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Online social platforms for digital communication necessitate an in-depth understanding of their evolving
dynamics, especially after the renewal requests brought about by new paradigms, such as Web3. The dynam-
ics within online social networks (OSNs) are influenced by numerous factors, encompassing user behavior,
content generation, platform features, and technological advancements, with triadic closure standing out as
a prominent and influential element. In this study, we focus on the temporal aspects of triadic closure and
its role in the evolution of OSNS, especially after the advent of the Web3 paradigm. By analyzing networks
with timestamped links from diverse platforms based on different architectures, including communication,
Web3-based, and trade networks, we developed a comprehensive analytical pipeline to support the study of
triadic closure patterns. This pipeline includes an algorithm for the census of time-ordered triads, a vector-
based model for representing growing networks (growth triadic profile), the identification of triadic closure
rules (TERs), and the evaluation of the speed of the formation of closed triads. Our findings reveal significant
variations in the impact of triadic closure across different OSNs, marked by diverse growth triadic profiles and
varying formation speeds of closed triads as well as diversity in the predictability of evolutionary patterns
based on triads. This study not only enhances the comprehension of triadic closure in the temporal evolution
of OSNs but also provides valuable insights to be taken into account for the design and administration of
online social platforms.
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1 Introduction

In the last few years, we have witnessed an increasing demand for new paradigms for designing
new platforms supporting online social networks (OSNs), i.e., today’s fundamental services
that have become integral components of modern digital communication. However, there exist
fundamental properties of OSNs that are independent of the platform’s design principles, whether
they draw inspiration from new paradigms, such as Web3, or are based on more traditional models
such as Facebook or X (formerly known as Twitter). One of these characteristics is the dynamicity.
Indeed, these networks are characterized by their dynamic nature, which is expressed from one side
through the continual growth and expansion of the relationships among their members, and from
the other side by instantaneous interactions among users which appear and disappear, but in any
case, are mirroring the underlying relationships. For these reasons, understanding the dynamics
of OSNs is essential for researchers, as it is key to predicting the evolution of these platforms,
enhancing user experiences and services based on users’ connectivity.

The growth of OSNs is shaped by a multitude of factors, ranging from user behavior and con-
tent generation to platform features and technological advancements. Among these factors, one
of the most prominent and influential is triadic closure [23], a concept deeply rooted in social net-
work theory. Triadic closure represents the tendency for individuals to form connections with
the friends of their friends, leading to the creation of tightly interconnected clusters built on
top of closed triads. This phenomenon has been identified as a “universal process” driving the
evolution and the growth of OSNs, and exerting its influence across various platforms and user
communities [67].

However, despite the recognition of triadic closure’s significance, most research in the field has
focused on static representations of OSNs [1, 39, 60], overlooking the temporal dimension of inter-
actions, even due to the lack of temporal-annotated datasets. Previous studies have predominantly
relied on the analysis of static triads, essentially extracted from snapshots of the network at specific
points in time, or from a static projection. While valuable insights have been gained from these
approaches, they fail to capture the intricate temporal dynamics that govern OSN evolution and
to unroll the intricate evolutionary patterns that lead to the formation of closed triads [22]. This
research article seeks to bridge the gap by delving into the temporal aspects of triadic closure and
closed triad formation in OSNs from the perspective of evolutionary triadic patterns. In particular,
we pose a few research questions that will guide our investigation:

— How can we extract temporal triads from directed growing networks, i.e., temporal directed
subgraphs describing triadic closure? From an algorithmic perspective, developing reason-
ably efficient methods to handle the substantial volume of temporal data characterizing the
network growth is paramount for supporting temporal analysis based on the census of tem-
poral triads.

— Can temporal triads be used to build an evolutionary footprint for OSNs? To unravel the dis-
tinct characteristics of OSNs, we aim at exploring how we can effectively represent growing
networks through temporal patterns involving triads.

— Are there discernible patterns in the triadic closure phenomenon within OSNs, and can
these patterns be used to characterize different social platforms? While triadic closure is
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a universal process, its behavior may vary depending on the nature of OSNs, particularly
when relationships are directed. We will focus on identifying in each network the most
representative triadic closure-related patterns and assess OSN specificities.

— Do triadic closure-related patterns and rules exhibit varying speeds across different
platforms? Given the intrinsic dynamicity of triadic closure, understanding its temporal
characteristics is crucial. We will particularly investigate the time required for a close triad
to form as a key temporal feature, shedding light on the speed of triad formation across
various online social platforms.

In this study, we address the above questions by conducting our analysis on the growth of
temporal-annotated networks from several platforms supporting different types of social inter-
actions: two communications networks based on exchanges of e-mails, a leading microblogging
platform—Steemit—following the Web3 paradigm [36]; two trade networks, Cryptokitties [59]
and Sarafu [54], the former supporting NFT trading and the latter favoring cooperative and local
economies in Kenya by the blockchain technology, and a trust network involving Bitcoin wallets.
To handle the large volume of interaction events provided by the six datasets, and bolster the
findings on the characterization of the triadic closure process and its impact on the evolution of
OSNs, we develop an analytical pipeline to take a census of all the temporal triads, represent the
growth of these networks through a vector-based model, identify the most representative patterns
leading to closed temporal triads, and assess the dynamical properties of triad formation. The de-
velopment of the pipeline led to a few methodological advancements, including the development
of an algorithm for the enumeration of all temporal triads. Additionally, we introduce a vector-
based representation for temporal networks that captures microscopic growth patterns based on
triads, namely the growth triadic profile. We have also identified temporal patterns based on triads
that express the likelihood of forming specific closed triads, namely, triadic closure rules (TERs).
Furthermore, we introduce the concept of TER delay, which allows us to assess the formation speed
of the identified temporal patterns, i.e., how long it takes for an open temporal triad to transform
into a closed temporal triad.

Throughout the application of the above methodology on growing networks built from temporal
and directed interactions on social platforms, we have unearthed significant findings and insights
on their evolution. Firstly, we confirm that triadic closure is at play across all online networks in
our analysis; however, its impact varies across the different temporal networks, highlighting the
nuanced nature of OSN dynamics. Secondly, we find that most platforms are characterized by a
skewed distribution of their growth triadic profiles. Such skewness is primarily imputable to closed
temporal triads that lead to the formation of feed-forward loops, a static triadic subgraph that char-
acterizes several types of networks. Moreover, the comparison of the growth triadic profiles has
highlighted a certain diversity among the social temporal network. A diversity that was resulted
more evident through the lens of TERs. Indeed, each temporal network exhibits a distinct level of
confident rules, implying that, for certain growing networks, it is more likely to predict the final
closed triads given an initial open triad. These distinctions are further emphasized from the dy-
namical standpoint captured by TER delay. Interestingly, even networks supporting the same type
of interactions, such as communication via e-mails, consistently exhibit different traits in terms of
the formation speed of closed triads.

By addressing these questions and presenting our methodological advances and findings, our re-
search contributes to the comprehension of the complex interplay between triadic closure and tem-
poral dynamics within OSNs, shedding light on the underlying mechanisms shaping their growth.
Moreover, it offers practical insights for network administrators, platform designers, and individ-
uals interested in harnessing the power of OSNs for various applications.

ACM Trans. Web, Vol. 19, No. 2, Article 24. Publication date: May 2025.



24:4 A. Galdeman et al.

The article is organized as follows. Section 2 provides an overview of the usage of temporal net-
works for modeling online social data, and reviews the main studies on triads and triadic closure
in OSNs. In Section 3, we detail the main research questions driving our investigation of triadic
closure patterns and rules in OSNs. The analytical pipeline for identifying and characterizing tri-
adic closure patterns is presented in Section 4. In Section 5, we describe the main properties of the
six social temporal-annotated networks we use to build the growing networks. Section 6 reports
the main findings and discussions on the main patterns leading to the formation of close triads
and their specificities across several networks. Finally, Section 7 concludes the article, pointing
out possible future works.

2 Background

Social media analysis through network science. Social interactions have traditionally been
explored through studies conducted in real-life and offline settings. As the web has revolutionized
communication, a wealth of data describing social interactions has become available, ranging from
e-mails to social media. Network science [10], i.e., the interdisciplinary field that investigates com-
plex systems through networks, has offered invaluable insights. By modeling systems with nodes
connected by edges or links, the field of network science provided theories and mechanisms de-
rived from the analysis of large-scale network structures, uncovering established phenomena like
power-law distributions, preferential attachment, and small-world properties [23].

The proliferation of online interactions on the web has not only facilitated extensive data col-
lection but has also introduced a temporal dimension to the study of social networks. Temporal
networks [38], networks where the edges between nodes are timestamped, have opened up av-
enues for investigating dynamic aspects and phenomena within networks, as well as providing a
dynamic perspective on network structures that change over time. Temporal networks have been
essential for understanding processes like disease spreading, information diffusion, and structural
evolution, and have become a crucial tool in the study of the evolution of online social platforms.
A special case of temporal network is growing network, a model at the basis of the seminal work
on generative random networks as the Barabasi-Albert model or Vasquez’s model [75]. Regarding
the general representation provided by temporal networks where node and link removals can oc-
cur, in growing networks, we only experience node and link insertions, i.e., the number of nodes
and edges increase over time. In this article, we deal with the latter type of temporal networks. In
particular, we will analyze directed growing networks, a kind of network that models most of the
modern online social media, but which is not very well represented in publicly available datasets
on OSNs.

The significance of temporal aspects in network studies, as well as the possibility of gathering
directed growing networks capturing online social media, has been further accentuated with the
rise of Web3. Web3 is a paradigm that emphasizes decentralization [49], but focuses on blockchain-
based technologies to power online platforms [76]. Indeed, the Web3 paradigm has been applied
to social network platforms, leading to blockchain online social media [31]. Moreover, Web3 has
been used to promote forms of social bonding through cryptocurrency, such as complementary
currencies, i.e., [57]. Network structure has also been observed in the field of non-fungible to-
kens (NFTs), i.e., unique digital assets stored on a blockchain, representing ownership or proof of
authenticity for a specific item, often digital art, collectibles, or other digital content [59]. Indeed,
interactions among users on other social platforms end up guiding sales [43] including interactions
in Metaverse [33, 34]. Web3 platforms have characteristics that differ from traditional web archi-
tectures, such as cryptocurrency-based rewarding systems [7], which have influenced the nature
of online interactions. In this context, recent works have leveraged temporal network analysis to
gain profound insights into the workings of Web3. For instance, recent studies have successfully
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Fig. 1. Possible subgraphs of three nodes, in undirected (triangles) and directed networks (triads) (if isomor-
phic subgraphs are counted only once). In both cases, they can be divided into two categories: open triads
(a) and closed triads (b).

utilized temporal network approaches to elucidate crucial aspects of Web3 dynamics, shedding
light on some properties that distinguish it from traditional web architectures [31], decentralized
nature [15], network structure [56, 77], network evolution [16], user behavior [14, 32, 71], not only
at data level, but also at smart contracts level [3, 4].

Understanding social network evolution through triadic closure. Numerous models, mech-
anisms, and measures have been proposed to describe network growth from a link formation
perspective. Triadic closure, in particular, has emerged as a significant mechanism in this con-
text [13]. The fundamental assumption underlying triadic closure is that individuals sharing a
common friend are more likely to become friends themselves in the future [23]. Despite being rec-
ognized as a fundamental mechanism in the formation of dense groups and communities in social
networks [67], the properties and laws governing triadic closure remain underexplored at a large
scale, mainly due to the limited availability of temporal-annotated datasets capturing the growth
of large social networks.

In analyzing triadic closure from a network structure perspective, a common approach involves
investigating subgraph-level features, particularly by identifying and examining the network at
the level of 3-node subgraphs. In directed networks, the triadic structure becomes more intricate,
as more 3-node directed subgraphs are possible. They are commonly referred to as triangles [27]
in undirected networks and triads [27] in directed networks. The possible triangles and triads are
shown in Figure 1.

Existing methods have the objective of performing a categorization [66], i.e., separating the tri-
ads based on their structure. Bagatelj et al. [11] introduced a sub-quadratic algorithm suitable
for large and sparse networks, classifying triads into different isomorphism classes based on net-
work structure with complexity of O(m), where m represents the number of links. This algo-
rithm is the de facto standard, as successive works worked on its optimization. For example, Chin
et al. [19] worked on distributed versions of this algorithm, focusing on designing data structures
for distributed computing. These improvements were leveraged by Parimalarangan et al. [64] that
combined them with more recent efficient algorithms designed for undirected networks. Santoso
et al. [69] focused on how to use these previous advancements in a single commodity machine,
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focusing on methodologies for data compression, preprocessing, and parallelization. Finally, other
works, such as Buriol et al. [17] and Pavan et al. [65], have focused on a slightly different setting,
where the exact and the approximate counting of triangles is conducted in a streaming fashion.

The structure of a network can be characterized by the distribution of these subgraphs, as demon-
strated by Milo et al. [58], a useful approach even in the context of OSNs [39]. Alrthmoun et al. [1],
for instance, used the distribution of 3 nodes motifs to analyze the strategies of bots in a social
network. While static structure provides insights into triadic closure effects, leveraging temporal
information is crucial for a more comprehensive analysis. From a triadic closure perspective, this
involves focusing on temporal triads, or 3-node temporal subgraphs. Identifying these temporal
subgraphs is less straightforward than in the static case. For example, Kovanen et al. [44] consider
a subset of temporal subgraphs where the time difference between consecutive events is less than
an input interval Ac, and all events are consecutive. Paranjape et al. [63] extended this by removing
the constraint on consecutive events, allowing the study of subgraphs occurring in short bursts
and introducing a time window Aw to bound the time difference between the last and first events
in a subgraph. Overall, different models exist in the literature [41], emphasizing that the distribu-
tion of temporal subgraphs can be employed for network comparison and generation, similar to
the static scenario [18, 53]. For instance, Hulovatyy et al. [41] proposed a vectorial representation
of nodes using dynamic graphlets. This method adopts a common approach, i.e., decomposing
networks into small temporal subgraphs (network motifs or graphlets) [44, 58, 63] to characterize
network evolution. In this context, Faisal and Milenkovic [24] adopt a graphlet-based approach
for representing the different snapshots of a temporal network. The idea of using graphlets and
their orbits has been further improved in Aparicio et al. [2], where the graphlet-based representa-
tion of each snapshot is used to identify the orbit transitions across two consecutive snapshots to
highlight inter-snapshot correlation. When limited to 3-node subgraphs, the idea of graphlet-orbit
transitions is close to the intuition of computing the probability of moving from an open temporal
triad to a closed one, which is at the basis of our TERs and the seminal work in Doroud et al. [22].
However, it is worth pointing out a fundamental difference between our work and [2, 22]: the
latter are strongly dependent on the window size of the snapshots since transitions are computed
among consecutive snapshots. On the contrary, we adopt a different perspective oriented towards
a continuous-time approach, so we do not impose discretization of the growing network into snap-
shots and avoid the issue of selecting a proper window size.

To enrich the information provided by these approaches, previous work introduced some tem-
poral metrics to quantify triadic closure. These metrics can capture and quantify the presence and
dynamics of the triadic closure mechanism in a network, and they can also be used to compare
different networks. Among them, we have the concept of triadic closure delay, a temporal metric to
measure the speed of undirected closed triads [79]. In the undirected case, a subgraph transitions
from an open triad (connected with two links) to a closed triad (triangle) when the last pair con-
nects. The triadic closure delay measures the difference in time between the opening time (i.e., the
time at which the second link was formed, leading to an open triad) and the closing time (when
the third link is formed). In the directed case, bidirectional links complicate the definition of open-
ing and closing times, as the insertion of a link does not imply a triadic closure. Therefore, in a
successive work [8], different definitions of opening and closing times were proposed, allowing
the definition of a directed triadic closure delay.

3 Research Questions

Works on temporal subgraphs and triadic structure have mainly focused on social platforms
designed following the mainstream services such as Facebook, X, or Weibo, neglecting, mainly
for temporal reasons, the advancement of novel types of OSNs, especially new-generation
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Web3 platforms, where there are a few pieces of evidence that triadic closure processes behave
differently according to the nature of the Web3 system [8, 28]. More broadly, both for “traditional”
and emerging OSN paradigms, there is still a lack of studies on the rules that determine the
formation of the networks and their evolution. Also, there is a lack of details on the dynamic
traits of these evolutionary rules. In short, the actual context poses a few research challenges that
we can summarize into the following research questions:

Research question RQ1: How can we extract temporal triads, i.e., temporal subgraphs describing
triadic closure? From an algorithmic standpoint, we have to leverage reasonably efficient solutions
to handle the large volume of information given by the temporal relationships among users.
Research question RQ2: Is it feasible to construct an evolutionary footprint for OSNs utilizing
temporal triads? In our pursuit to unveil the attributes characterizing the growth of OSNs, we
intend to investigate the effective representation of temporal networks through the utilization of
temporal patterns involving triads.

Research question RQ3: Are there patterns in the triadic closure in OSNs? Can they characterize
different social networks? It is well-established that triadic closure acts as a “universal process”
driving the evolution of OSNs, however, there is evidence that it behaves differently according to
the nature of the social network, especially when relationships are directed. Consequently, we will
focus on representing each social network in terms of triadic closure-related patterns and compare
their representations to assess their specificities.

Research question RQ4: Are triadic closure-related patterns and rules characterized by different
speeds across different platforms? Triadic closure is intrinsically a dynamic process, so its char-
acterization from a temporal viewpoint is fundamental to further identify common evolutionary
patterns and/or specific temporal features differentiating OSNs. In particular, we will focus on as-
sessing how long a close triad takes to form as one of the main temporal characteristics of triad
formation.

4 Methodology

In this work, we apply a network-based modeling approach to investigate the triadic closure pro-
cess in online social platforms. A network-based approach highlights the underlying social net-
work structure derived from relationships among users. In general, social interactions are mod-
eled as a set of tuples I = {(x,y,t)} where x and y are users that interact at a certain time ¢. The
relationship among users can be captured by a sequence of directed graphs Gy, Ga, . . . Gr where
G; = (V;,E;) represents the interactions that occurred at time t. We are focused on analyzing
the relationships between users in social networks rather than their interaction. From this per-
spective, we considered more suitable to adopt a strategy where we collapse all snapshots in one
directed graph G = (V,E,t), following the approach in one of the seminal works on the iden-
tification of graph evolution patterns[12]. Consequently, the node set and edge set of graph G
corresponds to the union of all nodes and edges in the graph sequence. Specifically, V = N, V;
and E = N, E;. Finally, t : E — {1, dotsT} is a function assigning to each edge e = (x, y) a times-
tamp t(e) = argmin;{E;j|le € E;}. So each edge (x,y) in the aggregated graph G is timestamped
with the time of the first interaction from x to y.

For some kinds of interaction, such as “follow;”! the first interaction between x and y is the only
relationship we have, but for interaction networks, i.e., a broader class of temporal networks where
interactions between two nodes may occur many times, the first interaction can be considered as
a first signal of the underlying relationship on top of which interactions will happen in the future,

!The “unfollow” operation is orders of magnitude less frequent than the “follow” operation, so we neglected it from our
analysis
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Fig. 2. Overview of the methodology. The methodology starts with the census module, aiming to enu-
merate and count the different classes of temporal triads, predefined by the mapping method, as well as the
counting of evolution rules from open temporal triads to closed temporal triads. In the subsequent phase,
we build the profiles of each graph based on the triad census. In the third step, we derive triadic evolution
rules, i.e., patterns describing how likely a closed triad will form—the probability of closure evolution—based
on the counting computed in the first step. Finally, the obtained rules are enriched through delay analysis.

i.e., the first interaction is approximatively mirroring a relationship with a nature more similar to
the “follow” relationship in online social media. For instance, in a trading network, the first trade
interaction between two agents may indicate the creation of an economic relationship, fuelling
future trades.

Growing networks are the basis of our analysis and represent the input of the overall method-
ology, summarized in Figure 2, which supports our main research questions.

First, we showcase how to extract temporal subgraphs describing triadic closure (RQ1), by ex-
tending current triadic closure analysis methods to adjust for temporal information. Then, we face
the issue of characterizing social networks through their growing network structure (RQ2), by
proposing a methodology to generate profiles derived from the frequency of temporal subgraphs.
In addition, we introduce the concept of TER to model temporal evolution patterns that describe
triadic closure (RQ3). Finally, we introduce a methodology to further characterize TERs according
to their speed (RQ4), by introducing the measure of TER delay. In the rest of the section, we detail
each methodological contribution depicted in Figure 2.

4.1 Temporal Triad Census

The decomposition of static and temporal networks into smaller structures that capture recurring
local patterns characterizing and identifying their nature, such as network motifs or graphlets, is
currently one of the most used tools for broadly inspecting large networks. However, these tools
are valid for subgraphs even larger than triads and, most importantly, in the case of temporal net-
works, they capture the transition of subgraphs among different snapshots of the network. While
the former issue can be overcome by limiting the set of valid subgraphs to 3-node subgraphs, the
latter introduces the problem of defining a proper snapshot size. So, in the context of growing
networks, and driven by the goal of understanding how the triadic closure process determines the
growth of the networks, we follow a different perspective oriented towards a continuous-time ap-
proach. Specifically, since the main subject of the study is the triadic closure we specialize in the
identification of triadic structures only, and decompose their evolution in a triadic-centric way, as
detailed later. Current approaches specific for triads in the literature, such as Bagatelj [11], clas-
sify triads into the isomorphism classes based on network structure as introduced in Section 2.
While effective, this approach presents an important limitation: these classes overlook temporal
information at the edges. However, in the context of growing networks, accounting for timestamp
information becomes crucial, as different timestamp sequences result in distinct temporal sub-
graphs. While considering all possible timestamp values may be impractical, acknowledging the
order of timestamps refines the temporal categorization study. Even with a limited use of time, the
level of detail of the analysis significantly increases, introducing a multitude of possible new triad
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Fig. 3. Temporal triads and the importance of time ordering. Triads with the same network structure
can have different temporal orderings. In the example, we show one of the possible static triadic structures
(a) and all the possible corresponding temporal triads considering different time ordering (b) of the edges.

categories. Figure 3 illustrates an example of how the complexity of the problem is increased by
considering the temporal ordering of edges, as triads having the same structure can have different
temporal orderings.

Our approach relies on the pre-computation of a general mapping designed to assign an ID to
each isomorphism class of 3-node temporal triad. This structure is essential for encompassing
all temporal subgraphs, crucial for the study of triadic closure. Specifically, the general mapping
associates a unique ID to a canonical form, representing the isomorphism class of a temporal
triad. To achieve this, we generate every conceivable static triad structure, disregarding temporal
aspects. Subsequently, we account for all possible orderings of edges in terms of time, i.e., a se-
quence 1,...,m where m is the number of edges in the triad. The resulting triad can be seen as
an edge-labelled or edge-coloured graph, from which, through the method described in McKay
and Piperno [55], we extract the canonical labeling and a canonical form of the temporal triad,
i.e., the representative of the isomorphism class. Since we run this procedure for all the possible
realizations of a temporal triad, we obtain all the possible and valid canonical forms, to which we
associate a unique ID. Besides the transformation of an edge-coloured graph into a multilayered
graph (see [55]), we use the BLISS [42] isomorphism algorithm to calculate the canonical labeling
and the canonical form.? Our focus in this work lies exclusively on triadic closure, initiating the
process with a minimum of |E| = 2 edges, the minimum requirement for a connected open triad.
In this manner, we can generate all open temporal triads (see Figure 4) and closed temporal triads
(see Figure 5), amounting to a total of 84 temporal triads.*During the iteration over triads in the
graph, we rely on the general mapping dictionary to navigate through pre-generated canonical
forms and determine the correct ID.

Utilizing the general mapping, we extend the original triadic census method to extract temporal
triads. The pseudo-code for the census of temporal triads is presented in Algorithm 1. Similar to

2We leverage the implementation provided by the igraph library in Python [20]
3In the rest of the article, we do not take into account fully connected closed temporal triads — 3-clique — corresponding
to IDs greater than 83
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Fig. 4. General mapping: open temporal triads. In this plot, we showcase for each open static triad, the
corresponding open temporal triads. The introduction of time ordering considerably increases the number
of possible cases. From the six static open triads, we can observe 28 open temporal triads. Below the triads,
we report the set of IDs of the isomorphism classes for temporal triads used in Algorithm 1.

ALGORITHM 1: Temporal triads extraction.
Input: G, General_mapping
Output: Census, Evolutions

1: Census = hashmap()

2: Evolutions = hashmap()
3: for x € nodes do

4 fory e Ny do

5 if y < x then

6 continue

7: end if

8 for z € Ny UN, do

9: ify<zor(x<z<y & x ¢ N,) then

10: triangle = G.subgraph(x, y, z)

11 if is_open_triangle(triangle) then

12: id = get_id(triangle, General_mapping)

13: Census[id]+ = 1 {Frequency of temporal subgraph (id)}

14: else

15: id_pre,id = get_pre_post_ids(triangle, General_mapping)
16: Census[id]+ = 1 {Frequency of temporal subgraph (id)}

17: Evolutions[id_pre — id]+ = 1 {Frequency of triadic closure patterns}
18: end if

19: end if

20: end for

21:  end for

22: end for

23: return Census, Evolutions

the original version, our objective is to track the frequency of each encountered temporal triad,
recorded in the counter Census (line 1), where keys represent triad IDs, i.e., the isomorphism class,
and values denote their frequencies. Additionally, we aim at tracking temporal patterns leading to
closed triads from open triads. This is achieved through the counter Evolutions (line 2), where
keys correspond to pairs of IDs of the triads identifying closure patterns (IDs represent the triads
before and after the closure time,e.g., 5 — 37), and values indicate pattern frequencies.
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Static 6 7 8 9 10 11

triads IDs
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Temporal

triads IDs [28 : 33] [34 : 35] [36:41] [42: 53] [54 :59] [60 : 83]

Fig. 5. General mapping: closed temporal triads. We showcase for each closed triad, the corresponding
closed temporal triads. In the case of the closed triads, the introduction of time ordering considerably in-
creases the number of possible cases. From seven static closed triads, we only consider 56 classes of closed
temporal triads, we do not take into account the temporal triads whose static version is the fully-connected
closed triad.

The enumeration of triads remains unchanged from the original Bagatelj’s algorithm (lines 3-
9), ensuring a unique combination of nodes (x, y, z) is enumerated only once. Once a triad is de-
tected, we extract it from the original graph for classification. The Census counter is updated
as follows: for an open triad we compute its canonical form and get the associated ID, then we
increment the counter (line 13). In the case of closed triads, we require the ID of the triad at clos-
ing time by adopting the same strategy for open triads: computation of the canonical form and
extraction of the ID. As we return to the closed triad when we encounter the edge that closes
the triad, we return the ID at closing time, subsequently increasing the Census counter (line 16).
But, in the cases of closed triads, we also extract the pattern describing the transition from an
open temporal triad to a closed one. To catch the evolution patterns, for each closed triad, we
require the corresponding open one (id,re). To get that, we track the edge insertion that closed
the triad and return the ID of the open triad before closing time (id_pre). Both IDs (id_pre and
id) are then used to increment the Evolutions counter (line 17) since the evolution rule indi-
cates that the open temporal triad id_pre has evolved into the closed temporal triad id. In the
following, the information of the two counters is leveraged to address the remaining research
questions.

4.2 Growth Triadic Profile: Characterizing Temporal Networks Through Their Triadic
Structure

Addressing RQ2, i.e., finding a representation of growing networks encompassing the triadic clo-
sure patterns, involves investigating the structure of the network in terms of triadic structure. As
detailed earlier, we monitor the frequency of the closed temporal triads in different social net-
works, as we iterate over the triads (populating the counter Counter). These frequencies enable
the comparison of networks, assessing how they are similarly growing in terms of triadic network
structure. We denote the frequency of a temporal triad g; as N(g;). To facilitate graph compari-
son, we generate growing triadic profiles—probability distributions derived from the frequency of
closed temporal triads that characterize the growth of each network from a triadic closure per-
spective. Following the direction of other methods in literature which rely on the frequency or
other properties of (temporal) subgraphs to build a vector-based representation of a network (see
Section 2), for a graph G, the profile can be constructed from the frequencies vector Cg, where
Cglk] = N(gx) represents the frequency of the kth temporal subgraph in graph G, and K is the
total number of possible closed temporal triads (IDs 28 to 83). It is crucial to adapt the profile by
setting counts to zero for triads not observed during extraction. The vector is then normalized to
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obtain a distribution, hence we define the growth triadic profile of a growing network G as
__Cglk]
T oIk .
215 Calil
Given the abundance of closed temporal triads, the normalization is limited to a subset of closed
temporal triads. Specifically, we obtain the growth triadic profile v from a reduced version of the
frequency vector Cg, where only closed temporal triads appearing in at least one of the selected
graphs are considered. These reduced vectors support the comparison across networks, enhancing
the interpretability of results. Indeed, growth triadic profile vectors can be analyzed and visually
compared through various visualization methods, to detect similarities and differences across dif-
ferent social networks. For instance, one can adopt a distance or similarity function, such as the
cosine similarity, to assess whether the growth of two or more directed networks is similar in
terms of how the triadic closure processes have acted along their evolution.

VG[ Vkel... K.

4.3 Triadic Closure Rules—TERs

Tackling RQ3 involves an analysis of the likelihood of patterns to gain insights into the evolution of
social networks. While pattern frequency can describe the network, it falls short of describing the
likelihood of a specific closing pattern to be observed among all the possible ways of closing a triad
from a specific open triad. To tackle this problem, we provide a solution inspired by graph evolution
rules [12, 51, 70]. These rules consist of a precondition (body) and a postcondition (head), offering
human-readable and explainable outcomes by suggesting that a subgraph matching the body is
likely to evolve into the head. The likelihood of a rule is measured with a support/confidence mea-
sure, normally its frequency or some probability measure. Indeed, analyzing network evolution
with an approach focused on rules can give us the insights needed to answer our research ques-
tion. In the context of triadic closure, we can model the evolution of an open temporal triad into
a closing one as a rule. More formally, we define a TER g; — g; as a rule, where the precondition
gi corresponds to an open temporal triad, while the postcondition g; represents a closed temporal
triad. Each rule is characterized by a frequency N(g; — g;), which is stored in the Evolutions
counter in Algorithm 1. Among all the possible rules, however, it is important to establish the most
important ones using a confidence metric.* Given a rule g; — g;, we compute the TER confidence
P(gjlg:) as
N(gi — g;)
: (1)
Dixes..83 N(gi = gx)

In this definition, we focus on the closing possibilities of the precondition g;, hence the summa-
tion in the denominator considers only rules that start from that precondition and go into closed
triads whose ID is in [28, . . ., 83]. For each precondition g;, two TERs can be derived based on the
direction of the link leading to closure, resulting in two possible scenarios, that can be grouped,
for easier comparison and analysis. In general, TERs with the highest confidence may characterize
the growing networks, providing insights into the triadic closure process in a social network.

P(gjlgi) = P(gi — g;) =

4.4 TER Delay: Measuring the Speed of TERs

Answering RQ4 requires us to understand the temporal aspects of TERs. Specifically, we character-
ize these rules by leveraging temporal information to determine if observed closure events happen
at a specific pace. This analysis can reveal whether certain closure rules tend to carry out faster
or slower than others in a social network, and if the speed of the triadic closure processes can

“Here we use the term “confidence” not from a statistical perspective, but as it is used in the literature on frequent pattern
mining.
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further help to differentiate the dynamics of growing networks. The starting point is the measure
of triadic closure delay (described in Section 2), which assesses the speed of triadic closure in both
undirected networks [79] and directed networks [8]. The concept can be extended to character-
ize the speed of the newly defined TERs. In a rule g; — g;, the precondition gi is formed at the
opening time, i.e., the time right before closure, while the rule’s postcondition g; is formed at the
closing time (the last timestamp). Therefore, we apply a principle similar to the triadic delay mea-
sure, which measures the triadic closure formation time as the difference between the opening
and closing time. In our case, we define the delay of a closed triad as the time elapsed between the
opening and closing times of the triad. However, we have many closed triads with the same rule.
So, to temporally characterize the rule, we require an aggregation of the delays. For these reasons,
first, we formally define a delay measure for a closed triad; which is at the basis of the definition
of the delay measure for rules. A closed triad g; is represented with a set of vertices x, y, z, where
each edge x, y has a timestamp 7(x, y) (with 7(x, y) = oo for non-existing links). Assuming that the
pair of nodes x, z is the last to form a connection, we denote the closing time 7.(g;) as

ze(gj) = min(t(z, x), 7(x, 2)). )
While, the opening time can be defined as 7;4(g;):
7o(g;) = max({t € {r(x,y), 7(y,x), 7(y,2), 7(z, Y) }|t < 7e(g;)})- ®3)
Finally, the delay can be extracted as
delay(g;) = 7c(9;) = 7o(9))- )

Once the delay is computed for each closed triad in the graph, we use it to better characterize
each TER. Specifically, the delay of a given TER ¢g; — g;, namely the TER delay, in the graph G
can be extracted from the delays of the triads g; in G, that are formed through that TER. Any
aggregation function, e.g., mean or median, applied to the delay of triads g; formed through the
TER g; — gj, can be used to extract the TER delay. In short, the TER delay of a TER g; — gj, is
defined as

TER_delayc(g: — 9;) = AGG({delay(g)l(gi — g;); Vg, € G}), ®)
where AGG indicates an aggregation function. In this way, we obtain a measure that characterizes
TERs as a dynamic process, going beyond the sequence of events. Finally, it is worth noting that
the computation of the delay is facilitated by the continuous-time approach we have followed
during this study. In fact, in a snapshot-based approach, if the window size is not set to the delay
characterizing the network, one would lose triadic closure effects (size too large or too small).

5 Datasets

In this section, we present the datasets selected for our study. Overall, we focused on six datasets
describing social networks of various natures, spanning from communication networks to the
more novel OSNs emerging in Web3 platforms. We summarize the main characteristics in Table 1,
while in the following we detail their characteristics leveraged in the forthcoming analysis. Note
that in cases of simultaneous timestamps, the tie-breaker follows the order of appearance in the
dataset.

UC-social.’ The UC-social dataset details message interactions among University of California
students in an online community. It tracks message exchanges between users, including times-
tamps of their interactions, for a total of 33,720 interactions. While the dataset is introduced in
[62] and widely used, only a few focus on triadic closure [60, 61] and none of them analyses the

>The dataset is available at http://konect.cc/networks/opsahl-ucsocial/
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Table 1. Overview of the Social Platforms in Our Study

’ Dataset \ Operations Nodes Edges Type ‘
UC-social 33,720 1,957 20,296 Communication
Enron 1,148,071 87,273 321,918 Communication
Cryptokitties 725,400 99,984 481,540 Web3
Sarafu 412,050 40,343 143,239 Web3
Steemit 302,669 23,493 290,801 Web3
Bitcoin Alpha 22,650 3683 22,650 Trust

networks through the triadic census. In our analysis, we represent the data as a directed temporal
network, where users are nodes, and each directed edge (x, y, t) signifies the start of the interac-
tion, with user x sending a message to the user y at time ¢. This yields a directed graph with 1,280
nodes and 20,296 edges.

Enron.’ The Enron dataset encompasses 1,148,071 e-mail records exchanged among Enron em-
ployees during a critical period from 1999 to 2003. The e-mail content and associated networks
have proven valuable for various studies; however, research on triadic structures using this dataset
has been limited. Several works concentrate on Enron utilizing a static triadic structure. Uddin
et al. [73] specifically explore the Enron dataset, investigating communication patterns during or-
ganizational crises by conducting a static census of dyad and triad on weekly graphs. The study
reveals an overall increase in triadic patterns at the crisis peak. Felmlee et al. [25] analyze dyads,
triads, and tetrads from a static perspective in various social networks. Dinh et al. [21] focus on
calculating a measure of structural balance for static directed networks. Other studies delve into
triadic structures in the undirected version of the Enron dataset. For example, Yang et al. [78] at-
tempt to measure a node’s prominence, defining a node as prominent if its links make it visible to
other nodes in the network: while Kudelka et al. [45] investigate asymmetry and structural roles
in triad patterns. We focused on a six-month span, from January to June 2001, one of the most ac-
tive periods, including 1148071 interactions. Constructing a directed graph from these interactions
resulted in a temporal directed graph with 87,273 nodes and 321,918 edges. Each edge (x, y, t) rep-
resents the beginning of an e-mail discussion, where employee x sends the first e-mail to employee
y at time ¢, representing the earliest interaction between the pair.

Cryptokitties. NFTs are blockchain-based certificates of ownership for digital objects, that en-
sure their uniqueness and non-transferability. The surge in popularity of NFTs has prompted a
growing body of research, focused on the underlying social dynamics among users trading NFTs
and the resulting social network structure. Various analyses were conducted on the network struc-
ture, focusing on the trader networks by Nadini et al. [59], the creators-collectors network by
Franceschet et al. [26]; only a few works [28, 29] studied rules and triadic closure [8]. This study
relies on the NFT sales dataset in [59], encompassing 6.1 million trades involving 4.7 million NFTs
across 160 cryptocurrencies, predominantly Ethereum and WAX. Spanning from June 23, 2017,
to April 27, 2021, the dataset aggregates transactions from diverse marketplaces capturing essen-
tial transaction details, including seller and buyer IDs, along with sale/transfer timestamps. For
the NFT trades dataset, we filter the transactions in the original dataset to extract the transaction
revolving Cryptokitties, one of the most popular and first marketplaces in the dataset, obtaining
725,400 transactions. We obtain a graph of 99, 984 nodes and 481, 540 edges describing the un-
derlying social network structure of trade relationships in the NFT community. In this graph, the
source of the link x is the buyer of the NFT (sending some currency) and the target y of the link

®The dataset is available at http://konect.cc/networks/enron/

ACM Trans. Web, Vol. 19, No. 2, Article 24. Publication date: May 2025.



Exploring Time-Ordered Triadic Closure in Online Social Networks 24:15

will be the money receiver (the NFT seller). The timestamp ¢ represents the time a relationship is
established, i.e., when the first NFT exchange happens.

Sarafu. Sarafu, is a digital community currency token [74] developed by the Grassroots Econom-
ics (GE) Foundation, a humanitarian aid organization. Complementary or community curren-
cies (CCs) are cooperative currency systems often introduced during community crises, aiming to
foster reciprocity bonds and social network integration among members. The release of a dataset
by the GE foundation [68] which includes detailed and anonymized information on token trans-
actions, led to some studies of the social network structure revealed by token transfers. Mattsson
etal. [54] model the dataset as a static network, revealing modular, geographically localized money
circulation among users with diverse occupations, while Ba et al. [9] model the dataset as a se-
quence of temporal networks to study currency flows and cooperation patterns. Finally, Galdeman
et al. [30] analyzed the patterns of how nodes change over time within the network, discovering
two distinct evolutionary behaviors. This study utilizes the same dataset, covering January 2020 to
June 2021, with 412,050 transactions involving 53,277 users, including anonymized IDs, and times-
tamps with millisecond granularity. In the resulting temporal network, we have 40,343 nodes and
143,239 links, where the links represent the formation of a trade relationship, with the link source
x sending the Sarafu tokens to another user t receiver of the tokens, while timestamps ¢ represent
the timing of the first trade between a pair of users.

Steemit. Launched in 2016, Steemit [31] stands as a prominent decentralized online social plat-
form within the Web3 ecosystem. While many studies have scrutinized its characteristics, only
a few have delved into the network structure and evolution. Guidi et al. conducted comprehen-
sive analyses of the “follow” network and other operations within Steemit [35, 37]. Works by Li
et al. [52] examined the rewarding system from a network perspective, while Ba et al. explored
network structure, as well as its interplay with cryptocurrency price, user migration, and the dy-
namics of the link creation process [5-8]. Tang et al. [72] modeled voting and currency transfer
data to study user collusion behaviour, and Galdeman et al. [28] scrutinized the network growth
of Steemit using transfer operations through graph evolution rules, emphasizing the prevalence of
rules enhancing network transitivity and reciprocity. This study leverages the transaction dataset
utilized in [7], focusing on Steemit’s “follow” interactions, the primary social action enabling users
to follow others, thereby visualizing their new posts on the main page. Each follow interaction con-
tains information on the involved users and the action timestamp. For the analysis, we consider
the same analysis period defined in [7], but we limit to the first three months, from December
6th, 2016 to March 6th, 2017, both due to computational constraints as well as to obtain a similar
amount of transactions, obtaining 302,669 follow operations. The derived growing network con-
tains 23,493 nodes and 290,801 edges, with edges forming when a user x follows another user y at
a time t, ignoring any duplicates.

Bitcoin Alpha. The Bitcoin system allows anonymous transactions between users. Numerous
trading platforms have emerged to enhance usability, many of which track user reputations to safe-
guard against fraudulent and high-risk users. The Bitcoin Alpha dataset [46, 47] includes 24,186
user ratings exchanged among 3,683 users. These ratings are unique and predominantly positive
(22,650 out of 24,186). The dataset has been integrated into several major graph analysis and ma-
chine learning libraries like SNAP [50], due to its network structure and the wealth of additional
information it provides, such as time and weight (ratings). As a result, it has been employed in
a wide range of applications. Originally intended for fraud detection and identifying anomalous
users [46], the dataset has also become a valuable benchmark for numerous other applications,
including algorithms and machine learning tailored for signed graphs [40] and temporal graphs
[48], among others. Indeed, the ratings in the dataset can be used to construct a growing directed
network, where links represent the rating interaction from user x (rater) to user y (ratee) at time
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Table 2. Overview of the Results of the Algorithms Introduced, with Computation Times

’ Dataset ‘ Closed triads (%) Rule classes Census/Pattern time Delay time
UC-social 14,319 (1.97%) 56 24 sec 2 sec
Enron 1,180,387 (2.5%) 56 21 min 8 min
Cryptokitties | 2,051,706 (1.02%) 56 1 h 20 min 12 min
Sarafu 273,001 (4.25%) 56 4 min 43 sec
Steemit 2,902,199 (0.84%) 56 2 h 30 min 1h 50
Bitcoin Alpha 18219 (2.67%) 56 29 sec 4 sec

The column “Census/Pattern time” reports the computation time including the temporal triad census and the
identification of the evolutionary patterns id_pre — id. As for column “Closed triads”, in parenthesis we report the
percentage of closed triads over the overall volume of triads (closed or open).
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Fig. 6. Running time as a function of the network size. The computation time of Algorithm 1 by increas-
ing the number of links in the growing network. On the x-axis the size of the growing network, and on the
y-axis the computation time in minutes including time for the temporal triad census and the counting of the
evolution patterns. Links have been sampled from the Cryptokitties network; we enlarge the initial sample
of 10K edges so that at each step the algorithm has to extract all triads at the previous steps plus the new
ones.

t. In our analysis, we focus on edges with positive weights, resulting in a network of 3,683 nodes
and 22,650 edges.

6 Results
6.1 Temporal Triad Census

In this section, we showcase the results of the algorithm for temporal subgraph analysis, after the
changes we made to leverage temporal information (RQ1) and extract the evolution patterns (RQ3).
For the computation, we implemented a parallelized version of Algorithm 1 to show that it can
handle relatively large growing networks in a reasonably short time frame. In Table 2, we show
the computation time of the algorithm—including the running time for the temporal triad census
and the counting of the evolution patterns from open temporal triads to closed temporal triads—as
well as the computation time required to compute the TER delay presented in Section 4. All the
experiments have been run on a server Dell Power Edge T620 equipped with 2 CPUs Intel Xeon
2.10 GHz 16 Core (32 threads) and 376 GB RAM, using 48 parallel processes.”

Overall, we observe that the computation time of the triad census rises as the number of edges
increases. This trait is even confirmed by the results shown in Figure 6, where we report the
computation time of closed temporal triads and evolution rule extraction as a function of the
number of links in one of the largest growing networks, i.e., Cryptokitties. We observe a more
than linear trend of the computation time as a function of the number of links, which may be
associated with a densification of the network increasing the number of closed triads. Indeed, one

The algorithm has been implemented in Python.
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Fig. 7. A matrix of growth triadic profiles. Each row corresponds to the growth triadic profile of the social
network defined on the left. Color intensity is proportional to the probability of observing a specific closed
triad k, i.e., vg[k]. For instance, the closed temporal triad 31, which corresponds to one of the possible ways
of creating a feed-forward loop, is the most frequent in the Steemit network.

of the computation overheads of the algorithm is the computation of the canonical form and the
extraction of the evolution rules for closed triads. On the other side, as shown in Table 2, the com-
putation time of the TER delay follows the same trend, but is overall faster to compute, as it relies
on the results of the census algorithm, where we store closed triads that are detected during the
previous step. Note that as we focus on triadic closure, we are not concerned with the triad beyond
its closure time. Therefore, in this work, we limit the enumeration to subgraphs with a maximum
of 5 edges (|E| = 5) (ID from 28 to 83), as the occurrence of a 6th edge implies that triadic closure
has already occurred. Moreover, in Table 2, we report additional information on the outputs
obtained. Specifically, we compute how many closed triads are found across the datasets as well
as the percentage of closed triads over all the triads (open and closed). In general, we always find
triadic structures but the percentage of closed triads varies across the datasets. For instance, in a
cooperation-based network such as Sarafu, the tendency of closing triads is more prominent than
in transaction-based networks such as Cryptpkitties. Finally, among the possible triadic evolution
rules, we find 56 of them, and most interestingly, they are the same across all datasets. To sum up,
the common basis made of 56 rules is the first evidence that a common general process is acting on
all the networks, i.e., the triadic closure, but its impact is different across the temporal networks.

6.2 Growth Triadic Profile

In the following, we analyze and compare the different social networks through their growth tri-
adic profiles (RQ2), using the methodology to extract profiles from the frequency of closed triads
detailed in Section 4. For easier comparison, we plot the obtained profiles as a heatmap, as shown
in Figure 7, where each row of the heatmap corresponds to a specific growth triadic profile and
each column represents a closed triad. In short, since each network can be represented by a 56-
dimensional vector (56 classes of close triads), we stack the vectors of the six growing networks
into a matrix and visualize it as a heatmap, where more intense colors correspond the most fre-
quent temporal close triads occurring in a network (row). This way, we obtain a figure that captures
and summarizes the overall set of growing networks.
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Overall, we can observe how social networks present different growth triadic profiles, especially
in the case of Bitcoin Alpha. Indeed, the core of the growth triadic profile in Bitcoin Aplha, i.e., the
most frequent closed temporal triads, are related to triadic closure processes which lead to highly
reciprocal closed triads (in Figure 7, they correspond to the more intense bars in the last row,
i.e., triads with ID 64,65,69,72, and 77). In particular, these most frequent temporal close triads
are characterized by a specific pattern in the sequence of events leading to the formation of the
final triad: in all the cases, the sequences of link creation involving the reciprocal connection are
disjoint, i.e., first a reciprocal connection is established and only after that the second reciprocal
connection of the triangle is formed. For example, in ID 64, depicted in Figure 12 (see Appendix),
the reciprocal link between 0 and 1 occurs before (+ = 1, 2) the formation of the reciprocal link
between 0 and 2, at times t = 3 and ¢t = 4. On the other side, the cores of the growth triadic
profiles of the remaining networks are more concentrated on the right side of the heatmap,
in an interval including closed temporal triad from 28 to 33. This skewness of the growing
temporal profiles highlights that, in these growing networks, the triadic closure processes push
towards the formation of feed-forward loops, a static triadic subgraph that characterizes several
and diverse types of networks [1, 8, 67]. However, it is worth noting that within this group of
growing networks, the growth triadic profiles are quite different from each other. In fact, some
networks are characterized by more frequent temporal subgraphs, while others present more
evenly distributed frequencies across them. Moreover, some temporal close triads may be among
the most frequent in some networks, and may not be as important in other ones. For instance,
UC-social presents evenly distributed frequent temporal close triads, showing a huge variety in
terms of temporal triadic patterns. This network slightly separates from the above group since it
is characterized by a few interesting patterns: first, the most frequent triad is 33 which, even if it
is statically structured as a feed-forward loop, is defined by a sequence of link creation events far
from the idea of the feed-forward loop. In feed-forward loops, we identify three specific roles: the
sink or source, i.e., the node with two out-going links, the target, i.e., the node with two in-going
links, and the broker, i.e., the node in the two-hop path connecting the sink and the target. The
roles and the shape of this directed subgraph also determine a flow of information from the
source to the target; however, as shown in Figure 12, in the close triad 33 the first link appearing
is between the broker and the target, then the links going out from the sink form, determining
an atypical flow of information w.r.t. the usual feed-forward loops. A similar observation holds
for two other most frequent closed temporal triads, 54 and 56, which are very similar to triad 33
where the connection between the broker and the target first becomes reciprocal, then the links
going out from the sink appear. In general, in UC-Social, the outcome is the formation of many
feed-forward loops, but the introduction of the temporal dimension shows that these specific
subgraphs do not grow the usual and expected way. In terms of even distribution of the growth
triadic profile, Sarafu is similar to UC-Social, however, we can notice a bit of skew toward the
first components of the profile. Here the most frequent closed temporal triads are 28, 29, 30,
31, and 33; the first three triads develop by following link creation sequences compliant to the
idea of feed-forward loops, while in the last two temporal triads, the temporal bond among sink,
broker, and target weakens since the connection between broker and target appears before the
links going out from the sink. Moreover, from the analysis of the highest values in the Sarafu’s
growth triadic profile, it is worth noting the triad 34 which depicts a temporal 3-node cycle due
to the humanitarian and community-oriented nature of the platform. Finally, the other datasets
also present a skew towards the first components, although the skew is far more pronounced,
with some closed temporal triads emerging and characterizing the networks. In particular, the
growth of the Enron network is mainly driven by four closed temporal triads: 28, 29, 31, and 33.
These four temporal triads also characterize the growth of Cryptokitties and Steemit with a few
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specific differences. For instance, in the Cryptokitties’s growth, it is also important the closed triad
32, characterized by a sequence of events leading to an atypical feed-forward loop, too; while
in Steemit we even observe the frequent occurrences of closed temporal triads 54, 56, and 38,
which, as already discussed above, represent a feed-forward loop-like structure where one of the
connection is reciprocal. In particular, the reciprocal link is always made up of two consecutive
link creation events. In general, we observe that the growth of these networks, as captured by their
growth triadic profiles, can be described by a small subset of closed temporal triads, indicating
that only a few triadic closure mechanisms are guiding the evolution of these networks.

6.3 TER

Counting closed temporal triads and computing growth triadic profiles return only a partial pic-
ture of the dynamics of the triadic closure processes acting along the growth of OSNs. And, in
fact, in Section 4, we defined how to detect patterns along the evolution of networks using TERs
(RQ3), providing a probability of transition from an open temporal triad to a closed one. Specifi-
cally, for each rule describing the transition g; — g;, we defined its confidence P(x|y) as a measure
of the likelihood of that pattern, allowing us to detect the most probable changes during the net-
work growth from the perspective of triadic closure, according to confident rules, i.e., rules with
high probability.> We represent these transition probabilities computed in Figure 8. Specifically,
the probabilities are visualized through two bars of different colors aligned on the common pre-
condition g;. This representation should highlight if a temporal close triad is more likely to occur
given the open temporal triad it closes and to which extent the growth of a network is predictable
given the state of its open temporal triads.

Overall, the rules differ across the different temporal social networks, especially if we focus
on rule pairs, i.e., the pairs of rules with the same precondition (open triad). We can observe a
mix of rule pairs showing a balanced likelihood, whereas others exhibit a significant unbalance,
highlighting the presence of confident rules. Indeed, we observe the presence of many unbalanced
rules in Steemit and UC-Social which indicates that the growth of these networks, expressed as
the probability of moving towards a specific closed temporal triad from an open one, is the most
predictable among the set of growing networks in our study. On the other side, by analyzing how
the TERs are balanced (for a given precondition, the probabilities lie in the interval 0.4 — 0.6), we
observe that the growth of the Sarafu network is the least predictable. Indeed Sarafu is character-
ized by very few confident rules, and in most of the pairs, we observe low differences in terms of
probability. Moreover, it is worth noting how Sarafu is the only network where the evolution of
the open temporal triad 1 is uncertain: 1 can equally evolve into a feed-forward loop where the
closing link form between the sink and the target (30), or a 3-node directed loop (34). This fact
explains the observation about the high frequency of the temporal triad 34 characterizing the
Sarafu’s growth triadic profile. Moreover, if we individually analyze the TERs of each network, we
note how the predictability of their growth is limited to a few preconditions (open triads), while
the transition from other preconditions is uncertain. For instance, in Enron, Cryptokitties and
Sarafu, the family of open temporal triads 16-27 is characterized by a low level of predictability;
i.e., in these networks open temporal triads with reciprocal connections on both sides of the triad
may equally evolve in the two possible postconditions. On the contrary, the same family of open
triads shows higher predictability in UC-Social and Bitcoin Alpha. In particular, the transition prob-
ability of the rule 20 — 69 explains the high frequency of 69 in the Bitcoin Alpha’s growth triadic
profile at the expense of the other postcondition (68), much less frequent in the growth triadic
profile. As for the predictability of the growth from a set of preconditions, Bitcoin Alpha exhibits

81n this study, a rule is “confident” if its confidence is greater or equal to 0.75.
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Fig. 8. Triadic closure rules—TERs. We present the probabilities for each TER P(x|y), where an open triad
(precondition) x turns into a closed triad y (postcondition). For easier comparison, rules are ordered based
on their precondition, and rules with the same precondition are connected.
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a further peculiarity: the evolution of the family of open temporal triads 10-15 is uncertain since
the majority of the TERs are balanced, i.e., the evolutionary patterns are equally likely. In short,
each growing network is characterized by a specific level of confident rules, which in turn implies
that, for certain growing networks, it is more likely to predict the final closed triad given an open
triad that is going to close. Some growing networks have evolutionary paths based on the triadic
closure process which are more predictable than others or show a specific set of preconditions that
likely evolve into one closed temporal triad. The only two networks that exhibit very similar dis-
tributions of TERs are Steemit and Enron, which oddly have two different natures, the former is a
Web3 social network, the latter a communication network (e-mail). For a more detailed discussion
of the properties of a few specific TERs, we refer the reader to the section “Discussion”, below.

6.4 TER Delay

While through the growth triadic profile and TERs we can identify which are the most frequent
temporal closed triads generated by triadic closure processes and which are the most likely evo-
lutionary patterns leading to those close triads, respectively; using the measure of TER delay we
complement the above information by assessing which is the speed of moving from an open tem-
poral triad to a closed one. We measure how likely an open triad will transform into a closed
one—TERs—and how fast this process is—delay. In Figure 9, we present the results of the median
measured delay for each TER, adopting the same visualization for TERs. We grouped bars by pre-
conditions and the height of a segment is proportional to the median delay of all the occurrences
of a specific rule.

Among the datasets, UC-social stands out for having the lowest median delay values, with
closed temporal triads forming within a maximum of 120/144 hours. More precisely, many TERs
in UC-social exhibit low median values and a considerable number of TERs form within 24/48
hours. Notably, TER pairs in UC-social show differences, with a few pairs having significant gaps
in terms of speed, with a rule forming in a few hours and the other with the same precondition
spanning days. The remaining pairs do not exhibit the same level of discrepancy. A similar pattern
is observed in the Steemit online social network, characterized by a small range of median delay
values, although generally higher than those in UC-social. In Steemit, the range of TER delays
is wider than in the case of UC-social, with some rules occurring within a few days, and other
rules extending beyond the maximum observed in UC-social. Among TERs in the same pair (same
precondition), we generally observe some differences in terms of speed, with some rule pairs
showing very strong delay differences. To this regards, the rules 2 — 31 and 2 — 35, although
having the same precondition 2, show very different delay. The first one, which is also much more
likely, is very fast (24 hours), while the second one, the less likely, is also much slower (10 days). In
fact, if we inspect the two patterns, as reported in Figure 12, the first is characterized by a sequence
of events where the node 0 is expanding its neighborhood among the followees of its followees;
while the second pattern captures a more complex sequence of events, where the followee of the
followee of node 0 wants to follow the node 0, an action which requires much more effort in search-
ing for nodes in the network. Sarafu distinguishes from the previous temporal networks, since
the median delay values for TERs are consistently higher, typically ranging from 48 to 72 hours.
Moreover, the differences among TER pairs are less marked compared to UC-social and Steemit. In
this case, it is interesting to note that it takes about one week to form the 3-node directed loop 34,
the closed temporal triad distinguishing this network. The range of median delay values increases
further in the Cryptokitties network, where overall high median delay values are observed, with
a minimum close to 800 hours. The speeds among TERs sharing the same precondition tend to be
very similar, with minimal differences. In short, we can state that Cryptokitties is a slow-growing
network, where closed temporal triads take much more time to form. Even Enron exhibits some
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Fig. 9. TER delays. The plots represent the median TER delay measured in each dataset. For each TER, we
represent the median delay value of all the triads classified with the same TER-ID. On the x-axis, we place
the TERs ordered based on their rule precondition. TERs that share the same precondition are aligned. On
the y-axis, we have the range of median values.

of the highest median delay values, with certain rules taking up to 1,500 hours. Interestingly,
Enron also shows significant discrepancies, with a few TERs forming very quickly, even within
an hour. Such stark variations seem unique to the Enron dataset. For instance, this extreme trait
characterizes rules 2 — 31 and 2 — 35, as in the case of Steemit. In fact, a possible explanation of
this evident difference in the median delay is very similar to the one proposed for Steemit: the first
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Fig. 10. Tradic profiles changing the initial point. On the top, we display the overall triadic profiles for
the selected networks. At the bottom of the figure, the triadic profiles of all the networks by setting the initial
point to the first (Q25), second (Q50), and third (Q75) quartiles of timestamps distribution, respectively.

rule captures a sequence of events that is facilitated by the nature and the functionalities of the
service. Finally, in Bitcoin Alpha, we observe an evident variation of the TER delays which depends
on the type of the precondition. In fact, in this growing network there is a correlation between
the frequencies in the growth triadic profile and the TER delay: the most frequent closed temporal
triads, whose preconditions are characterized by two reciprocal or mutual links, are also the
fastest. To sum up, the differences among the six temporal networks characterizing the evolution
patterns connected to the triadic closure are further emphasized from the dynamical standpoint
captured by the TER delay. While these differences may be quite expected in the platforms coming
from the Web3 domain since they have very different natures—from trade to cooperation and
social media—it is worth noting that even networks supporting the same type of interactions, i.e.,
communication by e-mails, show consistently different traits in term of formation speed of closed
triads.

6.5 Sensitivity to the Initial Point

Since most of the temporal annotated datasets have started collecting graph events from already
running systems, it may be the case that our methodology is not able to capture the triadic clo-
sure process of the initial phase of the network and it may bias the outcomes of the analysis. To
overcome this issue and to measure how much results are sensitive w.r.t. the starting point of the
dataset, we extracted the census of time-ordered triads starting from the 25° h 5oth 75th percentile
of timestamps distribution. Figure 10 shows the profiles of the different censuses when the starting
time changes. A preliminary and visual comparison of the census profiles across the datasets and
across the subsets of the datasets, i.e., dataset quartiles, show that results are stable against the
different starting points.

To gain insights into the stability of TERs and quantitatively support the above hint, we
compute the cosine similarity of half-vectors of the triadic profiles of the overall datasets
and the half-vectors of the triadic profiles of the datasets with quartile-based initial points.
In both cases, a half vector of a triadic profile corresponds to the probability of one of the
two possible heads (the other one is the complementary one), for each of the 28 precon-
ditions. The chosen heads for the half-vectors are 28,30, 35,32, 36,43, 38, 39, 40, 41, 54, 55, 56,
51,58,53,61,63,65,67,69,71,73,75,77,79, 80, 83.
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Table 3. Cosine Similarity between the Vector of
Probabilities for the Whole Timespan and the
Ones Starting from the 25”1, 50”’, 75th Percentile
of Timestamps Distribution

Cosine Similarity | Q25 Q50 Q75
Bitcoin 1.000 0.999 0.993
UC-social 0.990 0.978 0.887
Enron 1.000 1.000 1.000
Cryptokitties 0.999 0.993 0.988
Sarafu 1.000 0.998 0.997
Steemit 1.000 1.000 1.000

The results reported in Table 3 indicate a high similarity among the TERs profiles in all the
datasets pointing out an overall stability of the evolution rules driving the triadic closure process.
Finally, to evaluate the significance of the high similarity scores, we evaluate the significance of the
scores w.r.t. random TERs. In particular, we randomly generated 1,000 half-vectors and computed
the cosine similarity between each of them and the true half-vector. In all the cases, except for the
Q75 of UC-social (p-value= 0.1), the p-value is very close to 0, indicating that the similarity is not
the result of randomization.

6.6 Discussion

By examining the enumeration of closed triads alone (the first step of the pipeline shown in
Figure 2: census), we gain an initial understanding of the triadic closure dynamics within networks.
Notably, our analysis using the profiles (step 2) highlights a lower frequency of closure patterns
with reciprocal edges, except for Bitcoin Alpha. This implies that, more commonly, the closure of a
triangle occurs without requiring the subsequent creation of a reciprocal edge, as the closing edge
typically precedes the reciprocal one. However, delving into the TER framework provides a novel
perspective on the evolutionary features of the triadic closure process, particularly important in
social networks. Figure 11 depicts the rule that created the most frequent closed triadic patterns.
Each row represents a couple of rules that share the same precondition, shown at the center. On
either side of the precondition (open triad), there are only two possible postconditions (closure in
one of the two directions). By comparing the probability and the delay of the two different rules
sharing the precondition, we can extract insightful results.

For instance, the rules in Figure 11(a) depict a typical feed-forward loop where initially two
nodes share a common source or sink, i.e., the common in-neighbor, then the triad evolves by the
creation of a connection closing in one of the two directions, either starting from the node that
first connected with the initiator or the other one. Creating a connection could mean sending an
e-mail, buying an NFT, following a user, and so on, and in general, it indicates that there is one
node that receives twice the information provided by the skin and carried out by the interactions,
but the second time the information is mediated by the other element of the triad, i.e., the broker.
Moreover, looking at the probability of the rules in Figure 8, we notice that it is not relevant who
closes the triangle, because the two possible closures have balanced probability for all networks,
probably for the symmetric type of pattern. From Figure 9, we observe that even the TER delay
is balanced, indicating that for speeding up the closure of the triad it is not important who is the
first destination selected by the initiator. So, in the formation of a feed-forward loop that starts
from the precondition @ both the closed temporal triads are equally likely and they take the same
amount of time to be established.
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Fig. 11. Examples of TERs found on every dataset. For each row from (a) to (e), two rules sharing the same
precondition are depicted.

Figure 11(d) instead depicts the rules originated by the precondition3, i.e., the dual of precondi-
tion @, where two nodes actively interact with a common target node. In this case, it is more likely
that the node that closed the triangle is the one that created the last interaction in the open triad,
generating the closed temporal triad 33. Moreover, it is also the fastest, as shown by inspecting
the results of Figure 9.
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The rules starting from preconditions 1 and 2, reported in Figure 11(b) and (c), share the same
insights and are both characterized by a chain structure as a precondition (static version, neglect-
ing the sequence of events). For instance, starting from the open temporal triad 1, the rule can
close either with an edge in the same direction as the other ones (thus forming a 3-node directed
loop) following the rule 1 — 34, or in the other way following the rule T — 30. The same
structure is reflected in rules 2 — 35 (chain) and 2 — 31. In both cases, the rule that does not
come into a static loop is always more likely to be observed along the growth of the network,
especially in the case of Enron and Steemit for rule 2 — 31. This reflects the fact that the chain
does not explain perfectly the social mechanism of the triadic closure while rules 1T — 29 and
2 — 31 are closer to it. Looking at T — 30 for example, we have a node that connects with
another one, and then close the triangle connecting to the node its neighbor is connected to. As
for the delay, while for rules starting with 2 there is no evident characterization, in the case of
rules starting from 1 we notice that the confidence is proportional to the delay, i.e., the most con-
fident rules forming a type of feed-forward loop are a bit slower than those ending into temporal
loops.

Another key insight concerns reciprocal/strong connections: often, the closure comes from the
strongest link, i.e., the reciprocated one. For instance for the rules in Figure 11(e), the rule 6 — 38
is always more probable than the opposite case of 6 — 44.

7 Conclusions

This study represents a significant stride in the understanding of the growth of the structure of
Online Social Networks, particularly through the lens of triadic closure processes. Our analytical
approach, leveraging growing networks from varied social platforms, reveals the nuanced and dy-
namic nature of triadic closure across different OSNs. The introduction of the growth triadic profile,
a vector-based representation of growing networks, and the concept of TER delay accentuate the
variability in the evolution of OSNs. Most notably, our findings confirm the universal presence of
triadic closure in all analyzed networks, yet with discernible differences in the formation speed of
closed temporal triads and the likelihood of closing an open temporal triad in a specific way. This
underscores the unique character of each OSN, even within similar interaction types. The skew-
ness observed in triadic closure profiles, predominantly influenced by feed-forward loops, and the
unbalanced confidence levels in TERs further delineate the diverse evolutionary patterns of these
networks.

Our research contributes substantially to the field of OSN analysis, offering novel methodologi-
cal tools and insights. These findings are not only academically intriguing but also bear practical
implications. They provide network administrators and platform designers with a deeper under-
standing of the temporal dynamics at play, enabling them to better anticipate and guide the evo-
lution of their platforms. Additionally, the insights gleaned from this study could be instrumental
in harnessing the potential of OSNs for various applications, ranging from marketing strategies to
community building. In conclusion, this research unveils the complex structure of temporal con-
nections within OSNSs, providing a clearer picture of how digital social interactions unfold over
time.
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Fig. 12. TERs listing. All the possible 56 TERs. In each TER, the precondition is on the left of the blue arrow,
while the postcondition is on the right. The numbers on the directed links denote the order of creation. In
the case of a mutual/reciprocal link, the order refers to the closest arrow: for example the precondition of
the TER 4 — 36 is defined by the following sequence of events: the link (0, 1) is created at ¢t = 1, the link
(0,2) is created at t = 2 and the mutual link (1,0) occurs at ¢t = 3.
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