in the same discussions, amplify-
ing identical narratives, or repeatedly sharing content from
a specific account or external source (Ng and Carley 2022b;
Pacheco et al. 2021).

The complexity of online coordination is further height-
ened by the ability of groups of accounts to coordinate
across multiple dimensions simultaneously (Ng and Car-
ley 2022b; Magelinski, Ng, and Carley 2022). Coordination
may occur in the temporal dimension, involving activities at
similar times or with similar frequency (Keller et al. 2020),
and it may extend to the social dimension when coordinat-
ing actors interact with the same set of users (Magelinski,
Ng, and Carley 2022). Coordination can operate on the se-
mantic level through the use of identical words, hashtags, or
similar text (Elmas et al. 2021), while the referral dimen-
sion can be employed to redirect users to the same external
content or sources (Giglietto et al. 2020). Finally, the ma-
nipulation of metadata can be leveraged to create fabricated
personas designed to resemble regular users, making them
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well-suited for deployment in information campaigns (Fer-
rara et al. 2016). The potential for simultaneous coordina-
tion across multiple dimensions effectively turns the detec-
tion of online coordinated behavior into a multi-dimensional
problem (Ng and Carley 2022b). Therefore, reliable detec-
tion of coordinated behavior necessitates a comprehensive
approach that considers the time patterns of collaborative
effort across different potential strategies of coordination.
These assumptions lead to the following research question:

RQ. Does integrating the temporal aspect and multiple
modalities of coordination improve the detection and char-
acterization of collaborative efforts?

We address the multi-dimensional nature of coordination
by combining different potential strategies of coordination
in a multiplex representation of online latent collaboration.
The multiplex representation is able to accumulate evidence
of coordination from diverse coordination modalities, such
as hashtag usage, user interactions, narrative amplification,
and content sharing, and to describe latent collaboration on
each of them. A multiplex model provides a rich descrip-
tion of coordinated activities, from which we can extract
clusters of coordinating accounts that exhibit collaboration
across different modalities.

As our second contribution, we propose an applica-
tion of the node-normalized collaboration model introduced
by Newman (2001a) and we design it to model the sig-
nificance of temporal patterns of online coordination. Co-
ordinating accounts intentionally manipulate online spaces
through common and repeated behavior (Magelinski, Ng,
and Carley 2022). Thus, both the number of repetitions of
common actions and their temporal differences represent
fundamental indicators to distinguish coordination from ran-
dom or independent user activity. In particular, similar ac-
tions occurring within a short time frame may signify ma-
licious tactics, including spamming, participation in dis-
information campaigns, or involvement in coordinated at-
tacks (Keller et al. 2020). Furthermore, repeated instances
of the same activities, even if distributed over an extended
period of time, suggest concerted efforts (Weber and Neu-
mann 2020). In both cases, larger weights assigned by the
model capture the deliberate effort to synchronize or repeat
activities beyond mere coincidence and highlight the collab-
orative nature of these actions.

To assess the efficacy of our proposed model, we begin
by investigating its performance on a series of simple syn-
thetic case studies. These controlled experiments allow us
to validate the model’s behavior against diverse patterns of
coordination and to anticipate its strengths and limitations.
We then benchmark the performance of our model against
several state-of-the-art methods previously established for
the analysis of coordinated campaigns, leveraging available
labeled datasets (Seckin et al. 2025). Our analysis demon-
strates how our model contributes to advancing the identifi-
cation of coordinated operations.

The remainder of the paper provides a review of related
literature (Section 2), introduces the model (Section 3), and
concludes with the presentation of experiments (Section 4)
and discussion of our findings (Section 5).

2 Related Work
2.1 Coordination Detection
Coordinated inauthentic behavior refers to the collaborative
actions of a group of social media accounts with the delib-
erate intent of deceiving other users (Weber and Neumann
2021; Pacheco et al. 2021). This definition emphasizes the
collective effort to purposely increase the visibility of spe-
cific content, regardless of the authenticity of the content
being shared. Therefore, common methods for uncovering
coordinated groups primarily rely on the study of synchro-
nized or highly similar online actions that defy random oc-
currence (Magelinski, Ng, and Carley 2022; Ng and Car-
ley 2022b; Linhares et al. 2022; Pacheco, Flammini, and
Menczer 2020).

Such behavior can be studied through the analysis of la-
tent coordination networks (LCNs) (Weber and Neumann
2020, 2021). An LCN is constructed by examining online
activities within specific time-windows, and links between
users are inferred from their shared or similar actions. Given
that inauthentic coordination is often strategically orches-
trated and designed to be covert, explicit relations or inter-
actions, such as friendship or following relationships, might
prove insufficient for detection (Weber and Neumann 2020;
Giglietto et al. 2020; Varol et al. 2017). Thus, LCNs ex-
pand beyond direct interactions and capture hidden or im-
plicit relations between users, allowing for the identification
of digital behavior patterns that are similar beyond coin-
cidence (Weber and Neumann 2020; Pacheco et al. 2021;
Magelinski, Ng, and Carley 2022).

The implicit collaborative effort between users can be rep-
resented by a bipartite network where each account is con-
nected to the digital actions they have performed. Such a bi-
partite network can then be reduced to an LCN by connect-
ing users that have performed the same action. Thus, edges
in the LCN can be weighted based on the strength of cor-
relation between accounts, by considering factors such as
repeated observations of the same action or behavior sim-
ilarity. Metrics commonly employed to this scope include
simple frequency, Jaccard similarity, cosine similarity, χ2,
or TF-IDF (Weber and Neumann 2020; Pacheco et al. 2021;
Magelinski, Ng, and Carley 2022; Ng and Carley 2022b;
Tardelli et al. 2024a).

Once the (weighted) user-to-user network is available, it
becomes possible to extract significant patterns of implicit
collaboration among the accounts. This is usually done by
removing less significant coordination edges by applying
backbone extraction methods before extracting tightly con-
nected clusters (Weber and Neumann 2020; Ng and Carley
2022b) or focusing on the connected components (Giglietto
et al. 2020; Pacheco, Flammini, and Menczer 2020). Net-
work analysis techniques such as community detection algo-
rithms (Weber and Neumann 2020; Pacheco et al. 2021; Lin-
hares et al. 2022), or clustering (Magelinski, Ng, and Carley
2022) are also frequently applied to identify cohesive groups
within these networks.

While these methods might be effective, they typically
focus on a single modality of coordination within a spe-
cific information operation event. Recognizing that users
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can coordinate across many strategies simultaneously, re-
searchers have recently proposed multimodal coordination
detection approaches. These methods generally fall into two
categories: aggregating modalities into a single network, or
retaining the distinct modalities through a multiplex repre-
sentation (Mannocci et al. 2025; Graham, Hames, and Alpert
2024; Magelinski and Carley 2020).

The first approach involves combining evidence of co-
ordination from different modalities into a single network,
which allows for the application of well-established commu-
nity detection algorithms and network centrality measures.
This can be implemented by constructing a separate LCN
for each modality of coordination, such as co-hashtags and
co-mentions, and then extracting coordinated communities
from the single weighted network obtained by a weighted
sum of the edges found in each modality (Weber and Neu-
mann 2021). Similarly, a metric to measure synchroniza-
tion between any two users can be derived from the sum
over different action types (e.g. URL, hashtag, mention) (Ng
and Carley 2022a). Instead of summing, another variant of
aggregation over modalities considers whether there is evi-
dence of coordination in at least one modality (Ng and Car-
ley 2023; Luceri et al. 2024; Dey, Luceri, and Ferrara 2024).
While this ensures that coordination in any single modality
is captured, the model becomes vulnerable to tactics of di-
lution: malicious actors can perform a high number of irrel-
evant actions (i.e. coordinate at random with other users) to
obscure their true coordinated group within the aggregated
data.

To overcome this limitation, a second class of multimodal
methods preserves the distinction between different types
of coordination. This can be achieved using edge-colored
networks, where each type of coordination (e.g., co-URLs,
co-retweets, co-replies) is represented by a distinct edge
color (Graham, Hames, and Alpert 2024). Alternatively,
each atomic behavior, such as each individual URL or hash-
tag, can be encoded on a separate network layer (Magelin-
ski and Carley 2020; Magelinski, Ng, and Carley 2022). In-
deed, retaining the multiplexity leads to greater robustness
than clustering on aggregated networks, as multiplex clus-
tering not only correctly identifies the most central nodes
but also uncovers additional coordinated structures that ag-
gregated networks would miss (Magelinski, Ng, and Carley
2022; Mannocci et al. 2025).

However, it is worth noting that many current methods,
both monomodal (Weber and Neumann 2020; Ng and Car-
ley 2022b; Pacheco et al. 2021) and multimodal (Magelin-
ski and Carley 2020; Magelinski, Ng, and Carley 2022; We-
ber and Neumann 2021; Ng and Carley 2022a, 2023), ad-
dress the time dimension through fixed-size time windows,
thereby limiting their adaptability to varied time strategies of
coordination. For instance, several multimodal approaches,
like the analysis in Mannocci et al. (2025), aggregate sig-
nals by simply averaging the weights of each modality over
sliding time windows (e.g., 6 hours), without explicitly mod-
eling the time component. Similarly, Nwala, Flammini, and
Menczer (2023) encode user activity across multiple modal-
ities (text, mentions, URLs, reshares, and others) into time-
agnostic TF-IDF vectors derived from a formal language.

While this representation can highlight similarities in behav-
ioral patterns across modalities, it does not explicitly cap-
ture co-occurrences and coordination in time. Also, an im-
portant limitation of fixed-window methods over aggregated
modalities is that they inherently preclude the modeling of
different time scales for different modalities, assuming a sin-
gle, uniform time scale of coordination across all modalities.
Methods that do model the temporal dimension, such as the
multiplex approach by Tardelli et al. (2024b), also still oper-
ate by specifying a fixed time window length and time win-
dow step. While Tardelli et al. (2024b) focus on the temporal
evolution of coordinated communities, they only consider
co-retweet as modality of coordination. This approach not
only overlooks other potential modalities, but also necessi-
tates an empirical search over multiple time window lengths
and steps to identify the appropriate time scale of coordina-
tion in the data. This empirical search is only possible when
labeled data is available, which is not the case if we are in-
terested in the early detection of new information operations.
To expand our understanding of online coordination, we aim
to analyze user behavior patterns across multiple modalities
and to detect coordinated behavior across different potential
time scales of coordination.

Beyond network-based approaches, machine learning
(ML) and deep learning (DL) techniques represent another
prominent category of approaches for the detection of coor-
dinated behavior. Traditional ML approaches typically rely
on a wide array of carefully engineered features, includ-
ing behavioral patterns (e.g., posting frequency), linguistic
cues (e.g., sentiment, specific keywords), metadata (e.g., ac-
count creation date, number of friends, number of follow-
ers), and graph-based features derived from interaction net-
works (Ferrara et al. 2016; Davis et al. 2016; Varol et al.
2017). However, these methods mainly focus on bot de-
tection only, and they encounter significant challenges re-
lated to generalization, as the increasingly widespread use
of AI and LLM blurs the distinction between automated and
human activity (Yang et al. 2019; Nwala, Flammini, and
Menczer 2023).

More recently, deep learning models, particularly Re-
current Neural Networks (RNNs) with attention layers for
sequential behavior analysis, and Graph Neural Networks
(GNNs) for analyzing complex network structures, have
shown promising results (Sharma et al. 2021). GNNs, in par-
ticular, are well-suited for modeling relationships between
users and content, offering a powerful way to identify coor-
dinated groups by learning directly from the network topol-
ogy and node features (Minici et al. 2025). While powerful,
these approaches often face challenges related to data im-
balance, the need for extensive labeled datasets, the need for
hyperparameter optimization, explainability of the models,
and the dynamic, adversarial nature of inauthentic behavior
which can lead to concept drift (Luceri, Boniardi, and Fer-
rara 2024; Minici et al. 2025).

2.2 Collaboration Model
Collaborative relationships between individuals have often
been described through a collaboration network (Ramasco,
Dorogovtsev, and Pastor-Satorras 2004; Melin and Persson
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1996; Newman 2001a,b). This mathematical model concep-
tualizes individuals as nodes within a graph, where edges
signify collaborative connections, such as actors starring in
the same movie, board members holding a position on the
same corporate board, or researchers authoring the same
publication. For instance, in a co-authorship network, each
node corresponds to an author, while an edge between two
nodes signifies the existence of at least one publication co-
authored by those individuals (Melin and Persson 1996;
Newman 2001a,b, 2004; Moody 2004; Tahmooresnejad and
Beaudry 2018).

Besides showing the existence of collaboration, some
co-authorship networks include weighted edges to repre-
sent the strength of the collaboration between two indi-
viduals (Melin and Persson 1996; Newman 2001a,b, 2004;
Ogasawara 2025). While different researchers may adopt
slightly different definitions for the weights, the collabora-
tion model proposed by Newman (2001a) also takes care of
normalization by defining the weight as:

wuv =
∑
k

δkuδ
k
v

nk − 1
, (1)

where δkuδ
k
v = 1 if and only if both researchers have au-

thored article k, which is co-authored by nk scientists in
total. Hence, the strength of collaboration between any two
authors is determined by the amount of their joint articles
contributions, but the significance of the collaboration de-
creases with the number of co-authors on publication k.

Collaboration models have been used to map the struc-
ture of collaborating groups, for example to study the
evolution of research communities, the emergence of in-
terdisciplinary collaborations, and the identification of in-
fluential researchers and research groups (Newman 2004;
Moody 2004; Tahmooresnejad and Beaudry 2018; Oga-
sawara 2025). A collaboration model can also capture la-
tent collaboration arising from shared activities within the
context of online social media. In the digital adaptation, the
shared activities can encompass various online interactions
such as mentions, replies, retweets, or otherwise disseminat-
ing similar content. Therefore, by this model, social media
users engaging in at least one similar or identical action will
be marked as collaborating (i.e., will be linked by an edge).

2.3 Multiplex Networks
Multiplex networks extend traditional graph models by al-
lowing for multiple layers or modalities of interactions be-
tween nodes (Lee, Min, and Goh 2015). A multiplex net-
work can be reduced to an edge-colored network G =
{V,E,C}, where the edges E ⊆ V ×V ×C support |C| dif-
ferent types of relations between the nodes V (Kivelä et al.
2014). This framework is particularly valuable in the anal-
ysis of online social media platforms, where users engage
in diverse interactions like retweeting, tagging, befriending,
following, or sharing the same content.

Unlike aggregated networks, which collapse all interac-
tion types into a single layer, a multiplex representation pre-
serves the distinct nature and specific context of each type of

relation. This is critical because different interaction modali-
ties might carry varying semantic meanings, signal different
types of social or behavioral connections, and importantly,
operate across different time scales. For example, a reshare
of a message is commonly understood as a rapid endorse-
ment and amplification of content, while a mention or a re-
ply signify direct conversational engagement, that can de-
note either agreement or disagreement (Kwak et al. 2010;
Honey and Herring 2009).

3 Model
Notation. Given an online social-media platform, we de-
fine the user base as a finite set U = {u1, . . . , un} and
let T denote the domain of timestamps of all user inter-
actions. Interactions can be of various types, for example
the creation of a profile, a post, or the fact that one user
followed another. Let A = {a1, . . . , am} be the finite set
of identifiable action types on the platform. For example,
A =

{
tweet, retweet, hashtag, mention, url, . . .

}
.

From each user interaction we derive a set of action-level
data points

D = {(u, t, a, k)},
where every tuple encodes the user u ∈ U performing the
action, the timestamp t ∈ T , and the action type a ∈ A.
Finally, k ∈ Ka is the specific content (in the form of text
string, RGB vector of the image, etc.) relevant to a. As an
example, a single post from user Alice at time t might yield
both a hashtag action with content #foo and a mention ac-
tion with content @john. Both data points are associated to
the same user (Alice, the author of the post) and have the
same timestamp t referring to the publication of the post.

Modeling assumptions. We hypothesize that the tempo-
ral dimension of users activities is fundamental for identify-
ing users engaging in coordination. While exact simultane-
ity may signal coordination, we assume that the significance
of a co-occurring action between two users decreases as the
time gap between them grows. However, as seen in previ-
ous research, a significant frequency of co-actions also rep-
resents evidence of coordination (Keller et al. 2020; Weber
and Neumann 2020). Thus, both temporal proximity and co-
action frequency need to be considered in the modeling of
coordination.

Furthermore, we posit that separating modalities is essen-
tial for three reasons. First, it prevents the model from incor-
rectly equating different types of actions just because they
occur at similar times. This preserves the unique semantic
meaning of each action, which would otherwise be lost in an
aggregated model. Second, this approach makes our model
more resilient to tactics used by malicious actors. In fact,
malicious actors could dilute the signal of their coordina-
tion by performing numerous irrelevant actions on random
targets on one modality (for example, liking or following),
while attempting to manipulate the social media on another
modality (for example, by sharing the same sets of hash-
tags). Finally, not all actions hold equal weight in terms of
their impact on the information space. For instance, sharing
of the same content or direct engagement with certain users
may exert a more significant influence than, for example,
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Figure 1: Our method for detecting coordinated behavior encodes user activities, with their timestamps, action types, and
content, into a user-to-user multiplex network, where each layer models latent collaboration for a specific action type. Clusters
of highly coordinating users are then extracted from the multiplex network (Panel a). The proposed time-aware model requires
computing temporal differences (∆t) between users coactions. We consider the time differences between one user’s action and
the first subsequent occurrence of the same action by the other user (Panel b). The idea is that users act either as a response to
external coordination or influenced by the activities from others: for example, they may use the hashtag they have just seen on
their feed. The direction of influence is shown by the arrows: joe might have used hashtag #a after seeing john’s post at 5:55 or
at 6:00, or john might have decided to use hashtag #a at 6:15 after seeing joe’s post at 6:02.

simple follows or likes, as they directly contribute to con-
tent amplification and targeted narrative shaping. For these
reasons, we proceed to model different types of actions sep-
arately.

Time-aware collaboration model. Given that all online
activities are timestamped, the node-normalized collabora-
tion model (Newman 2001a) can be extended to consider
the time differences between occurrences of the same on-
line action performed by two different users. Let T k

u be the
set of timestamps of user u over content k. We define the
multiset of time differences ∆T k

uv between users u and v on
content k as the union of two multisets: the multiset ∆T k

u→v
of time differences computed from user u’s perspective, and
the multiset ∆T k

v→u of time differences computed from user
v’s perspective:

∆T k
u→v =

{
min

t′∈Tk
v ,t′≥t

(t′ − t)
∣∣∣ t ∈ T k

u , ∃t′ ∈ T k
v : t′ ≥ t

}
.

∆T k
u→v can be understood as the set of time lags between

user u, who performed the action first, and the closest sub-
sequent matching action of the other user (see Figure 1b).
We then take the union of the two sets:

∆T k
uv = ∆T k

u→v ∪∆T k
v→u.

We adopt an exponential decay temporal kernel to weight
the significance of the time differences, as online activities
occurring closer in time are typically more indicative of co-
ordination than those separated by longer durations. Mathe-
matically, given an action type a ∈ A, we express the weight

wa
uv of the edge representing coordination between users u

and v as:

wa
uv =

∑
k∈Ka

∑
∆t∈∆Tk

uv

e−βa∆t δkuδ
k
v

nk − 1
, (2)

where the summation is both over different shared content
(k ∈ Ka) and also over the time differences (∆t ∈ ∆T k

uv)
between common and subsequent online action. Similarly
to the collaboration model in Equation 1, nk represents the
total number of users that have performed the action with
content k, without considering repetitions. Thus, given one
action type a, this formulation allows for considering var-
ious co-actions, as well as multiple instances of the same
action over time, while discounting the contribution of ac-
tions that are generally popular among the users in the so-
cial media platform. As an example, we can model hashtag
coordination by letting k iterate over all the hashtags shared
on the social media platform, while each ∆t represents one
co-occurrence of one particular hashtag in the behavioral
traces of users u and v. Similarly, coordination on the re-
ferral dimension can be modeled by letting k iterate over all
the direct mentions or @-tags, while ∆t represents one co-
occurrence of one particular @-tag in the behavioral traces
of users u and v.

For each action type a, the weight assigned to each in-
stance of collaboration is determined by assuming an expo-
nential decay with parameter βa ≥ 0, where the choice of
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a higher decay rate reflects the assumption that evidence of
collaboration can be seen from co-actions happening over
smaller time intervals. Conversely, a lower value of βa im-
plies the assumption that coincidental activities occurring
further apart in time still constitute valuable evidence of col-
laboration. A minimal example illustrating the effect of βa

on the collaboration network is shown in Appendix A.
Similarly to how the size of the time window is chosen

in Ng and Carley (2022b), we choose the temporal decay
parameter βa for each modality by maximizing the modu-
larity of the resulting layer-specific graphs (Appendix A).
The idea is that the βa yielding the highest modularity best
highlights the latent community structures that arise from
temporal coordination.

From a computational perspective, the weight computa-
tion in our time-aware collaboration model is efficient de-
spite the added temporal dimension. Given the exponential
decay kernel parameterized by βa, the fact that contributions
from co-actions beyond a certain ∆t become negligible can
be exploited to keep the computational complexity of each
layer below quadratic in the number of co-actions. The ex-
ponential decay in Equation 2 allows for an optimized im-
plementation that ignores co-actions beyond a maximum in-
terval ∆tmax = − ln ϵ

βa
, where ϵ is a chosen tolerance level.

Under this approximation, any omitted co-action pair con-
tributes at most ϵ

nk−1 to the total weight, and the result-
ing approximation is strictly bounded by the sum of ignored
tails. Since 1

nk−1 ≤ 1 for all co-actions, the total error is
at most the chosen tolerance level ϵ multiplied by the count
of omitted pairs. This approximation helps most when βa

is large relative to inter-coaction times. While in theory very
dense and bursty co-actions could push the complexity again
toward quadratic, in our experiments this was not an issue.

Multiplex network. Instead of aggregating the different
modalities of coordination in the same model, we represent
the multidimensionality of collaboration with a multiplex
network. As each layer c ∈ C in a multiplex network en-
codes a specific type of interaction, we can construct one
layer for each action type that we wish to include in our
analysis (C = A). By doing so, the multiplex representation
enables us to assign different βa values to each coordina-
tion modality, as the significance of the same ∆t between
co-activities may vary depending on the specific activity. Fi-
nally, we can utilize multiplex community detection algo-
rithms to uncover cluster structures that span a combination
of layers and that may not be apparent when analyzing indi-
vidual layers in isolation.

Community detection. Community detection applied to
latent collaboration networks represents a powerful tool for
identifying users that are likely to be coordinating their
actions (Ng and Carley 2022b). Similar to monoplex net-
works, community detection in multilayer networks aims
at identifying clusters of nodes that are strongly connected
across multiple dimensions (Mucha et al. 2010). In pursuit of
this objective, techniques based on network modularity and
spectral clustering have been adapted for multiplex and mul-
tilayer networks (Mucha et al. 2010; Pamfil et al. 2019; De-
Ford and Pauls 2019). These adaptations have given rise to

methods such as the generalized Louvain algorithm, Leiden
algorithm, tensor decomposition, and generalized random
walk. These multiplex community detection methods facili-
tate the detection of communities that span across multiple
layers, eliminating the necessity of compressing the multi-
plex network into a monoplex representation. In fact, sim-
plifying the network structure by collapsing multiple layers
into a single dimension might lead to information loss and
potential inaccuracies regarding the significance of users in-
teractions, especially when the edge weights are not compa-
rable (Weber and Neumann 2020). We utilize Leiden algo-
rithm to extract clusters of coordinating accounts from the
multiplex representation of the online social media activi-
ties. As Leiden algorithm is based on multislice modular-
ity (Mucha et al. 2010), it allows us to identify groups of
accounts that exhibit strong internal connections, suggest-
ing coordinated behavior, while having weaker connections
with accounts outside the group (Mucha et al. 2010). Since
the edges derived with our time-aware model are weighted,
we extract clusters of coordinating accounts with Leiden
algorithm by optimizing the multislice weighted modular-
ity (Mucha et al. 2010). Figure 1 summarizes our setup.

4 Experiments
4.1 Metrics for Model Evaluation
We evaluate the ability of the model to detect coordination
patterns. We quantify this by interpreting each community as
one potentially coordinated group, and comparing its mem-
bers to the ground truth. We score each community by calcu-
lating the F1 score. This metric penalizes cases where inau-
thentic accounts are assigned to different detected clusters
or communities, and therefore favors models that not only
find evidence of coordination but are also able to identify
and group the coordinated group as a single cluster. This re-
flects how useful the model is for real-world applications:
fragmented detection requires more manual effort to piece
together the full picture of a campaign, or worse, could lead
to overlooking parts of it. We define F1* as the best F1 score
over the clusters, and we also consider precision and recall
for the cluster having the highest F1 score, to assess how
well our model identifies coordinated activities.

In addition to the performance of the best cluster, we also
evaluate the results on three global metrics: homogeneity, a
variation of weighted precision, and normalized mutual in-
formation of the binarized output. The homogeneity score
penalizes a model that outputs clusters with mixed member-
ships. A high homogeneity score indicates that each detected
cluster is composed almost entirely of accounts from a sin-
gle ground truth class, which is crucial for analysts needing
to quickly investigate the clusters for evidence of informa-
tion operations.

We then propose a custom weighted precision score (WP)
that implements a weighted average of the positive rates for
all non-singleton clusters:

WP =

∑
k nkp

2
k∑

k nkpk
, (3)
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where nk is the size of the k-th cluster and pk is the true pos-
itive rate of the k-th cluster if nk > 1 and 0 otherwise. This
metric is designed to achieve three goals. First, it assigns
0 precision to singletons, ensuring that an over-fragmented
clustering that fails to capture coordination as a group phe-
nomenon receives a poor score. Second, by weighting larger
clusters more heavily, it rewards clusters that are both large
and highly precise, reflecting the strategic value of correctly
detecting coordination threats in their entirety. Finally, un-
like a standard completeness score, our measure does not
penalize methods that partition authentic users into clusters,
focusing its evaluation solely on the ability of the model to
identify inauthentic groups.

Weighted precision also serves as a direct measure of the
practical utility of the model in an analysis pipeline. It quan-
tifies how effective the model is at guiding an analyst to-
ward genuinely coordinated clusters. The term nkpk approx-
imates the number of true positives found within a cluster,
and pk reflects the likelihood that an analyst would flag the
entire k cluster as suspicious after finding evidence of coor-
dination from random sampling. The sum over over nkp

2
k

gives an estimate of the total number of coordinated ac-
counts an analyst can expect to find.

We also report the Normalized Mutual Information (NMI)
to compare clustering results to the binary ground truth. For
this evaluation, we first binarize the clustering output. We la-
bel an entire cluster as positive if the majority of its members
originally belonged to the information operation. The ratio-
nale for this approach is that an analyst tasked with manual
inspection would likely label an entire cluster as suspicious
after repeatedly finding evidence of coordination when sam-
pling the users’ online activities. In essence, this measures
how well the output of a method (i.e. the clusters or the
split between suspicious/non suspicious clusters) aligns with
the real-world, pragmatic goal of helping an analyst identify
suspicious groups. The NMI score, in this context, becomes
a measure of the usefulness of the model for the specific an-
alytical task.

4.2 Simulations
To answer our research question, we first need to assess
whether our model operates consistently with its design, and
how well it is able to highlight coordination patterns. To
this end, we employ simulations that replicate coordination
strategies observed in real-world scenarios. By analyzing the
performance of the model on these examples, we validate
that it correctly captures coordination signals and that it can
applied on real-world datasets.

Each simulation mimicks a specific time pattern of co-
ordination that can be potentially employed by coordinated
groups on online platforms. In Simulation 1, coordinating
accounts engage on a burst of intense activity characterized
by closely timestamped actions. In Simulation 2, we sim-
ulate periods of intense activity alternating with periods of
complete inactivity. In Simulation 3, we model the alternat-
ing behavior of active and silent accounts: the simulated co-
ordinating actors exhibit activity over distinct time frames,
with a fraction of the accounts remaining silent within each
time frame.

Figure 2 illustrates, for each simulation, a subset of the
time event graphs and monoplex networks constructed by
maximizing modularity. Details on the simulations are re-
ported in Appendix B.

Our model achieves a perfect score of 1.00 across F1*,
homogeneity, and weighted precision, with the exception of
F1* for Simulation 3 in the monoplex version (Appendix B).
This isolated shortcoming is due to the alternating users
being split into two distinct clusters. However, this issue
is resolved when considering more than one layer. Also,
our model always outperforms a random labeler on the
same number of clusters (Appendix B). This provides evi-
dence that our time-aware multiplex model is robust to com-
plex temporal patterns and effectively identifies coordina-
tion across different modalities.

4.3 Benchmarking on Labeled Datasets
Next, we evaluate the performance of our model by bench-
marking it against other coordination detection methods
on datasets with known ground truth (Seckin et al. 2025).
This step allows us to assess how well our approach identi-
fies coordination patterns compared to existing techniques.
We consider detection methods based on co-occurence of
hashtag sequences (Pacheco et al. 2021), cardinality of
co-retweets (Linhares et al. 2022), Ratclif-Obershelp sim-
ilarity of text (Pacheco, Flammini, and Menczer 2020;
Vishnuprasad et al. 2024), cardinality of co-actions across
sliding time windows (Magelinski, Ng, and Carley 2022;
Ng and Carley 2022b), and AMDN-HAGE and AMDN-
HAGE+KMEANS models (Sharma et al. 2021). We further
include BLOC (Nwala, Flammini, and Menczer 2023), in
its unsupervised implementation, as a multimodal approach.
This selection provides broad coverage of unsupervised
methods, encompassing those that explicitly model user col-
laboration (from simple cardinality to similarity) as well
as machine-learning based approaches (such as AMDN-
HAGE).

We analyze precision, recall, and F1 scores for the best
cluster, as well as homogeneity, normalized mutual informa-
tion of the binarized output, and our custom weighted pre-
cision, to ensure a fair comparison across different methods
(Appendix C).Figure 3 shows the distribution of all scores
for each method. Our results show considerable variability
in the performance of methods accounting for only a sin-
gle coordination modality. Their effectiveness heavily de-
pends on whether the specific modality they consider is ac-
tively used in the coordinated behavior. A lack of activity
in that particular modality often results in insufficient evi-
dence for detection, which yields low precision and recall
scores. For example, methods relying on cardinality of co-
retweets failed to detect coordination in Iran campaigns. The
inherent limitations when relying on a single modality also
extend to our model when restricted to a single layer. How-
ever, a key advantage of our individual layers is their ability
to detect communities exhibiting coordination across differ-
ent temporal scales, which offers better robustness compared
to methods that rely on pre-filtering the time window under
analysis. This is evident in the good individual performance
of our retweet, hashtag, and mention layers for campaigns
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a)

b)

c)

Figure 2: Time patterns of the simulations used to validate the model, and corresponding network layers for each of the simulated
examples. Simulation 1 in a) creates almost synchronous bursts of activities; Simulation 2 in b) alternates bursts to periods
without activities; Simulation 3 in c) alternates which inauthentic users are active at different times. Bursts of activities from
inauthentic accounts are shown as vertical markers in the time event graphs. The corresponding network layers show the
inauthentic accounts appearing as clear clusters after selecting βa via modularity maximization.

that are based on text, such as Armenia, Iran, or Russia.
Also, our retweet layer generally achieves better scores on
all metrics compared to methods relying on rapid retweets
within a fixed-sized time window.

As for the multiplex results, our method achieves high
precision and homogeneity (Figure 4). While other ap-
proaches, such as the ones in Magelinski, Ng, and Carley
(2022) and Ng and Carley (2022b) also achieve high preci-
sion and homogeneity, they do so by finding trivial commu-
nities (singletons or very few users). Our multiplex model,
on the other hand, also excels when scored with weighted
precision (Equation 4.1), which discards trivial clusters.
Moreover, the F1* obtained from our multiplex method is
only surpassed by communities found on monoplex layers.
This can be explained by the fact that communities that exist
within a single layer could be further fragmented when that
layer is combined with others in a multiplex clustering. This
hypothesis is supported by the observation of high precision
but small recall for the best cluster obtained by multiplex
clustering on our time-aware layers.

Figure 3 shows that our multiplex method achieves among
the highest NMI scores. While the three highest median
NMI scores are achieved by our monoplex retweet layer and
by the approaches from Magelinski, Ng, and Carley (2022)
on mentions and on hashtags, Figure 3 reveals again the key
limitation of approaches that rely on a single modality: their
NMI scores can be highly dependent on the chosen modality

and can drop to nearly zero when applied to an action type
with a weak signal, such as URL sharing.

Our method, on the other hand, demonstrates superior ro-
bustness in two ways. First, the median NMI score of our
monoplex URL layer is considerably higher than that of
the URL approach from Magelinski, Ng, and Carley (2022).
This shows that our time-aware collaboration model is bet-
ter at capturing even small signals of coordination. Second,
our multiplex method achieves NMI scores comparable to
the best monoplex approaches, and without requiring prior
knowledge of which specific modality holds the signal of co-
ordination. This makes our approach more suitable for real-
world applications where the nature of the information op-
eration is not known in advance.

Table 1 compares the average ranks of coordination de-
tection methods based on weighted precision and across
all metrics. The time-aware multiplex model with 4 layers
emerges as the most reliable approach under weighted pre-
cision and remains the second-best performer overall, under-
scoring the value of integrating temporal information across
modalities. The individual monoplex layers also rank within
the top half of methods, confirming that temporal signals are
informative even when considered in isolation.

5 Discussion
As Starbird, Arif, and Wilson (2019) argue, information op-
erations are best understood as collaborative work, where the
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Figure 3: Results across the 26 labeled datasets provided by Seckin et al. (2025) show that, in general, our time-aware model
tends to achieve consistently better performance than many other approaches already on one layer when evaluated on the F1
score of the best cluster (F1*). The multiplex model not only achieves high precision* and homogeneity, but also the best
overall weighted precision.

behaviors of malicious actors and the ones of organic crowd
might intersect. Signals of coordination can therefore arise
both from deliberately coordinated actors (e.g., troll farms,
paid actors) and from unwitting participants who amplify
narratives. Platform affordances also shape how coordina-
tion manifests, providing distinct modalities through which
coordination signals emerge. Signals from different modali-
ties, when integrated, provide a more robust basis to separate
deliberate and covert collaboration from organic dynamics.

Building on this perspective, our work contributes to three
aspects that are crucial for reliable detection of modern
coordinated campaigns: first, understanding how to model
time patterns of collaboration; second, addressing the vari-
ous modalities of collaboration and their role in the overall
coordinated effort; and third, performing extensive bench-
marking of methods for coordination detection.

As demonstrated by F1* and weighted precision scores,
our proposed time-aware collaboration model, combined
with a multiplex representation of social media activities,
isolates coordinating groups more efficiently than previously
suggested methods. This enhanced effectiveness is largely

attributable to our model’s inherent ability to incorporate
and analyze different layers, or modalities, of coordination.
Unlike detection methods focused on a single type of inter-
action, our approach is significantly less susceptible to in-
formation campaigns that strategically operate exclusively
within one modality. Our benchmarking results have shown
that coordinated campaigns primarily leveraging hashtag
sharing were not easily detected by methods solely reliant
on retweet or URL co-sharing. However, for the crucial task
of early detection of information operations, anticipating the
precise modality inauthentic actors will exploit is often im-
possible. A key strength of our model is that it does not re-
quire analysts to have prior knowledge of either the modality
or the time scale at which coordination occurs. Many of the
benchmarked approaches rely on prior assumptions, such
as deciding whether retweets, hashtags, or URL sharing are
the most informative signals, or fixing a temporal resolution
(e.g., 5-minutes sliding time windows, or retweets within 30
seconds). Our time-aware multiplex framework avoids any
heavy assumption by integrating signals across modalities
and dynamically adapting to temporal patterns. This flexi-
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Figure 4: Weighted Precision and Homogeneity across the
26 labeled datasets provided by Seckin et al. (2025), show-
ing that the time-aware multiplex method achieves both high
weighted precision and high homogeneity.

bility makes the approach more robust to the evolving strate-
gies employed in real information operations.

An important consideration, however, is the availability
of data. Access to comprehensive, high-quality datasets re-
mains a crucial factor for the development and benchmark-
ing of coordination detection frameworks, yet such datasets
are often focusing only on one known type of information
operation (e.g. rapid retweets, or co-hashtag) or they over-
represent one particular social media platform. These con-
straints have direct methodological implications. When cer-
tain modalities are underrepresented or inaccessible, detec-
tion methods and their evaluation become biased toward the
signals that remain observable. For instance, while retweets
have been extensively leveraged as indicators of coordina-
tion, other modalities such as URL sharing or mentions are
far less frequently represented in the literature. This imbal-
ance not only undermines the evaluation of robustness but
might also skews research efforts toward methods optimized
for a narrow set of modalities. As a result, detection meth-
ods risk lacking generalization and applicability in the real
world.

Nevertheless, the method we propose is sufficiently gen-
eral to be adapted across platforms and over different modal-
ities. As long as a platform provides the basic affordances of

Method Avg. Rank
(Weighted Prec.)

Avg. Rank
(All)

time-aware multiplex (4 l.) 3.12 5.10
sync. mention 3.38 4.74
sync. mention + filter 5.27 7.05
sync. hashtag 5.58 5.18
time-aware retweet 5.85 5.67
time-aware mention 8.00 7.84
BLOC 8.23 7.06
time-aware hashtag 8.81 7.99
sync. hashtag + filter 8.88 8.10
time-aware URL 9.54 10.37
sync. URL 9.96 10.74
rapid retweets (60 sec.) 11.08 10.56
Ratcliff-Obershelp 12.19 10.53
rapid retweets (30 sec.) 12.77 12.58
AMDNHAGE 12.96 11.78
sync. URL + filter 13.04 12.81
AMDNHAGE+KMEANS 13.23 11.92
hashtag sequences 13.35 12.94
rapid retweets (10 sec.) 13.65 12.87
co-retweets 15.35 15.04

Table 1: Performance comparison of coordination detection
methods by the average rank across the 26 labeled datasets
from provided by Seckin et al. (2025). An average rank of
1 would mean that the method is the top performer across
all 26 datasets. Our time-aware multiplex method is the best
one, and our individual time-aware layers outperform most
of other methods. When considering all the 6 metrics in Fig-
ure 3, our multiplex method is the second best.

time-stamped interactions (in the form of text posts, reposts,
reshares, replies, comments, quotes, likes, or other signals),
our time-aware multiplex framework can be applied without
any further assumption than the fact that, in order to ma-
nipulate the information landscape, malicious actors need to
coordinate their narrative and actions in time. Such coordi-
nation inevitably leaves detectable traces across one or more
modalities, whether in the text or through other engagement
with users and sources. By leveraging these temporal mul-
timodal signals, our framework remains broadly applicable
and not tied to the particular characteristics of a single infor-
mation operation or of a single platform.

5.1 Limitations
Even though our multiplex time-aware model demonstrates
strong performance in detecting coordinated groups, several
limitations remain. First, the clusters we obtain come with-
out any characterization of their content. Users on online so-
cial platforms might be coordinating for social good or coor-
dination might arise from large-scale events. Our framework
will extract clusters of coordinating accounts, but the inter-
vention of a human analyst is needed in order to distinguish
potential malicious coordination from grassroot.

Second, our reliance on modularity-based community de-
tection brings along well-known shortcomings (Fortunato
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and Barthelemy 2007; Lancichinetti and Fortunato 2011).
Modularity optimization in multiplex networks requires the
choice of the resolution parameter and inter-layer coupling
strength, both of which can substantially affect the result-
ing partitions. In sparse networks, modularity is prone to
overfitting, amplifying weak signals and potentially produc-
ing spurious communities (Fortunato and Barthelemy 2007).
Moreover, modularity-based community detection methods
always result in some partitioning of the nodes in the net-
work, regardless of whether each community exhibits mean-
ingful coordination. This means that also genuine accounts
will always be assigned to some community, even if the level
of coordination is quite low and arises by chance. Future
work should explore approaches to characterize the coordi-
nated groups based on statistical evidence of coordination
that goes beyond random chance, and account for the possi-
bility that accounts not participating in malicious coordina-
tion may not belong to any cluster or community.

While the model’s ability to dynamically adapt to various
temporal scales is a key strength, its reliance on selecting
an optimal βa for temporal decay gives area for refinement.
In this work, we choose βa by maximizing the modularity
of each layer, but future improvements could learn βa di-
rectly from the data, for example with machine learning ap-
proaches. Another extension would be to allow βa to dynam-
ically adapt to the temporal characteristics of the data rather
than remaining fixed. For example, βa could be replaced by
an instantaneous rate function derived from a time-varying
stochastic process. These directions could further refine our
approach to modeling temporal coordination patterns across
diverse modalities and adapting to various temporal scales.
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nations that might account for the same outcomes ob-
served in your study? NA.

(e) Did you address potential biases or limitations in your
theoretical framework? NA.

(f) Have you related your theoretical results to the existing
literature in social science? NA.

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? NA.

3. Additionally, if you are including theoretical proofs...
(a) Did you state the full set of assumptions of all theoret-

ical results? NA.
(b) Did you include complete proofs of all theoretical re-

sults? NA.
4. Additionally, if you ran machine learning experiments...

(a) Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? Yes.

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? NA.

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
Yes.

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? Yes.

(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? Yes.

(f) Do you discuss what is “the cost“ of misclassification
and fault (in)tolerance? Yes.

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes.

(b) Did you mention the license of the assets? Na.
(c) Did you include any new assets in the supplemental

material or as a URL? NA.
(d) Did you discuss whether and how consent was ob-

tained from people whose data you’re using/curating?
NA.

(e) Did you discuss whether the data you are using/cu-
rating contains personally identifiable information or
offensive content? NA.

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR?
NA.

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset? NA.

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? NA.

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA.

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA.

(d) Did you discuss how data is stored, shared, and dei-
dentified? NA.

A Choice of βa

Our primary method for selecting the optimal βa for each
layer relies on identifying the value that produces a network
with the most well-defined community structure. We oper-
ationalize this by searching for the βa that maximizes the
modularity score of the resulting network partition. Modu-
larity (Q) is a quality function that measures the density of
edges within communities as compared to what would be
expected in a random network. A higher modularity score
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indicates a more significant and less coincidental commu-
nity structure.

The procedure is as follows. For each layer of the multi-
plex network, we iterate through a range of βa values, typ-
ically from 0 to 10 with a step of 0.01. For each value of
βa, we compute the weights of the edges and construct the
corresponding weighted network. We then apply the Leiden
community detection algorithm to this network to find the
optimal community partition, and calculate the modularity
(Q) of this partition for the generated network.

This process yields a mapping from each potential βa to
the modularity score. We then select the βa value that corre-
sponds to the global maximum of this function. By choosing
the βa that maximizes modularity, we are essentially allow-
ing the data to guide us towards the correct time scale of the
analysis, where the underlying group patterns of one layer,
which may be partially hidden by noise, become maximally
evident.

As illustrated in Figure 5, which plots modularity against
β for an example monoplex network, the modularity score
often exhibits a clear peak. This peak represents the optimal
time resolution where the network better reveals its commu-
nity structure.

The example in Figure 5 utilizes a graph having the fol-
lowing edges, where the weight is parametrized by an expo-
nential function with a parameter β:

Node 1 Node 2 Edge Weight
1 2 e−1.0β

1 3 e−1.2β

1 4 e−1.0β

1 7 e−7.0β

1 9 e−5.0β

2 3 e−1.0β

2 7 e−5.0β

2 8 e−1.0β

4 5 e−7.5β

4 6 e−9.2β

4 7 e−1.0β

5 6 e−1.0β

5 8 e−0.5β

5 9 e−0.8β

6 9 e−1.0β

7 8 e−1.1β

7 9 e−0.9β

8 9 e−0.7β

When we compute the edge weights using the value of β
that maximizes modularity, we obtain a graph that is opti-
mally structured for community detection. In fact, we can
see that edges with high multipliers in front of β, such as
(1, 7), (1, 9), and (2, 7) end up having weight very close to
0. In our time-aware model, the multipliers in front of βa are
time differences between co-actions.

B Performance of Time-aware Model on
Synthetic Datasets

Synthetic datasets are generated by simulating 6 ”inauthen-
tic” users with a total of 15 to 20 timestamped activities,

and 40 authentic users with a total of 1000 randomly times-
tamped activities distributed over 7 days. Random times-
tamps follow a uniform distribution that does not depend
on the user. Timestamps for inauthentic users have variable
rates over time intervals (average of 1.3 activities per minute
in the active windows in Simulation 1, average of 1 activity
per minutes in each of the active windows in Simulation 2,
and averages of 1, 1.2, 1.3 and 1.5 activities per minutes
in Simulation 3). A set of 20 different actions belonging to
3 different action types are randomly assigned to users, by
setting a bimodal probability distribution over the frequency
of the actions to ensure some actions are more common than
others. The bimodal distribution is a mixture of two normal
distributions N (3, 1) and N (12, 1) and weight 0.6. ”Inau-
thentic” users perform on average 2 distinct actions on each
modality, one with p = 0.9 and the other one with p = 0.1.

Table 2 reports F1*, Homogeneity, and Weighted Preci-
sion scores obtained by applying the time-aware model on
our simulations. To enable fair comparison, we also intro-
duce a random labeler baseline. The random labeler model
takes as input the same number of non-coordinated and co-
ordinated users as we generate in our simulation, and as-
signs community labels to them entirely at random. Given a
predefined number of clusters, the performance of the ran-
dom labeler represents the expected performance if a model
would produce the same number of clusters without cap-
turing any meaningful signal from the data. In case of 2
clusters, the random labeler obtains an average Weighted
Precision of 0.52, average F1* of 0.67, and average Ho-
mogeneity of 0.03 over 1000 repetitions. The correspond-
ing 95% confidence intervals are (0.50, 0.58) for Weighted
Precision, (0.63, 0.76) for F1*, and (0.00, 0.15) for Homo-
geneity. In case of 3 clusters, the random labeler obtains an
average Weighted Precision of 0.36, average F1* of 0.56,
and average Homogeneity of 0.07 over 1000 repetitions. The
corresponding 95% confidence intervals are (0.33, 0.43) for
Weighted Precision, (0.50, 0.66) for F1*, and (0.00, 0.21)
for Homogeneity. Even when inauthentic users are split into
two separate clusters by the multiplex clustering, the results
of our time-aware methods always outperform the random
labeler on the same number of clusters.

Num. of Layers F1* Homog. WP
1 (Sim. 1) 1.00 1.00 1.00
1 (Sim. 2) 1.00 1.00 1.00
1 (Sim. 3) 0.67 1.00 1.00

2 (Sim. 1 + Sim. 2) 1.00 1.00 1.00
2 (Sim. 1 + Sim. 3) 1.00 1.00 1.00
2 (Sim. 2 + Sim. 3) 1.00 1.00 1.00

3 (Sim. 1 + Sim. 2 + Sim. 3) 1.00 1.00 1.00

Table 2: Performance of time-aware model on simulated
data.
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Figure 5: Modularity Q as a function of β, and the network resulting from β that maximizes modularity.

C Performance of Coordination Detection
Approaches on Various Datasets

We implement and evaluate a number of methods for coor-
dinated behavior detection based on previous research. We
provide their implementation as well as the implementa-
tion of our time-aware model at https://github.com/letiziaia/
time-aware-collaboration. Numerical results for all selected
metrics and all datasets are reported in Table 3, 4 and 5.

The following paragraphs detail the specific parameters
used for each method to ensure full reproducibility of the re-
ported findings. Unless otherwise specified, the parameters
used for each method are the same that are reported in the
corresponding paper.

Co-occurrence of hashtag sequences (Pacheco et al.
2021): For each day in the dataset, we select the original
posts only, and all users who have posted at least 5 differ-
ent hashtags over the day. For each day, we build a net-
work where two accounts are connected if they have shared
an identical hashtag sequence. The daily networks are un-
weighted and no filtering is applied. The resulting connected
components of each network are then interpreted as poten-
tially coordinated groups of accounts. All users in any con-
nected component are grouped together and considered to be
labeled by the method as ”coordinated”. The method is then
scored by comparing this list of users to the binary ground
truth.

Rapid retweets (Pacheco, Flammini, and Menczer 2020;
Vishnuprasad et al. 2024): We build a directed network
where two users are connected if one has reposted the other
within a predefined time interval from the publication of
the original post, and the weight of the edge is the number
of times the promoter has been reposting content from the
source account. We then remove self-loops and filter edges
that have weight >= 2. We use 10 seconds (Pacheco, Flam-
mini, and Menczer 2020), 30 seconds (Vishnuprasad et al.
2024), and 60 seconds (Vishnuprasad et al. 2024) as time in-
tervals. All nodes that have at least degree 1 are considered
to be labeled by the method as ”coordinated”. The method

is then scored by comparing this list of users to the binary
ground truth.

Ratclif-Obershelp similarity of tweets (Pacheco, Flam-
mini, and Menczer 2020; Vishnuprasad et al. 2024): We
select all original posts and sort them by their publication
timestamp. We then build a similarity network where two
posts are connected if their distance in the timeline is at most
10 and if their Ratclif-Obershelp similarity score is >= 0.7.
All nodes that have at least degree 1 are considered to be
labeled by the method as ”coordinated”. The method is then
scored by comparing this list of users to the binary ground
truth.

Cardinality of co-retweets (Linhares et al. 2022): This
method uses a time window of 7 days. For each time win-
dow, we build a co-retweet network such that two users are
connected if they reposted the same post, and the weight of
the edge is the number of repost they have in common. We
then apply disparity filter with alpha = 0.05, filter edges in
each network based on neighborhood overlap with k = 0.05,
and discard all isolate nodes. All nodes that have at least de-
gree 1 are considered to be labeled by the method as ”coor-
dinated”. The method is then scored by comparing this list
of users to the binary ground truth.

AMDN-HAGE, AMDN-HAGE+KMEANS (Sharma
et al. 2021): Prior to models execution, we preprocess
datasets by constructing co-reposts and co-replies cascades,
and filtering out users with fewer than 10 activities within
these cascades. For both models, the embedding size is set
to d = 64, the number of HAGE-components to gmmk = 2,
the patience to p = 20, and the learning rate to lr = 0.001.
For evaluation, a user is considered truly coordinated if he
participates in at least one coordinated activity. Between the
two resulting clusters, the cluster with the highest F1 score is
designated as the predicted coordinated user group. Due to
the initial filtering of users with low co-activity, some truly
coordinated users are excluded from the models’ clustering.
To ensure a comprehensive performance assessment, these
filtered-out, low-activity, true coordinated users are added to
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Figure 6: A minimal example illustrates the difference between the collaboration model proposed in (Newman 2001a) and our
proposed time-aware model. Panel a shows user behavior over one day as a bipartite graph with time-stamped edges. Users 1,
2, 3, 4, 5, and 6 share hashtags #a, #b, #c. In Panel b, the same bipartite graph is folded into a collaboration network using
the node-normalized model (Newman 2001a), which does not consider the time dimension. When actions are not repeated, this
corresponds to our proposed model with β = 0. As β increases (β = 2 in Panel c, β = 3 in Panel d, and β = 10 in Panel
e, with ∆t measured in minutes), co-actions with larger time differences are weighted less, resulting in a sparser network that
only captures highly synchronized behavior.

Figure 7: Homogeneity, completeness and V-measure results across the 26 labeled datasets in Seckin et al. (2025). We evaluate
all the methods on homogeneity, but consider completeness and V-measure as not useful to the particular task of coordination
detection.
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the false negative group.
Synchronized Action Framework (hashtags, mentions,

urls) (Magelinski, Ng, and Carley 2022; Ng and Carley
2022b): We consider all original posts and work over sliding
time windows of size 5 minutes (Magelinski, Ng, and Carley
2022; Ng and Carley 2022b). We then consider all different
hashtags in the dataset and build a network where two users
are connected if they have shared the same hashtag within
the time window. For each time window, the weight is the
minimum of the activity count between the two users: if user
A has shared hashtag foo twice and user B three times within
one time window, this time window contributes 2 to the edge
weight (Magelinski, Ng, and Carley 2022; Ng and Carley
2022b). Time windows slide always to the following post in
the timeline. We then apply Louvain community detection to
the resulting weighted network (Magelinski, Ng, and Carley
2022) and score the method by comparing each community
of users to the binary ground truth. We report the result of
the community with highest F1 score. The same pipeline is
also applied to mentions, and to hashtag. We also implement
and score the variation presented by Ng and Carley (2022b).
where the network is filtered by retaining only edges with
weight ≥ ceil(mean+ std) before applying Louvain com-
munity detection. This variation is scored and reported in
the same way as the original method in Magelinski, Ng, and
Carley (2022).

BLOC (Behavioral Language for Online Classifica-
tion) (Nwala, Flammini, and Menczer 2023): Each post is
classified into action types (original post, reshare of another
user, or self-reshare) and content types (text, hashtag, URL
presence). These classifications are then encoded into BLOC
strings using a symbolic alphabet and pause symbols. The
implementation uses logarithmic time bins (pause up to one
hour, one hour to one day, one day to one week, one week
to one month, one month to one year, longer than a year),
by considering as pause a time difference of more than a
minute (Nwala, Flammini, and Menczer 2023). We then ex-
tract character bigrams and compute the pairwise cosine
similarity of the TF-IDF vectors for each users, but only
retain similarity ≥ 0.98 (Nwala, Flammini, and Menczer
2023). We finally remove singleton nodes and apply Lou-
vain community detection to identify clusters of similar ac-
counts (Nwala, Flammini, and Menczer 2023).

C.1 Notes on Evaluation Metrics
Figure 7 further reports V-measure results. Clustering eval-
uation metrics such as homogeneity, completeness, and
V-measure are designed for tasks where every cluster is
assumed to be meaningful and equally internally consis-
tent. Coordination detection, however, has a very asymmet-
ric structure, since inauthentic accounts can be assumed to
be a minority, and authentic accounts are heterogeneous and
can not be expected to form one coherent cluster. A co-
ordination detection method should aim to output clusters
that separate coordinating and non-coordinating accounts as
much as possible, despite the complexity added by unwitting
users. Therefore, we evaluate all the methods on homogene-
ity.

Completeness, on the other hand, rewards results where

all member of a ground-truth class are assigned to the
same cluster. Therefore, it penalizes splitting authentic users
across multiple clusters, even though authentic users could
naturally belong to different behavioral groups, for example
around different topics or different languages. If authentic
accounts are partitioned into many clusters, completeness
(and therefore V-measure) drops, but this does not provide
any information on whether the method being evaluated is
able to correctly isolate inauthentic coordination and infor-
mation operations. Moreover, completeness does not differ-
entiate which class is being split, whereas, in the context
of coordination detection, this distinction matters. For these
reasons, we do not consider completeness and V-measure as
informative metrics for the task we study.
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Armenia Precision* 0.60 0.00 0.00 0.00 0.00 0.06 0.86 1.00 1.00 1.00 1.00 1.00 0.16 0.16 1.00 0.45 1.00 0.75 0.50 1.00
WP 0.29 0.00 0.02 0.02 0.00 0.05 0.69 0.00 0.92 0.00 0.25 0.25 0.14 0.14 0.45 0.30 0.92 0.47 0.29 0.80

Bangladesh Precision* 0.00 0.00 0.00 1.00 0.00 0.04 0.19 1.00 1.00 1.00 0.00 0.00 0.09 0.08 1.00 0.07 0.20 0.09 0.50 0.50
WP 0.00 0.00 0.00 0.19 0.00 0.03 0.20 0.00 0.83 0.00 0.00 0.00 0.09 0.06 0.54 0.05 0.17 0.10 0.50 0.45

Catalonia Precision* 0.00 0.00 0.00 0.62 0.00 0.07 0.74 0.83 0.70 1.00 0.00 0.00 0.05 0.04 1.00 0.13 0.52 0.13 0.00 0.81
WP 0.00 0.00 0.00 0.09 0.00 0.04 0.69 0.83 0.77 1.00 0.00 0.00 0.05 0.04 0.96 0.25 0.51 0.13 0.00 0.85

China 1 Precision* 0.05 0.00 0.08 0.26 0.00 0.04 0.86 1.00 0.85 1.00 1.00 1.00 0.00 0.00 1.00 0.62 0.97 0.64 1.00 0.98
WP 0.02 0.02 0.02 0.03 0.00 0.03 0.81 0.26 0.85 0.90 0.88 0.25 0.00 0.00 0.56 0.55 0.58 0.44 0.67 0.92

China 2 Precision* 0.02 0.29 0.12 0.12 0.00 0.01 0.90 1.00 0.17 1.00 0.29 1.00 0.00 0.00 1.00 0.45 0.60 0.11 0.11 1.00
WP 0.01 0.01 0.01 0.01 0.00 0.01 0.42 0.25 0.45 0.79 0.65 1.00 0.00 0.00 0.27 0.15 0.53 0.15 0.21 0.63

Cuba Precision* 0.17 0.87 0.77 0.75 1.00 0.03 0.81 0.95 0.89 1.00 1.00 1.00 0.68 0.68 0.26 0.00 0.00 0.60 0.30 0.98
WP 0.03 0.12 0.29 0.44 0.08 0.03 0.76 0.97 0.91 0.99 0.95 0.00 0.58 0.57 0.24 0.00 0.00 0.54 0.29 0.97

Ecuador Precision* 0.55 0.94 0.57 0.53 0.90 0.13 0.87 1.00 0.96 1.00 1.00 1.00 0.15 0.15 0.04 0.66 0.62 0.77 1.00 1.00
WP 0.09 0.11 0.09 0.10 0.06 0.11 0.69 0.00 0.85 0.96 1.00 1.00 0.17 0.17 0.05 0.49 0.60 0.64 0.77 0.97

Egypt Precision* 1.00 1.00 1.00 1.00 0.00 0.64 1.00 1.00 1.00 1.00 0.00 0.00 0.92 0.92 0.94 0.76 1.00 0.95 0.00 1.00
WP 0.43 0.40 0.41 0.47 0.00 0.54 0.96 1.00 1.00 1.00 0.00 0.00 0.93 0.93 0.84 0.77 0.99 0.89 0.00 1.00

Ghana Precision* 1.00 1.00 0.82 0.89 0.00 0.16 0.86 1.00 1.00 1.00 0.00 0.00 0.26 0.26 1.00 0.19 0.67 0.44 0.00 1.00
WP 0.14 0.16 0.16 0.28 0.00 0.12 0.84 1.00 0.94 1.00 0.00 0.00 0.25 0.25 0.44 0.20 0.69 0.31 0.00 0.97

Iran 1 Precision* 0.57 0.92 0.89 0.94 1.00 0.21 0.74 1.00 1.00 1.00 1.00 0.00 0.00 0.00 1.00 0.49 1.00 0.98 1.00 1.00
WP 0.15 0.16 0.19 0.25 0.12 0.15 0.90 1.00 1.00 1.00 1.00 0.00 0.00 0.00 0.54 0.50 0.98 0.69 0.89 1.00

Iran 2 Precision* 0.11 1.00 0.86 0.81 0.00 0.08 1.00 1.00 1.00 1.00 1.00 0.00 0.00 0.00 1.00 1.00 1.00 0.96 0.00 1.00
WP 0.06 0.08 0.12 0.14 0.00 0.06 0.79 0.00 0.91 1.00 0.00 0.00 0.00 0.00 0.48 0.60 0.94 0.63 0.00 0.99

Iran 3 Precision* 0.00 1.00 0.88 0.94 0.00 0.14 0.95 1.00 0.97 1.00 1.00 0.00 0.00 0.00 0.70 0.36 1.00 0.33 0.00 1.00
WP 0.09 0.11 0.14 0.21 0.00 0.10 0.95 0.00 0.97 1.00 0.00 0.00 0.00 0.00 0.37 0.41 0.88 0.50 0.00 1.00

Iran 4 Precision* 0.35 1.00 0.90 0.94 0.00 0.44 0.99 1.00 1.00 1.00 1.00 1.00 0.00 0.00 1.00 0.97 0.99 1.00 0.00 1.00
WP 0.25 0.25 0.25 0.26 0.00 0.30 0.98 1.00 1.00 1.00 0.00 0.00 0.00 0.00 0.86 0.88 0.95 0.88 0.00 0.99

Iran 5 Precision* 0.00 0.00 0.00 0.50 0.00 0.11 1.00 1.00 1.00 1.00 0.00 0.00 0.00 0.00 1.00 1.00 0.96 0.49 0.00 0.96
WP 0.00 0.00 0.08 0.08 0.00 0.08 0.94 0.00 1.00 1.00 0.00 0.00 0.00 0.00 0.85 0.87 0.96 0.49 0.00 0.94

Iran 6 Precision* 0.32 1.00 0.79 0.74 0.00 0.05 1.00 1.00 0.72 1.00 1.00 1.00 0.00 0.00 0.04 0.87 0.15 0.95 0.00 0.95
WP 0.04 0.06 0.09 0.13 0.00 0.03 0.77 1.00 0.81 1.00 0.00 0.00 0.00 0.00 0.14 0.56 0.39 0.49 0.00 0.99

Qatar Precision* 0.00 0.00 0.00 0.06 0.00 0.00 0.18 1.00 0.88 1.00 1.00 0.00 0.01 0.01 0.75 0.06 0.04 0.14 0.00 1.00
WP 0.00 0.00 0.00 0.01 0.00 0.00 0.21 0.00 0.91 0.00 0.00 0.00 0.01 0.01 0.23 0.03 0.04 0.05 0.00 0.52

Russia 1 Precision* 0.25 0.75 0.50 0.59 0.87 0.18 0.98 1.00 1.00 1.00 1.00 1.00 0.00 0.00 0.78 0.98 1.00 1.00 1.00 1.00
WP 0.10 0.10 0.11 0.15 0.10 0.14 0.94 0.00 1.00 0.00 0.98 0.00 0.00 0.00 0.45 0.84 0.99 0.90 0.88 0.99

Russia 2 Precision* 0.10 1.00 0.67 0.82 0.00 0.26 1.00 1.00 1.00 1.00 0.00 0.00 0.00 0.00 0.64 1.00 1.00 1.00 1.00 1.00
WP 0.14 0.15 0.15 0.16 0.00 0.19 0.92 0.00 0.96 1.00 0.00 0.00 0.00 0.00 0.55 0.70 0.93 0.47 1.00 0.97

Russia 3 Precision* 0.00 0.00 0.00 0.00 0.00 0.01 1.00 1.00 1.00 1.00 0.00 0.00 0.00 0.00 0.00 0.17 0.50 0.17 0.00 0.50
WP 0.00 0.00 0.01 0.01 0.00 0.01 0.17 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.07 0.50 0.13 0.00 0.42

Russia 4 Precision* 0.00 1.00 0.03 0.02 0.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 0.00 0.00 0.08 0.67 0.15 0.50 0.38
WP 0.00 0.08 0.00 0.00 0.00 0.00 0.03 0.00 0.58 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.18 0.04 0.40 0.42

Russia 5 Precision* 0.19 0.00 0.00 0.06 0.00 0.01 0.12 1.00 1.00 1.00 0.00 0.00 0.00 0.00 1.00 0.06 0.33 0.09 0.33 1.00
WP 0.03 0.00 0.00 0.01 0.00 0.01 0.16 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.31 0.04 0.33 0.06 0.33 0.88

Spain Precision* 0.83 0.90 0.91 0.93 0.00 0.52 0.93 0.98 0.88 1.00 0.00 0.00 0.34 0.34 0.87 0.80 0.72 0.49 0.00 1.00
WP 0.16 0.18 0.29 0.33 0.00 0.41 0.94 0.99 0.85 1.00 0.00 0.00 0.32 0.32 0.81 0.78 0.69 0.49 0.00 0.99

Thailand Precision* 0.00 0.00 0.00 0.20 0.00 0.46 1.00 1.00 0.95 1.00 0.00 0.00 0.45 0.11 0.41 0.54 0.95 0.54 0.00 1.00
WP 0.15 0.00 0.15 0.15 0.00 0.26 0.94 0.00 0.96 1.00 0.00 0.00 0.37 0.11 0.64 0.47 0.90 0.65 0.00 0.95

Uae Precision* 0.99 1.00 0.91 0.93 1.00 0.58 1.00 1.00 1.00 1.00 1.00 1.00 0.68 0.68 0.88 0.96 1.00 0.95 1.00 1.00
WP 0.48 0.26 0.29 0.34 0.26 0.48 0.98 1.00 1.00 1.00 1.00 1.00 0.68 0.68 0.73 0.87 0.97 0.84 1.00 1.00

Venezuela 1 Precision* 0.25 0.00 0.00 0.00 0.00 0.31 0.99 1.00 1.00 1.00 1.00 0.00 0.00 0.00 0.71 0.28 1.00 0.06 1.00 1.00
WP 0.08 0.08 0.08 0.08 0.00 0.23 0.91 0.99 1.00 0.00 1.00 0.00 0.00 0.00 0.67 0.39 0.89 0.06 0.95 0.92

Venezuela 2 Precision* 0.50 0.00 0.00 0.00 0.00 0.05 0.31 1.00 0.73 1.00 1.00 0.00 0.00 0.00 0.24 0.24 1.00 0.70 1.00 0.65
WP 0.04 0.00 0.01 0.01 0.00 0.04 0.27 1.00 0.83 1.00 1.00 0.00 0.00 0.00 0.30 0.06 0.90 0.40 1.00 0.64

Table 3: Performance of Coordination Detection Approaches on Various Datasets.
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Armenia Recall* 0.48 0.00 0.00 0.00 0.00 0.77 0.58 0.03 0.10 0.03 0.03 0.03 0.29 0.29 0.13 0.61 0.55 0.39 0.03 0.55
F1* 0.54 0.00 0.00 0.00 0.00 0.12 0.69 0.06 0.18 0.06 0.06 0.06 0.21 0.20 0.23 0.52 0.71 0.51 0.06 0.71

Bangladesh Recall* 0.00 0.00 0.00 0.18 0.00 0.73 0.27 0.09 0.18 0.09 0.00 0.00 0.18 0.09 0.27 0.45 0.09 0.27 0.09 0.18
F1* 0.00 0.00 0.00 0.31 0.00 0.07 0.22 0.17 0.31 0.17 0.00 0.00 0.12 0.08 0.43 0.12 0.13 0.14 0.15 0.27

Catalonia Recall* 0.00 0.00 0.00 0.11 0.00 0.32 0.18 0.07 0.28 0.07 0.00 0.00 0.41 0.39 0.28 0.20 0.87 0.38 0.00 0.38
F1* 0.00 0.00 0.00 0.18 0.00 0.12 0.29 0.12 0.40 0.12 0.00 0.00 0.08 0.08 0.43 0.16 0.65 0.20 0.00 0.52

China 1 Recall* 0.01 0.00 0.01 0.06 0.00 0.69 0.53 0.00 0.27 0.01 0.02 0.00 0.00 0.00 0.20 0.58 0.10 0.12 0.04 0.06
F1* 0.02 0.00 0.02 0.10 0.00 0.08 0.66 0.00 0.42 0.01 0.04 0.00 0.00 0.00 0.34 0.60 0.18 0.20 0.07 0.11

China 2 Recall* 0.03 0.01 0.05 0.08 0.00 0.71 0.05 0.01 0.14 0.02 0.04 0.02 0.00 0.00 0.06 0.07 0.06 0.13 0.07 0.03
F1* 0.03 0.02 0.07 0.10 0.00 0.02 0.09 0.01 0.15 0.03 0.07 0.03 0.00 0.00 0.11 0.13 0.11 0.12 0.09 0.05

Cuba Recall* 0.09 0.12 0.37 0.59 0.07 0.71 0.79 0.04 0.57 0.13 0.03 0.00 0.72 0.72 0.67 0.00 0.00 0.71 0.04 0.41
F1* 0.12 0.21 0.50 0.66 0.13 0.07 0.80 0.07 0.69 0.24 0.06 0.00 0.70 0.70 0.38 0.00 0.00 0.65 0.07 0.57

Ecuador Recall* 0.11 0.08 0.10 0.13 0.02 0.83 0.46 0.00 0.30 0.11 0.00 0.00 0.45 0.45 0.24 0.50 0.20 0.48 0.00 0.10
F1* 0.19 0.15 0.17 0.21 0.05 0.23 0.60 0.00 0.46 0.20 0.01 0.01 0.23 0.23 0.06 0.57 0.30 0.59 0.01 0.18

Egypt Recall* 0.09 0.02 0.04 0.19 0.00 0.80 0.28 0.01 0.10 0.06 0.00 0.00 0.59 0.59 0.33 0.48 0.35 0.17 0.00 0.04
F1* 0.16 0.04 0.07 0.32 0.00 0.71 0.44 0.02 0.17 0.12 0.00 0.00 0.72 0.72 0.49 0.59 0.51 0.30 0.00 0.08

Ghana Recall* 0.10 0.12 0.15 0.28 0.00 0.73 0.42 0.05 0.20 0.03 0.00 0.00 0.35 0.35 0.01 0.37 0.37 0.25 0.00 0.45
F1* 0.18 0.21 0.25 0.43 0.00 0.27 0.56 0.10 0.33 0.06 0.00 0.00 0.30 0.30 0.18 0.25 0.47 0.32 0.00 0.62

Iran 1 Recall* 0.09 0.07 0.10 0.19 0.00 0.53 0.19 0.01 0.09 0.01 0.00 0.00 0.00 0.00 0.18 0.29 0.28 0.26 0.00 0.03
F1* 0.15 0.12 0.18 0.31 0.01 0.30 0.31 0.02 0.16 0.02 0.01 0.00 0.00 0.00 0.30 0.37 0.44 0.41 0.01 0.06

Iran 2 Recall* 0.04 0.03 0.08 0.12 0.00 0.43 0.14 0.00 0.07 0.02 0.00 0.00 0.00 0.00 0.19 0.13 0.21 0.13 0.00 0.06
F1* 0.05 0.05 0.15 0.21 0.00 0.13 0.24 0.01 0.14 0.03 0.01 0.00 0.00 0.00 0.32 0.23 0.34 0.23 0.00 0.11

Iran 3 Recall* 0.00 0.03 0.07 0.16 0.00 0.45 0.34 0.00 0.16 0.02 0.00 0.00 0.00 0.00 0.34 0.41 0.24 0.25 0.00 0.09
F1* 0.00 0.06 0.13 0.28 0.00 0.21 0.50 0.01 0.28 0.04 0.01 0.00 0.00 0.00 0.46 0.38 0.39 0.29 0.00 0.17

Iran 4 Recall* 0.01 0.00 0.01 0.03 0.00 0.47 0.38 0.00 0.11 0.00 0.00 0.00 0.00 0.00 0.39 0.63 0.10 0.31 0.00 0.01
F1* 0.02 0.01 0.02 0.06 0.00 0.45 0.55 0.01 0.19 0.01 0.00 0.00 0.00 0.00 0.56 0.76 0.18 0.47 0.00 0.02

Iran 5 Recall* 0.00 0.00 0.00 0.02 0.00 0.23 0.25 0.01 0.08 0.04 0.00 0.00 0.00 0.00 0.54 0.77 0.22 0.22 0.00 0.21
F1* 0.00 0.00 0.00 0.04 0.00 0.15 0.40 0.02 0.14 0.07 0.00 0.00 0.00 0.00 0.70 0.87 0.36 0.30 0.00 0.35

Iran 6 Recall* 0.09 0.05 0.11 0.16 0.00 0.68 0.36 0.03 0.23 0.02 0.00 0.00 0.00 0.00 0.32 0.36 0.22 0.17 0.00 0.09
F1* 0.14 0.09 0.19 0.27 0.00 0.09 0.53 0.06 0.35 0.04 0.01 0.01 0.00 0.00 0.07 0.51 0.18 0.28 0.00 0.17

Qatar Recall* 0.00 0.00 0.00 0.14 0.00 0.52 0.14 0.03 0.24 0.03 0.03 0.00 0.62 0.66 0.10 0.07 0.38 0.17 0.00 0.14
F1* 0.00 0.00 0.00 0.08 0.00 0.01 0.16 0.07 0.38 0.07 0.07 0.00 0.02 0.02 0.18 0.06 0.07 0.15 0.00 0.24

Russia 1 Recall* 0.09 0.01 0.04 0.12 0.01 0.64 0.70 0.00 0.27 0.00 0.00 0.00 0.00 0.00 0.24 0.35 0.31 0.18 0.02 0.10
F1* 0.13 0.01 0.08 0.20 0.02 0.28 0.82 0.00 0.42 0.00 0.00 0.00 0.00 0.00 0.37 0.52 0.47 0.31 0.04 0.18

Russia 2 Recall* 0.01 0.01 0.01 0.02 0.00 0.58 0.21 0.00 0.02 0.01 0.00 0.00 0.00 0.00 0.38 0.20 0.20 0.04 0.01 0.02
F1* 0.02 0.01 0.02 0.05 0.00 0.36 0.35 0.01 0.05 0.01 0.00 0.00 0.00 0.00 0.48 0.33 0.34 0.08 0.03 0.04

Russia 3 Recall* 0.00 0.00 0.00 0.00 0.00 0.40 0.20 0.20 0.20 0.20 0.00 0.00 0.00 0.00 0.00 0.20 0.80 0.20 0.00 0.60
F1* 0.00 0.00 0.00 0.00 0.00 0.03 0.33 0.33 0.33 0.33 0.00 0.00 0.00 0.00 0.00 0.18 0.62 0.18 0.00 0.55

Russia 4 Recall* 0.00 0.08 0.12 0.17 0.00 0.75 0.04 0.04 0.08 0.04 0.04 0.04 0.00 0.00 0.04 0.04 0.08 0.08 0.04 0.12
F1* 0.00 0.15 0.05 0.04 0.00 0.00 0.08 0.08 0.15 0.08 0.08 0.08 0.00 0.00 0.00 0.06 0.15 0.11 0.08 0.19

Russia 5 Recall* 0.12 0.00 0.00 0.06 0.00 0.51 0.27 0.02 0.06 0.02 0.00 0.00 0.00 0.00 0.04 0.24 0.25 0.04 0.02 0.22
F1* 0.14 0.00 0.00 0.06 0.00 0.02 0.17 0.04 0.11 0.04 0.00 0.00 0.00 0.00 0.08 0.10 0.29 0.05 0.04 0.35

Spain Recall* 0.07 0.09 0.25 0.30 0.00 0.78 0.58 0.20 0.52 0.15 0.00 0.00 0.44 0.44 0.72 0.58 0.53 0.55 0.00 0.43
F1* 0.13 0.16 0.39 0.45 0.00 0.62 0.71 0.33 0.66 0.26 0.00 0.00 0.38 0.38 0.79 0.67 0.61 0.52 0.00 0.60

Thailand Recall* 0.00 0.00 0.00 0.00 0.00 0.46 0.05 0.00 0.12 0.02 0.00 0.00 0.27 0.34 0.17 0.20 0.53 0.17 0.00 0.16
F1* 0.00 0.00 0.00 0.01 0.00 0.46 0.10 0.00 0.21 0.04 0.00 0.00 0.34 0.17 0.24 0.29 0.68 0.26 0.00 0.28

Uae Recall* 0.38 0.01 0.07 0.16 0.00 0.78 0.14 0.02 0.10 0.01 0.00 0.00 0.71 0.71 0.46 0.20 0.15 0.13 0.00 0.03
F1* 0.55 0.02 0.12 0.27 0.00 0.67 0.24 0.03 0.18 0.01 0.00 0.00 0.70 0.70 0.60 0.33 0.26 0.22 0.00 0.06

Venezuela 1 Recall* 0.00 0.00 0.00 0.00 0.00 0.73 0.23 0.10 0.13 0.00 0.01 0.00 0.00 0.00 0.76 0.54 0.03 0.12 0.01 0.07
F1* 0.01 0.00 0.00 0.00 0.00 0.43 0.37 0.18 0.23 0.00 0.01 0.00 0.00 0.00 0.73 0.37 0.06 0.08 0.01 0.13

Venezuela 2 Recall* 0.06 0.00 0.00 0.00 0.00 0.94 0.55 0.27 0.24 0.09 0.06 0.00 0.00 0.00 0.79 0.12 0.36 0.21 0.12 0.33
F1* 0.11 0.00 0.00 0.00 0.00 0.09 0.40 0.43 0.36 0.17 0.11 0.00 0.00 0.00 0.36 0.16 0.53 0.33 0.22 0.44

Table 4: Performance of Coordination Detection Approaches on Various Datasets.
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Armenia Homog. 0.31 0.00 0.00 0.00 0.00 0.14 0.82 1.00 0.99 1.00 0.98 0.98 0.80 0.69 0.63 0.41 0.94 0.52 0.14 0.91
NMI 0.34 0.00 0.00 0.00 0.00 0.00 0.51 0.00 0.25 0.00 0.00 0.00 0.06 0.05 0.45 0.00 0.88 0.44 0.09 0.59

Bangladesh Homog. 0.00 0.00 0.00 0.15 0.00 0.11 0.74 1.00 0.96 1.00 0.00 0.00 0.67 0.65 0.69 0.22 0.40 0.25 0.00 0.86
NMI 0.00 0.00 0.00 0.25 0.00 0.00 0.00 0.00 0.37 0.00 0.00 0.00 0.05 0.04 0.56 0.00 0.00 0.00 0.00 0.19

Catalonia Homog. 0.00 0.00 0.00 0.06 0.00 0.03 0.88 0.98 0.87 1.00 0.00 0.00 0.45 0.35 0.96 0.36 0.65 0.28 0.00 0.92
NMI 0.00 0.00 0.00 0.10 0.00 0.00 0.40 0.19 0.65 0.31 0.00 0.00 0.03 0.02 0.94 0.20 0.49 0.00 0.00 0.62

China 1 Homog. 0.00 0.00 0.00 0.02 0.00 0.08 0.87 1.00 0.93 1.00 1.00 1.00 0.32 0.30 0.55 0.67 0.66 0.59 0.67 0.97
NMI 0.00 0.00 0.00 0.00 0.00 0.00 0.70 0.00 0.61 0.01 0.07 0.00 0.02 0.02 0.59 0.53 0.55 0.33 0.50 0.55

China 2 Homog. 0.00 0.01 0.02 0.03 0.00 0.03 0.73 1.00 0.83 1.00 0.97 1.00 0.29 0.28 0.31 0.37 0.62 0.37 0.37 0.90
NMI 0.00 0.00 0.00 0.00 0.00 0.00 0.30 0.00 0.25 0.05 0.13 0.03 0.02 0.02 0.34 0.09 0.48 0.10 0.17 0.34

Cuba Homog. 0.03 0.09 0.26 0.43 0.06 0.06 0.82 1.00 0.93 1.00 1.00 1.00 0.41 0.44 0.45 0.00 0.00 0.66 0.40 0.98
NMI 0.00 0.15 0.34 0.47 0.10 0.00 0.70 0.09 0.79 0.24 0.06 0.00 0.41 0.43 0.05 0.00 0.00 0.52 0.00 0.62

Ecuador Homog. 0.06 0.06 0.05 0.06 0.02 0.20 0.79 1.00 0.89 0.99 1.00 1.00 0.30 0.19 0.03 0.56 0.65 0.65 0.73 0.99
NMI 0.09 0.10 0.08 0.09 0.03 0.00 0.47 0.00 0.67 0.41 0.01 0.01 0.32 0.26 0.01 0.36 0.47 0.51 0.48 0.48

Egypt Homog. 0.05 0.01 0.02 0.11 0.00 0.19 0.92 1.00 1.00 1.00 0.00 0.00 0.17 0.15 0.64 0.39 0.91 0.53 0.00 1.00
NMI 0.08 0.02 0.04 0.16 0.00 0.19 0.61 0.03 0.62 0.19 0.00 0.00 0.30 0.33 0.58 0.34 0.85 0.43 0.00 0.46

Ghana Homog. 0.08 0.09 0.09 0.20 0.00 0.16 0.88 1.00 0.97 1.00 0.00 0.00 0.15 0.15 0.53 0.21 0.71 0.29 0.00 0.98
NMI 0.13 0.15 0.15 0.28 0.00 0.00 0.57 0.18 0.53 0.05 0.00 0.00 0.32 0.32 0.35 0.00 0.47 0.05 0.00 0.67

Iran 1 Homog. 0.03 0.04 0.06 0.12 0.00 0.05 0.93 1.00 1.00 1.00 1.00 0.00 0.15 0.14 0.44 0.45 0.96 0.60 0.84 1.00
NMI 0.05 0.07 0.10 0.18 0.00 0.00 0.47 0.05 0.38 0.04 0.00 0.00 0.32 0.32 0.50 0.21 0.93 0.46 0.74 0.23

Iran 2 Homog. 0.00 0.02 0.05 0.07 0.00 0.01 0.87 1.00 0.97 1.00 1.00 0.00 0.14 0.14 0.44 0.61 0.91 0.63 1.00 1.00
NMI 0.00 0.04 0.09 0.12 0.00 0.00 0.46 0.00 0.40 0.08 0.00 0.00 0.32 0.32 0.47 0.55 0.88 0.53 1.00 0.38

Iran 3 Homog. 0.00 0.02 0.04 0.11 0.00 0.02 0.96 1.00 0.98 1.00 1.00 0.00 0.14 0.14 0.33 0.51 0.83 0.45 1.00 1.00
NMI 0.00 0.05 0.08 0.17 0.00 0.00 0.62 0.00 0.55 0.11 0.00 0.00 0.32 0.32 0.28 0.11 0.63 0.24 1.00 0.26

Iran 4 Homog. 0.00 0.00 0.01 0.02 0.00 0.06 0.97 1.00 1.00 1.00 1.00 1.00 0.13 0.13 0.77 0.76 0.91 0.77 1.00 1.00
NMI 0.00 0.00 0.01 0.03 0.00 0.00 0.48 0.00 0.68 0.02 0.00 0.00 0.32 0.32 0.76 0.71 0.84 0.63 1.00 0.12

Iran 5 Homog. 0.00 0.00 0.00 0.01 0.00 0.01 0.94 1.00 1.00 1.00 0.00 0.00 0.13 0.13 0.85 0.83 0.96 0.62 0.00 0.98
NMI 0.00 0.00 0.00 0.01 0.00 0.00 0.75 0.00 0.94 0.52 0.00 0.00 0.32 0.32 0.75 0.70 0.94 0.00 0.00 0.24

Iran 6 Homog. 0.04 0.04 0.07 0.11 0.00 0.12 0.85 1.00 0.93 1.00 1.00 1.00 0.13 0.12 0.25 0.63 0.59 0.63 1.00 0.99
NMI 0.00 0.07 0.13 0.17 0.00 0.00 0.64 0.07 0.49 0.11 0.00 0.00 0.32 0.33 0.16 0.46 0.34 0.40 1.00 0.65

Qatar Homog. 0.00 0.00 0.00 0.05 0.00 0.03 0.67 1.00 0.98 1.00 1.00 0.00 0.08 0.08 0.33 0.20 0.33 0.30 1.00 0.87
NMI 0.00 0.00 0.00 0.00 0.00 0.00 0.13 0.00 0.46 0.00 0.00 0.00 0.33 0.34 0.34 0.00 0.00 0.00 1.00 0.32

Russia 1 Homog. 0.01 0.00 0.01 0.05 0.00 0.07 0.94 1.00 1.00 1.00 1.00 1.00 0.06 0.06 0.39 0.83 0.98 0.88 0.76 0.99
NMI 0.00 0.01 0.02 0.07 0.01 0.00 0.77 0.00 0.63 0.00 0.01 0.00 0.34 0.35 0.36 0.71 0.98 0.81 0.62 0.69

Russia 2 Homog. 0.00 0.00 0.00 0.01 0.00 0.06 0.94 1.00 0.99 1.00 0.00 0.00 0.05 0.05 0.48 0.66 0.89 0.43 1.00 1.00
NMI 0.00 0.01 0.01 0.02 0.00 0.00 0.56 0.00 0.36 0.03 0.00 0.00 0.35 0.36 0.34 0.56 0.79 0.40 1.00 0.15

Russia 3 Homog. 0.00 0.00 0.00 0.00 0.00 0.02 0.87 1.00 1.00 1.00 0.00 0.00 0.04 0.05 1.00 0.21 0.76 0.47 0.00 0.77
NMI 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.36 0.37 1.00 0.00 0.55 0.00 0.00 0.36

Russia 4 Homog. 0.00 0.07 0.04 0.05 0.00 0.08 0.58 1.00 0.91 1.00 1.00 1.00 0.04 0.04 0.10 0.23 0.54 0.35 0.67 0.88
NMI 0.00 0.13 0.00 0.00 0.00 0.00 0.00 0.00 0.36 0.00 0.00 0.00 0.37 0.37 0.00 0.00 0.24 0.00 0.31 0.28

Russia 5 Homog. 0.05 0.00 0.00 0.02 0.00 0.05 0.59 1.00 1.00 1.00 0.00 0.00 0.03 0.04 0.47 0.17 0.64 0.27 0.24 0.98
NMI 0.00 0.00 0.00 0.00 0.00 0.00 0.09 0.00 0.14 0.00 0.00 0.00 0.37 0.38 0.38 0.03 0.16 0.04 0.00 0.37

Spain Homog. 0.04 0.05 0.16 0.19 0.00 0.35 0.90 0.99 0.82 1.00 0.00 0.00 0.03 0.03 0.76 0.65 0.64 0.34 0.00 0.99
NMI 0.07 0.09 0.23 0.27 0.00 0.30 0.83 0.46 0.69 0.31 0.00 0.00 0.35 0.33 0.72 0.62 0.57 0.00 0.00 0.71

Thailand Homog. 0.00 0.00 0.00 0.00 0.00 0.12 0.96 1.00 0.96 1.00 0.00 0.00 0.04 0.03 0.61 0.35 0.85 0.44 0.00 0.96
NMI 0.00 0.00 0.00 0.00 0.00 0.00 0.42 0.00 0.48 0.08 0.00 0.00 0.32 0.30 0.45 0.26 0.83 0.36 0.00 0.62

Uae Homog. 0.25 0.01 0.03 0.08 0.00 0.25 0.96 1.00 0.99 1.00 1.00 1.00 0.09 0.03 0.58 0.74 0.94 0.65 1.00 1.00
NMI 0.32 0.01 0.06 0.13 0.00 0.24 0.78 0.29 0.73 0.14 0.00 0.00 0.40 0.43 0.48 0.63 0.88 0.53 1.00 0.63

Venezuela 1 Homog. 0.00 0.00 0.00 0.00 0.00 0.22 0.90 1.00 1.00 1.00 1.00 0.00 0.02 0.02 0.70 0.37 0.92 0.15 0.47 0.99
NMI 0.00 0.00 0.00 0.00 0.00 0.00 0.81 0.28 0.90 0.00 0.01 0.00 0.43 0.44 0.60 0.15 0.86 0.00 0.00 0.17

Venezuela 2 Homog. 0.04 0.00 0.00 0.00 0.00 0.26 0.57 1.00 0.93 1.00 1.00 0.00 0.02 0.02 0.60 0.16 0.94 0.53 1.00 0.81
NMI 0.06 0.00 0.00 0.00 0.00 0.00 0.00 0.63 0.62 0.17 0.09 0.00 0.44 0.45 0.14 0.00 0.84 0.37 1.00 0.58

Table 5: Performance of Coordination Detection Approaches on Various Datasets.
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