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Abstract
We present a statistical model for the joint analysis of temporal social network data
collected as relational events (e.g., digital traces) and as a series of relational states
(e.g., repeated surveys). This model effectively combines behavioral and cognitive
measures of social ties. It enables hypothesis tests on the coevolution between digital
behavioral traces of relationships (e.g., social interactions online) and their cognitive
perceptions (e.g., friendships). We introduce a new estimation routine, based on the
expectation-maximization algorithm, to address the challenge posed by observing
digital and survey data at different frequencies. We apply this framework in an
empirical study of an emerging community of first-year undergraduate students at a
Swiss university. We combine repeated survey measures of friendship perceptions
with time-stamped social media connections collected through the Facebook API.
Our results suggest that the online and offline networks coevolve: changes in one
network provide valuable information for modeling the respective other. Additionally,
indirect connections in the offline network were associated with the creation of direct
ties in the online network. Both networks exhibit similarities in transitivity, homophily,
and gender effects. However, they differ in preferential attachment: there is evidence
for degree popularity online and against it in the offline network. The paper
highlights the broad applicability of the model for future dynamic social network
studies that combine relational events and relational states.

Keywords: Dynamic social networks; Statistical modeling; Relational events;
Relational states; Friendship; Social media

1 Introduction
Humans increasingly live parts of their social lives on digital platforms, creating new and
exciting opportunities for researchers to study and understand the dynamics of social net-
works on both a large scale and in microscopic temporal detail. The promise of the emerg-
ing scientific field of Computational Social Science (CSS) is that a single research study
could investigate the networks of millions of users and use behavioral data for each user
that was recorded to the millisecond. In their foundational paper, Lazer et al. [1, p.722]
hail the opportunities provided by “the capacity to collect and analyze data with an un-
precedented breadth and depth and scale”. In a related initial work, Conte et al. [2, p.342]
argue that “the availability of unprecedented amounts of data about human interactions
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[...] opens the possibility of using those data to leverage knowledge about social behavior
beyond research on the scale of tens of people.”

However, since the early euphoria in the CSS community, researchers have increasingly
recognized that merely studying large digital online platforms comes with limitations. In
social network studies, it has become evident that automatically collected data of interper-
sonal interaction may be difficult to interpret and validate without knowing the qualitative
contexts in which they appear [3, 4]. Similar-looking social media traces may relate to very
different real-life (offline) relationships, such as friendship, work interactions, or even en-
mity. However, collecting additional cognitive measures of how individuals perceive their
actions and social relationships often proves difficult, as data are commonly controlled by
platform providers and are affected by platform algorithms [5, 6]. Cognitive data on so-
cial networks are best collected through surveys that represent the cognitive states of an
individual’s social relations.

Dynamic social networks are commonly measured and represented in one of two ways.
The first approach considers the states of social ties in a series of networks collected at
discrete points in time. These data are represented as series of relational states. Rela-
tional states are commonly assessed in survey panels, where individuals’ perceptions of
their own social relationships at the time of the survey are measured (e.g., asking “who
are you friends with?”) rather than their perceived times of change, which are harder to
recall (e.g., asking “when did you become friends?”) [7]. Digital data may also be collected
as sequences of relational states, for example, when continuous measurement of an online
platform is technically not feasible but it can be accessed at discrete time points. Obser-
vational and archival network data often take the form of relational states, for example,
when researchers encode observed social interactions only in specific observation peri-
ods as a static network or when economic interactions are archived as annually aggregated
data.

The second approach considers exact sequences of dyadic events that change the state
of a social tie (e.g., creation or deletion), reflect its presence (e.g., instances of interac-
tion signaling an underlying social tie), or represent other instances of dyadic interaction
without necessarily assuming the presence of an underlying social tie (e.g., interpersonal
communication on an online platform). These data are represented as sequences of re-
lational events. Relational events are often time-stamped and are commonly collected
in the context of digital data, for example, in communication networks (e.g., who called
whom at what point in time) or on social media platforms (e.g., who started following
whom or engaged with content at what point in time) [8]. Other types of dynamic net-
work data (e.g., observed face-to-face interactions) or archival data (e.g., historical time-
stamped economic transactions) may be collected as relational events [9]. The distinction
between relational states data and relational events data is first and foremost a matter of
data representation – are dynamic networks represented as sequences of state matrices or
as sequences of relational events? The constructs they represent may be related. Relational
events can, for example, indicate the onset or dissolution of a stable social tie or can have
a duration [9, 10]. Similarly, relational states data may represent aggregates of relational
events in a temporal period.

The decision between collecting relational event data or series of relational states of-
ten follows practical considerations. In dynamic social network studies, behavioral data
are commonly collected as time-stamped relational events using digital platforms or dig-
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ital measurement tools, whereas cognitive perception data are collected as a series of
relational states through survey panels. The combination of different measurement ap-
proaches using relational events and relational states is rare but may provide a more nu-
anced picture of social network dynamics. First, they may capture the same relational con-
struct from different perspectives, for example, the perceived and observed communica-
tion intensity between individuals. Second, they may capture different qualitative dimen-
sions of the same construct, for example, the perceived interaction quality and the ob-
served interaction frequency. Third, they may capture different but interdependent layers
of relationships in the same setting, for example, perceived friendships and changes of so-
cial media connections. It is commonly the case that relational states collected through
surveys represent a cognitive dimension of social ties, whereas relational events collected
through digital means represent a corresponding behavioral dimension. The simultane-
ous collection of relational event data and relational states data is practically often difficult,
and thus not yet common in empirical studies.

Only recently have new study designs emerged that combine cognitive and behavioral
dimensions and measure both relational events and relational states in social networks
[11, 12]. Indeed, researchers in social networks have long argued that social relationships
are complex and consist of at least a cognitive and behavioral component that should be
studied jointly [13, 14]. Large-scale data-driven approaches that rely exclusively on dig-
ital data may exhibit inherent limitations regarding the scientific insights and substan-
tive impacts they generate. Consequently, there has been a growing demand for methods
that integrate large-scale studies on digital platforms with deep cognitive and behavioral
survey measurements developed by social and cognitive scientists [4, 15, 16]. However,
one core challenge of conducting hybrid studies is the current absence of methodologi-
cal frameworks that allow for the joint analysis of social network data derived from both
digital platforms and survey instruments. In fact, recent review papers on relational event
models have called for the development of such statistical tools [9, 17].

In this paper, we introduce a novel statistical and methodological framework for the
study of the coevolution of social networks measured both as relational events (e.g., in-
teractions on online social media platforms and other digital trace data), and relational
states (relationships elicited through social network surveys). The utility of this analytical
approach is empirically demonstrated through the investigation of emerging social net-
works in a community of first-year undergraduate students. We integrate relational event
data on social media connections between students, collected through the Facebook API,
with relational state data on perceived friendship relations, collected through a longitu-
dinal survey panel among the same individuals. These data are modeled jointly to test a
variety of dynamic mechanisms within and between the two networks.

2 Related work
The study of social network evolution has garnered significant attention across various
disciplines in recent decades, with researchers inquiring about the circumstances under
which social ties are most likely to change. Various theoretical explanations have been pre-
sented that are concerned with how existing network structures and individual attributes
can affect the probability that new ties emerge or dissolve [18]. Among the most common
theoretical explanations are the role of reciprocity, embeddedness and transitivity, popu-
larity and preferential attachment, and homophily [7, 19–21]. The interdisciplinary aspect
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of social network analysis has motivated the continuous development and refinement of
methodologies that cater to the particularities of the observed data, behaviors, and events
specific to different social groups.

A fundamental requirement for analyzing network evolution is the availability of tem-
porally structured data whose collection is determined by the type of relationships and
the mechanisms studied. Longitudinal data collection, such as repeated surveys, remains
a widely adopted approach, with network observations collected in a survey panel design,
balancing between granularity and feasibility [7]. Recently, with the world’s digitalization,
collecting temporally accurate interaction data, often referred to as relational events, has
become an accessible and fast alternative [9]. Although survey data can be costly and chal-
lenging to collect, they can capture aspects that time-stamped data cannot. Individuals’
perceptions, attitudes, beliefs, and behaviors outside the digital realm can be overlooked
when collecting data merely as relational events. In contrast, high-frequency temporal
data, such as online social media data, can uncover latent patterns in offline network dy-
namics or objective relational behavior that would otherwise remain hidden, affected by
biases, or only partially revealed by survey data. The rapid rise of social media platforms
such as Facebook, Twitter, and Instagram has fueled a growing interest in the study of
online social networks and their dynamic evolution [8]. For instance, researchers have ex-
amined how users form and dissolve online friendships over time [22, 23] or how retweet
and like networks evolve on online platforms [24–26]. Similarly, new digital measurement
devices became available that allow continuous online tracking of individuals’ behavior
and interactions [27, 28].

In the presence of uneven temporal granularity, in particular, relational states and re-
lational event data, a standard solution is to unify frequencies, for example by aggregat-
ing event data into time windows, or conduct separate analyses. The latter allows for the
use of various models tailored to specific data types. Panel data analysis and modeling
have been extensively studied, with established methods such as Stochastic Actor-oriented
Models [SAOMs, 29] and Temporal Exponential Random Graph Models [TERGMs, 30]
offering valuable insights into relational dynamics. Additionally, time-stamped relational
data can be analyzed effectively through Relational Event Models [REMs, 9, 31] or their
actor-oriented counterpart, Dynamic Network Actor Models [DyNAMs, 32]. However,
a notable gap remains in the literature regarding the coevolution of relational states and
relational events.

There appears to be a growing trend in empirical social network studies to combine
cognitive and behavioral measures of social relationships. Some recent empirical stud-
ies discuss the co-occurrence of online and offline interactions [e.g., 33–35]. Other recent
studies propose to combine survey data with data from digital traces [15, 16, 36, 37]. There
is indeed evidence that online and offline social ties of the same individuals are coevolv-
ing and perceived and utilized differently. Subrahmanyam et al. [38] show that individuals
might take advantage of differences in communication online and offline to convey con-
cerns that otherwise would not be shared in person, thereby increasing their social capital.
de Zúñiga et al. [39] test the empirical differences of social capital online and offline, high-
lighting the structurally unique nature of social media interactions. Cole and Griffiths [40]
show that the relative anonymity and reduced social pressure of online environments fos-
ter a sense of safety, which allows users to express themselves more freely and facilitates
the connection with communities of shared identity. Steinfield et al. [41] argue for the
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additional value of social media for introverted people or those with lower self-esteem,
showing how the use of Facebook contributed more significantly to their bridging social
capital in comparison to other students. Spottswood and Wohn [42] present a collection
of different approaches to the study of online social capital, encouraging researchers to
consider the repercussions of offline events on the need and use of online social capi-
tal. Berger et al. [43] highlight the need for in-depth studies of the structural differences
between digital and in-person interactions and the interconnection of users online and
offline.

Survey-focused studies have increasingly acknowledged the role of social media in indi-
viduals’ social lives by assessing aspects of its use and impact. Some studies have asked ad-
ditional questions about the users’ time spent on apps or the types of relationships created
on them [12, 41, 44]. Surveys appear to be the preferred methodology for gathering data
about the impact of social media usage on social networks, their perceptions, influence,
and behaviors [45]. Al-Yazidi et al. [46] recently raised awareness about the complexity of
the influence between networks. They argue that social networks are multi-dimensional
and context-dependent and that these aspects are easily overlooked. Moreover, Kahai and
Lei [47] encourage researchers not to assume beforehand the impact of online networks
on offline relationships, but to understand under what circumstances this influence may
be present.

3 Model
We propose a model for the joint analysis of temporal social network data collected si-
multaneously in the same social setting as relational events and relational states. A social
setting may, for example, be an organization, a sub-community of an online platform, or
– as in the empirical part of this paper – a group of university students who form inter-
personal social ties while also interacting with one another online.

Relational events could, for example, represent automatically recorded time points at
which individuals interact with each other on an online platform. We denote by 𝒜 the
set of actors in a specific social setting. A relational event ω = {i, j, t : i, j ∈ 𝒜} is an in-
stantaneous interaction characterized by the event sender i, the event receiver j and the
time t at which the event occurred. The ordered sequence of relational events, denoted as
Ω = {ω1,ω2, . . .} constitutes the relational event data [9].

Relational states could represent individuals’ perceptions about their social ties in the
same community of individuals. Social network surveys can be conducted repeatedly at
M > 1 points in time [7] to assess, for example, who individuals perceive to be their friends
at the time of data collection. The resulting data, denoted as x = {x(t), t = 1, . . . , M}, con-
sist of ordered sequences of adjacency matrices x(t) with elements xkl(t) = 1 if individual
k is tied to individual l at time t (for example, k reports l as a friend) and xkl(t) = 0 other-
wise. Hereafter, for simplicity, we assume that M = 2. However, the model we propose is
applicable to longer panel designs.

Two consecutively observed networks of relational states are likely to differ due to tie
changes consisting of tie creations and terminations. These changes are not directly ob-
served due to the panel design. We conceptualize the sequence of tie changes as two sets
of unobserved relational event lists: the sequence of tie creation Ω̃c = {ω̃c

1, ω̃c
2, . . .} and the

sequence of tie termination (or deletion) Ω̃d = {ω̃d
1 , ω̃d

2 . . .}.



Stadtfeld et al. EPJ Data Science           (2026) 15:81 Page 6 of 21

In the sequence Ω̃c each event ω̃c
h = {k, l, t̃} represents an ordered pair of nodes that got

connected between the first and second observation, i.e., the following conditions hold:

t1 < t̃ < t2

xkl(t1) = 0

xkl(t2) = 1.

Here, we consider only cases where ties are newly created based on the panel information,
but the event list can be further augmented with self-canceling events, for example a tie
being first created and then being dropped while not being present at both times t1 and t2.1

Similarly, the sequence Ω̃d includes the unobserved sequence of tie deletions between two
subsequent observations for cases of dyads xkl where xkl(t1) = 1 and xkl(t2) = 0, t1 < t̃ < t2.

Building upon earlier work [49], we consider changes in each of the event lists to follow
a Dynamic Network Actor Model. Each event (an observed relational event, or an unob-
served event of tie creation or deletion in the survey data) is assumed to be governed by
a continuous-time Markov process in which the hazards of an event are constructed as a
two-step process of actors’ propensities to occur as the sender of events (for example, to
initiate an online interaction or to create or delete a tie in the relational states network)
and senders’ choice of the event receiver (who to interact with or change a relationship
with). The state space of the process is defined as the set of process states y(t) ∈ Y at time
t, which can entail various information, such as the state of one or multiple networks and
the current attributes of the actor.

Since the model assumes that the sequence of events is the outcome of a Markov process,
the waiting time between two consecutive events has an exponential distribution with
rate modeled by the rate function ρi describing the frequency at which an actor i gets
opportunities to send an event. The rate function is actor-specific and expressed by the
linear function

ρi(y,γ ) = exp

(︃
γ0 +

|r|∑︂
m=1

γmrm(i, y)

)︃
(1)

with r(i, y) a vector of statistics capturing the dependence of the rate on actors’ attributes
and network positions weighted by parameter vector γ . The parameter γ0 serves as a
model intercept, expressing the baseline waiting time between two subsequent network
changes of the same actor, assuming that all other statistics are zero. The statistics express
the differential tendencies of actors to make network changes, for example, based on their
demographics, psychological traits, or their degree and embeddedness in the network.
Examples of statistics are the value of an attribute v, the out-degree and the number of
transitive triads in which an actor i is embedded:

r1(i, y) = vi

r2(i, y) =
∑︂
j∈𝒜

xij

1Self-canceling ties may also be considered for cases where ties are present in two subsequent survey waves. Such cases
are not considered in this paper, but the method can be straightforwardly generalized to accommodate self-canceling
observations as in the method of Snijders et al. [48].
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r3(i, y) =
∑︂
j∈𝒜

∑︂
k∈𝒜\j

xijxjkxik ,

with v, x ∈ y and diagonal elements xii = 0.
The parameter γm measures the strength and the direction of the dependence of the

rate on the statistic rm. For example, if vi is the level of extraversion of actor i, a positive
estimated parameter γ1 associated with r1(i, y) suggests that extraverted actors are more
likely to initiate relational events.

Conditioning on actor i becoming active and sending an event, the choice of the receiver
is modeled as a multinomial choice model [50]. Thus, the probability that actor i selects
actor j as receiver is:

pij(y,β) =
exp

(︁∑︁|s|
m=1 βmsm(i, j, y)

)︁
∑︁

k∈𝒜\i exp
(︁∑︁|s|

m=1 βmsm(i, k, y)
)︁ , (2)

where βm are the parameters and the functions sm are statistics describing how attributes
of the event receiver, similarities between the sender and receiver, or the position of the
i–j dyad in the current network affect the choice of the receiver. Examples of statistics
describing the tendency towards attribute homophily, preferential attachment, and triadic
embeddedness in receiver choices are:

s1(i, j, y) = I(vi = vj)

s2(i, j, y) =
∑︂

k∈𝒜\{i,j}
xkj

s3(i, j, y) =
∑︂

k∈𝒜\{i,j}
xikxkj (3)

with v, x ∈ y.
The vectors of statistics r and s express what Stadtfeld and Amati [18] defined as network

mechanisms: structural tendencies that are regularly found in social networks and that can
be linked to one or multiple causal explanations of tie formation.

Under the assumption of conditional independence, given the process state y, the tran-
sition rates of an event with sender i and receiver j are:

λ(i, j|y,γ ,β) = ρi(y,γ )pij(y,β) . (4)

The dynamics of social networks collected as relational events and as relational states
can be modeled by this transition rate, which, together with the process state space Y ,
constitutes a continuous-time Markov process. However, in the case of relational states,
the actual transitions are not observed and only the initial and final network states y(t1)

and y(t2) are known. The process state resulting from the transition at time t shown above
is denoted by yi→j ∈ Y . It is identical to y except for changes triggered by the event {i, j, t}
(e.g., a new tie from i to j being added to a network x). In the simplest model, we consider
three competing Markov processes λev, λc

st, λd
st. These processes govern the tendency of

individuals to send relational events, to create and delete ties in the states network respec-
tively. We denote the set of all model parameters as

θ = (γev,γ c
st,γ

d
st ,βev,βc

st,β
d
st) (5)
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which are jointly estimated given the data. For a set of event sequences (Ω, Ω̃c, Ω̃d), we can
formulate the likelihood function L(θ |Ω, Ω̃c, Ω̃d, y(t1)) for the vector of parameters θ , based
on the (augmented) event data and the initial information available in the process state y
at time t1. Since the sub-models are conditionally independent given the process state,
the likelihood functions can be derived and maximized separately for all coefficients. For
the receiver choice models, the likelihoods follow from the choice probabilities in Equa-
tion (2). For example, we have:

Lβ(Ω) =
∑︂
ω∈Ω

pij(y(tω),β), (6)

where y(tω) denotes the process state just before the observed relational event ω. It should
be noted that y may also be altered by the augmented event sequences Ω̃c and Ω̃d , which
means that while the likelihoods are statistically independent, the processing of states re-
quires a joint computation of chains. The likelihood formulation of the individual rate
models Lγ (Ω) is derived similarly from exponential waiting time probability models and
considers both the time intervals between two consecutively observed events within a
chain (e.g., the waiting times between relational events), as well as the right-censored time
intervals that are caused by events in other chains (e.g., creations and deletions of the re-
lational state network). A detailed derivation and discussion of the likelihood functions
Lγ (Ω) and Lβ (Ω) for DyNAM models are provided in [49].

The proposed actor-oriented representation of network changes – considering actor
activities and their tie choices in two steps – has been introduced by Snijders et al. [29] for
the case of relational states data collected in network panels and has later been applied to
the case of relational event data [51].

4 Methods
Estimating the vector of parameters θ is relatively straightforward when working with ob-
served relational event sequences. Parameters are estimated using a maximum likelihood
approach [49, 51]. However, the challenge arises when we incorporate data on relational
states, as the sequences or chains of certain event types (Ω̃c, Ω̃d) are unknown. This is be-
cause we only observe networks at discrete time points, rather than the step-wise changes
that occur between those points.

Related methods for the integration of survey data and time-stamped data (that are not
both network data, as in our approach) have recently been discussed [36, 52]. In our case,
the unknown event sequence Ω̃ = {Ω̃c, Ω̃d} representing the creation and deletion of offline
ties can be treated as missing or latent data during the estimation process. Figure 1 demon-
strates how this can be accomplished. The upper part of the illustration represents the
online data, from which we have completely observed the sequence of relational events.
The lower part depicts two observed networks in a panel design. Since the sequence of
relational states is unknown, we augment the data by stochastically generating possible
sequences, as described in the following lines.

We take advantage of the fact that the probability of a given chain can be expressed
in a closed form, similar to the likelihood function but depending on the parameters θ

and the known data y(t1): P
(︁
Ω̃|θ ,Ω, y(t1)

)︁
. The data can thus be augmented by imputing

missing chains that are weighted with a function of their respective probability, according
to the principles of importance sampling. Samples of sequences of unobserved events are
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Figure 1 The estimation routine combines two types of data: i) relational event data (e.g., new social media
connections) that are directly observed and ii) relational states data (e.g., friendship perceptions) that are
collected in survey panels without information on the actual sequences of tie creations and deletions. Those
unknown sequences are drawn from the model. Network depictions use the shapes and colors of Fig. 2

obtained through an iterative process, in which the events of creation and deletion are
sampled following a two-step approach. A sender, from the observed ones, is drawn, with
probability given by rate model specification. Similarly, a receiver is drawn and a time for
the event is simulated from the exponential distribution.

To integrate the imputed event sequences, we apply the Expectation-Maximization [EM,
53] algorithm, an iterative optimization approach particularly effective for problems in-
volving latent variables. The EM algorithm consists of two steps repeated until conver-
gence. In the Expectation step (E-step), the objective function Q, is calculated as the con-
ditional expected value of the complete data log-likelihood given the observed data and
the current parameter value. The Maximization step (M-step) updates the parameter es-
timate by maximizing the expected log-likelihood computed in the E-step. When direct
computation in the E-step is challenging, the Monte Carlo EM (MCEM) algorithm pro-
vides a practical alternative by approximating the objective function through averaging
the log-likelihoods over samples of the latent variable drawn from a distribution parame-
terized by the previous iteration’s estimates. Similarly, when the M-step cannot be solved
analytically, optimization methods such as Stochastic Gradient Descent [SGD, 54] can be
employed for parameter estimators updates.

In our implementation, missing event data are drawn using an improving sequence of
intermediate parameter estimates θ1, θ2, . . . , and the estimators are subsequently updated
using the information from the generated sample, until the algorithm converges towards
a satisfactory estimate θ̂ .

The implemented algorithm is based on the Ascent-based Monte-Carlo Expectation-
Maximization algorithm [55] and is summarized in Alg. 1. The algorithm operates on the
principle that at each iteration, the objective function Q̃2 is approximated with the gen-
erated unknown chains of formations and dissolutions in the relational states network.
The asymptotic convergence of ΔQ̃(θ t , θ t–1) to a normal distribution, with approximated

2Q̃(θ ,θ ′) =
∑︁

i wi (θ ′ )ℓ(θ )∑︁
i wi (θ ′ ) , with wi =

f (θ ,Ω̃i )
f (θi ,Ω̃i )

the importance sampling weights for a sampled sequence of events Ω̃i obtained
from the parameters θi ; f the likelihood of the observed data; and ℓ the complete data log-likelihood.
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Algorithm 1 Estimation algorithm
Input: Relational event data, panel data, model specification.
Parameter: Optional list of initial parameter estimates, maximum number of iterations
(max_it), tolerance (tol), quantiles zα1 and zα2 , and parameters for the SGD routine.
Output: Parameter estimates and standard errors.

1: Let it = 0.
2: Generate samples (event sequences).
3: while it < max_it do
4: SGD: update parameter values.
5: if ΔQ̃ – zα1 ASE < 0 then
6: Increase pool of samples, update importance sampling weights.
7: else
8: Accept parameter update, it ← it + 1, check if pool of samples needs to be in-

creased, update importance sampling weights.
9: if ΔQ̃ + zα2 ASE < tol then

10: end
11: end if
12: end if
13: end while

standard error (ASE), allows for testing the significance of the improvements in the objec-
tive function between steps. If the improvement is statistically significant at a level α1, the
parameter estimate update is accepted. If there is no improvement, the sample pool size
is increased to account for the possible Monte Carlo approximation error, and the step is
repeated. Similarly, the upper confidence limit at level α2 (potentially distinct from α1) is
computed to determine the end of the algorithm when the improvements are negligible.
Reference values for the algorithm’s parameters, such as significance levels, are provided
in [55] and [56]. The algorithm is implemented as an extension to the goldfish software
package in R [57].

To reduce computational load, the generated sequences of events for the relational states
network are reused throughout the iterations of the algorithm, adapting the importance
sampling weights accordingly [58]. To be able to combine samples obtained from different
distributions, according to the value of the estimators in the iteration they are drawn, we
follow the simplest correction scheme of the importance sampling weights presented in
[59]. These weights are also used in the SGD routine. In particular, motivated by the ideas
on [60, 61], we perform mini-batch SGD, and choose the sequences of the batches based
on their importance weight.

5 Empirical setting and data
To demonstrate the practical applicability of the model, we utilize a subset of the Swiss
StudentLife Study, which is a longitudinal social network study conducted in Switzerland
within a STEM-focused undergraduate environment [12, 62]. The data collection of this
study included an “offline” longitudinal survey component as well as an online component
of social media connections. Friendship perceptions (the offline network) were collected
as part of a repeated web survey in which students were asked whom among their fellow
students they consider a friend. At each survey, students could nominate up to 20 people.
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Overall, 218 students participated in the survey part of the social networks study. A subset
of N = 78 participants further volunteered to give access to their Facebook API, through
which we recorded Facebook “friendships” with others (the online network). Data could
only be accessed if both Facebook friends gave access to their API. At the time of data
collection in 2016, Facebook was among the main social media platforms used by students.
While collecting data in early 2017, Facebook changed its access policy for researchers
so that the Facebook data collection had to be discontinued.3 However, we were able to
collect three waves of survey data while having access to the Facebook API, two of which
are jointly analyzed through a statistical network model for the first time in this paper.

The data thus comprise a set of 78 actors for whom changes in both their offline friend-
ships and online social media ties are recorded simultaneously. While Facebook connec-
tions were referred to as friendships on the platform, we do not consider the online and
offline networks to be different measurements of the same underlying construct of friend-
ship, but rather two distinct relationship layers that are expected to coevolve but have a
distinct function and meaning for the individuals in our study. The data collection oc-
curred in a period shortly after the participants joined an undergraduate STEM program
and the resulting networks are thus expected to be highly dynamic.

The study period covers data from October 17 to December 19, 2016, which started
approximately one month after students joined the university in September, when they
primarily met others from their study program for the first time [12]. The offline friendship
network was collected in two panels at the beginning and end of the analyzed period. The
first friendship network included 148 connections, while the second network consisted
of 149 connections. However, the friendship network was highly dynamic: 61 of the ties
observed in December did not exist in October, and 60 of the ties reported in October
were no longer present in December.

In the same period, 80 pairs of individuals created a new Facebook connection. These
data were recorded as time-stamped events. At the time of the first survey wave in Octo-
ber, 52 Facebook ties already existed and – as no social media tie was deleted during the
study period – in December the online network consisted of 132 ties. The initial and final
networks are plotted separately for each network type in Fig. 1, which also includes three
intermediate states of the Facebook network. The two types of relationships exhibit some
overlap, with 29 cases of overlapping ties at the first survey wave in October and a slightly
higher overlap of 41 ties at the second survey wave in December. The second observed
network, consisting of both Facebook ties and friendship perceptions, is shown in Fig. 2.

During the period preceding the October survey, 2.08 Facebook events per day over the
whole population (std. dev. 2.96) were observed, with a minimum of 0 and a maximum of
11 events in a single day. During the analyzed period between October and December, the
observed rate decreased to 1.25 tie creations per day on average (std. dev. 2.15), ranging
from 0 to 15 events per day.

Information on research ethics and IRB approval, enumeration and incentivization, data
availability, and additional details on the data collection and study design are available in
Vörös et al. [12].

3Facebook data were collected from September 2016 to April 2017, but then stopped as Facebook restricted its policy for
research access. Three waves of friendship survey data are available during this period, which were collected simultane-
ously with the online data. Here, we use two of those data waves. The offline study continued for another three years, but
unfortunately, no additional online data could be collected through the Facebook API.
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Figure 2 Social networks between students at time t2 in December 2016. Students were enrolled in one of
three different majors, indicated by node color. Node shapes show gender (female as triangles). Thin light
blue ties indicate undirected Facebook connections between individuals, dark blue arrows indicate directed
friendship perceptions, and thicker dark green arrows indicate an overlap between the two networks

6 Results
The results of the new events-states model are presented in Table 1. These results repre-
sent various network mechanisms that are included in the activity rate of individual actors
in the upper part of the table (modeled as in Equation (1)) or in the choices of tie receivers
in the lower part (modeled as in Equation (2)). The proposed new model is represented
by the first three columns of coefficients, which are estimates of the parameter vector θ in
Equation (5), referring to the tendencies to create Facebook ties, create friendship ties, and
delete friendship ties. An alternative to jointly modeling the two networks is to conduct
two separate analyses: one focusing on online dynamics and the other on offline dynamics
as the dependent variable. In this approach, information from the other network is treated
as static and is considered exogenous. Consequently, we compared the proposed model
to a Dynamic Actor Network Model (DyNAM) for the online dynamics, and a Stochastic
Actor-oriented Model (SAOM) for the network panel data. The results from these models
are displayed in the fourth and last two columns of Table 1. The DyNAM models the rela-
tional event dynamics of the growing Facebook network, and considers the survey-based
friendship data from the first observation as a static network covariate. The SAOM is the
most commonly applied statistical network model for survey-based offline data and uses
the online information available at the first observation as a static network covariate. Our
attention will be on the sign and significance of the estimators, rather than their size.

The Rate (upper part of Table 1) of the three proposed submodels consists of an inter-
cept that governs individuals’ general tendency to create and delete ties in the respective
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network as well as two mechanisms relating to actors’ outdegree and gender. The Out-
degree effect reveals that individuals with a larger online network are more likely to form
additional ties (0.305∗∗∗) while individuals with larger friendship networks are more likely
to terminate ties (0.472∗∗∗). Female students (Ego female) were more actively involved in
the creation of new ties online (0.386†), but gender had no significant effect on the rate of
tie creation and tie deletion offline. The Intercept effects have no substantive interpreta-
tion besides governing the baseline tendency of individuals to change their networks.

The Choice (lower part of Table 1) of the three submodels was specified using mecha-
nisms related to ties between sender and receiver, transitive structures involving a third
node, popularity structures, and individuals’ attributes. The Tie other effect indicates that
the presence of a tie between two individuals in one network had a significant effect on the
creation of a tie in the other network (2.047∗∗∗, 2.500∗∗∗). However, being connected online
did not reduce the probability of deleting an offline friendship tie. While Reciprocity was
not applicable in the online context, as ties are inherently two-sided, it was significant in
the offline network. This indicates that an incoming perception of friendship was associ-
ated with a higher probability of forming a friendship tie (3.614∗∗∗) and a lower likelihood
of terminating it (–1.022∗). Evidence for Transitivity in tie creation was found in both net-
works. Individuals were more likely to create an online tie if they were connected online
through a third node (0.697∗∗) and to become friends offline when they had a common
offline friend (2.019∗∗∗). The Transitivity other effect was significant in the online model,
indicating that individuals were likely to connect on Facebook with friends of their offline
friends (0.548∗). Transitive structures had no significant effect on maintaining offline ties.
Evidence for degree popularity or preferential attachment was only found in the Facebook
network, as indicated by the Indegree effect (0.223∗∗∗). There was further no evidence for
popularity effects spilling over from the respective other network (Indegree other). Gen-
der homophily (Same gender) had no significant effect in any of the submodels. Being in
the Same major of the study program and thus sharing a higher number of courses had a
significant effect on the creation of online ties (0.772∗∗) and offline ties (1.848∗∗∗). Being
in the same major did not alter the probability of deleting an offline friendship tie. Female
individuals (Alter female) were more likely to be chosen as Facebook connections (0.406†)
and more likely to be nominated as friends (0.730∗).

The comparison with the DyNAM model reveals small differences with regard to two
coevolutionary online-offline mechanisms. The Tie other effect is also significant in the
DyNAM model with a slightly smaller coefficient (1.754∗∗∗ vs. 2.047∗∗∗). This indicates
that the friendship network at the first time point already entails relevant information
for the model. In contrast, the Transitivity other effect is not significant in the DyNAM
but larger and significant in the proposed model (0.323 vs. 0.548∗). This suggests that
transitive closure of online ties follows two-paths in the friendship network, but these
two-paths are partially generated only during the modeled period. An alternative way of
considering the offline network in a DyNAM model is not to rely only on the survey data
at t1 but to generate uniformly distributed chains of tie creations and deletions connecting
the two survey networks. These chains are void of information from the relational states
model but update the network state to reach the empirically observed friendship network
at time t2. We performed 100 such random draws of chains and re-estimated the DyNAM
model. The Transitivity other effect was positive and significant in 25% of these chains and
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insignificant in 75% of the cases. Other coefficients that do not use information from the
friendship network are relatively similar in size and equal in terms of significance.

The comparison with the SAOM model reveals some differences with respect to the size
and significance of the coefficients. The proposed model generally has smaller standard
errors, suggesting that the additional information from the online data may have led to a
more precise estimation in some cases. In the SAOM model, we found no evidence that
reciprocity was associated with a higher stability of friendship ties, or that female indi-
viduals were more popular in the friendship network. The SAOM also shows significant
evidence for a tendency for students to befriend those with whom they had a Facebook
connection at time t1 (Tie other: 4.080∗∗∗), for reciprocal and transitive tie creation (3.658†,
1.307∗∗∗), and for friendships with people from the same study major (1.582∗).

Interestingly, and somewhat counterintuitively, the SAOM also suggests a tendency to
avoid maintaining friendship ties with those who are more popular on Facebook (0.407∗).
This finding may be an artifact of the early popularity structures present in the initial
Facebook network, which, unlike the proposed model, do not change during the estima-
tion process. The current implementation of the SAOM Maximum Likelihood estimation
routine further did not allow us to include tests for outdegree and gender effects in the
rate.

7 Discussion
7.1 Empirical insights
We demonstrated the applicability of the proposed framework using a small data set that
combines a longitudinal survey panel with social media data collected via the Facebook
API. We showed that the social network dynamics, both online and offline, follow similar
patterns. For example, both exhibit tendencies towards reciprocation, transitive closure,
female popularity, and study program homophily. At the same time, the two types of net-
works coevolve: being connected on Facebook is associated with becoming offline friends
later, and being friends in real life is predictive of connecting on Facebook. Additionally,
one type of transitive closure seems to operate across the two networks, as indicated by
evidence of connecting on social media with friends of friends in the offline network. This
effect is found above and beyond the friendship transitivity mechanisms, indicating that
social media ties may signal the presence of weaker interpersonal ties that close transitive
friendship structures. From this perspective, the mechanism may be interpreted as a weak
transitive closure, i.e., becoming an acquaintance of friends of friends. Alternatively, the
social media tie may be the result of visibility and meeting opportunities that arise from
being friends with the same person. Although the network mechanisms in each layer (on-
line and offline) were similar, they were not identical. The most notable differences per-
tained to preferential attachment or degree popularity [20]. These were only observed in
the online context, where popular nodes were likely to attract and send more ties, but a
reverse mechanism appeared offline, where individuals with many connections were in
fact more likely to drop some of those over time, rather than creating or attracting even
more. This pattern seems intuitive, as offline relationships require more effort than online
ones, which leads to the situation at hand: the density of the offline network mostly main-
tains itself during the studied period, with almost the same number of events of creation
and deletion. In contrast, the online network kept growing and no ties were deleted in the
observed period.
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Our model was designed to integrate multiple event sequences, one taken from digi-
tal traces and one inferred from repeated survey measures. We also applied this feature
to separate the mechanisms of offline tie creation and offline tie deletion, treating them
as separate sequences (similar to the approach of [30]). This led to some additional in-
teresting findings. Reciprocity was the only mechanism that was significantly associated
with the creation of ties and the avoidance of tie deletions. Other mechanisms, such as
the effect of being connected on Facebook or belonging to the same study program, were
associated with the creation of ties but did not appear to prevent the deletion of a tie. In
fact, the deletion parameters in those cases were positive (but insignificant), suggesting
that existing ties with individuals from a different major or with whom one does not con-
nect on social media, while being less likely to be created in the first place, had a tendency
towards being more stable.

When comparing the model to two methodological standard approaches, actor-oriented
relational event models and stochastic actor-oriented models, we could further demon-
strate some benefits of jointly modeling the data. The cross-network transitivity effect
could not be picked up by a DyNAM model that treated the offline friendship network as
fixed. In a comparison with SAOMs, it appeared that the additional layer of information
available through online dynamics supported the estimation of coefficients and prevented
the potential misinterpretation of structural artifacts when treating social media data as
fixed.

7.2 Future directions
A number of open questions warrant future work: The model that we propose assumes
that tie creation is not coordinated and follows an individual’s preferences for network
structures. However, in the case of social media data, we indeed often have an underlying
process in which ties are proposed and then accepted, effectively considering the prefer-
ences of both the tie sender and receiver. Future work could consider the coordination
model of Stadtfeld et al. [32] or similar approaches. We further ignored the missing in-
formation on the directions of proposal and acceptance, merely randomizing their order.
Future attempts could discuss the identifiability of tie directions and consider using miss-
ing information on the sender-receiver directions as part of the EM estimation routine.
The presented algorithm is a fully working prototype that requires additional research
to improve its computational and numerical efficiency.4 Initial research has shown that
approaches using different importance sampling weighting schemes [59], adaptive step
sizes on the stochastic gradient descent routine [63, 64], or Markov Chain Monte Carlo
methods for the generation of offline sequences [48] may be a promising venue for future
developments. The implementation of more sophisticated strategies may require longer
running times or higher demands on computational capacity. Thus, developments should
be accompanied by improvements in resource efficiency, yielding a versatile algorithm.
We also kept the comparison to existing methods for statistical social network analysis
rather brief. We did not consider alternative model specifications and goodness-of-fit as-
sessments, which we recommend studying in more depth in future work on this topic.

Another challenge for future studies using the proposed method is the collection of suit-
able social network data combining relational events with relational states. Collecting the

4The algorithm ran for 2.5 days, using 26 nodes, and consumed a total of 444.60 GB of memory. Improvements to the
algorithm to achieve efficiency and less memory usage are currently under development.
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data in this paper was not straightforward and required the recruitment of a population
of participants with a high level of trust in the research team. By providing access to their
online data and repeatedly answering a long and detailed survey, the participants offered
us highly valuable insights into their personal social lives and the dynamics of the com-
munity as a whole. An obvious drawback is that the number of participants was very small
compared to large-scale studies using digital trace data [1]. However, at the same time, we
could collect deep and personal data, including social perceptions, personality traits, psy-
chological states, and contextual factors (for details on the additional variables collected,
see [12]). It is unclear how research designs could look in empirical contexts in which es-
tablishing a similar level of trust may be more challenging (e.g., professional organizations,
existing online communities), particularly if the aim is to scale up to much larger popula-
tions [15]. Designing appropriate research studies is also difficult due to the fact that direct
data access is often limited and controlled by companies, such as Facebook/Meta [6]. We
experienced this in our own work when Facebook closed the API access for researchers
like us mid-way through our network study. We were somewhat fortunate to collect social
media information in parallel to three waves of survey data, but had initially planned to
follow the social media evolution over the course of the whole Bachelor program. Recent
proposals using data donations or automated tracking may enable promising alternative
research designs comparable to the API-based study presented in this paper [65].

We motivated the development of our model by reviewing trends and limitations in
large-scale social network analysis in the field of Computational Social Science [66, 67].
Although the relational events part of the model can be scaled up to large-scale data sets
[see, e.g. 68, 69], due to the computational challenge of augmenting relational states data,
the model is currently only applicable to small-scale social networks combining relational
events and relational states. Empirical explorations with the related RSiena package sug-
gest that practical limits might be in the hundreds or thousands of nodes [e.g. 70], which is
well below large-scale data sets in Computational Social Science. In our empirical setting,
we augmented a survey-based social network study with additional measures of digital
behavioral traces [12], resulting in a small but complete social network data set with two
layers of relational states and relational events. Augmenting potentially large-scale social
network studies of digital traces with a sample of survey data is an interesting alternative
to explore [15, 16]. In practice, this might mean that researchers recruit a sub-sample of
a few hundred or thousand users from a large-scale online platform into a survey panel
and then jointly analyze the large-scale relational event data with the sub-sample of rela-
tional states. Additional research is necessary to extend the model to such study designs.
Statistical sampling strategies could be used to improve computational efficiency in the
case of large-scale social network data sets [68]. This second sampling strategy has been
considered in the modeling of relational events, but not yet in the modeling of relational
states data and could further improve computational efficiency, but probably not to a point
where the models can be fit to large-scale network data as discussed in the introduction.
We hope to encourage future longitudinal social network studies that tackle the challenge
of collecting survey data and digital data in the same social context, as well as future re-
search on how the proposed model can be scaled up to larger empirical contexts.

8 Conclusion
The paper presents an analytical framework for the joint analysis of longitudinal network
data collected both through surveys (as relational states) and digital data sources (as rela-
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tional events), together with an empirical application in the context of an emerging social
network between university students in a STEM undergraduate program. We motivated
the timeliness of the framework in the context of newly emerging social network stud-
ies that consider both behavioral and cognitive aspects and presented a statistical model
formulation together with the basic estimation principle. The latter is implemented in a
software package in R [57].

Traditionally, social network researchers have relied heavily on statistical tools and re-
search designs that are tailored to survey data [7]. Indeed, survey data are still most valu-
able when research focuses on the mental representations of individuals’ social networks.
No digital interface or online database can reliably determine with whom individuals are
friends, or who they like, dislike, or remember at all in a given context. At the same time,
social ties are increasingly created, experienced, and maintained through digital means.
Digital behavioral data are of crucial importance in social networks and may indeed affect
and be affected by cognitive social representations of social ties. Social network scholars
have long pointed out that social ties have at least a cognitive and behavioral component
[13, 14]. We argue that one can be best assessed through surveys, while the other can of-
ten be collected automatically and with high temporal granularity, for example, by using
online data, as in the case of our empirical study. The resulting data are combinations
of relational states and relational events. We believe that future empirical social network
studies should ideally consider multiple layers of social networks and longitudinally mea-
sure relational events and relational states, even when their temporal granularity differs.
We hope that the analytical framework and empirical study presented in this paper can
inspire future studies on social network dynamics in an increasingly digital world.
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