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Abstract

Immersive technologies provide new possibilities to study social dynamics. In this
paper, we develop a methodological framework for identifying and describing the evo-
lution of group networks in virtual reality (VR). Leveraging longitudinal data on partic-
ipants’ interpersonal distances obtained in a collaborative virtual environment during
a university course about VR we demonstrate how network methods can be applied
and used to test propositions of social capital theory. Specifically, we use stochastic
actor-oriented models (SAOMs) to explore the formation and change of social ties
over time. Results showed that every additional connection to another group member
reduced the likelihood of forming or maintaining a tie by less than half, whereas hav-
ing a mutual connection (i.e., friend of friends) more than doubled the likelihood of tie
formation or maintenance. This pattern supports our exploratory analysis that while
students gradually became isolated in VR classrooms, their subgroups tended to per-
sist. Also, participants were likely to change ties in ways that decreased imbalances
in group identification and increased familiarity between dyad members, suggesting
that social VR interactions are shaped by homophily. Overall, the substantive findings
are indicative of bonding (ties inside the group), rather than bridging (ties outside the
group), social capital. Methodologically, the integration of longitudinal network meth-
ods with VR tracking data opens new possibilities to learn about social dynamics.

Introduction

Virtual reality (VR) technology facilitates social interaction in immersive collaborative
virtual environments (CVEs), enabling people to engage in real-time communication

within a shared virtual space via both verbal and nonverbal signals such as eye gaze
and hand gestures [1—4]. In these environments, users can transcend their actual
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physical locations and form “virtual communities” that develop over time [5]. While
recent studies have explored the evolution of psychological outcomes and interper-
sonal behaviors across multiple VR sessions [6-8], there remains a notable gap in
research regarding the longitudinal formation of “relationship webs” in CVEs. This
paper proposes a framework for using longitudinal network analysis based on the
stochastic actor-oriented model (SAOM) [9—11] to investigate how social connec-
tions change over time in VR. Leveraging data collected during a 10-week university
course focused on VR [6], we illustrate how longitudinal network analysis can be
used to study the emergence, evolution, and decay of communities in CVEs, specifi-
cally examining mechanisms related to bridging and bonding social capital [12—14].

Networks in virtual reality

Network formation is often conceptualized as a developmental process that emerges
from the dynamics between constancy and change in group life [15,16]. Drawing on
data such as classroom seating charts or online friendship networks, prior research
describes how group composition or structural features evolve over time [17-20].
These studies highlight the key role peer-to-peer interactions play in driving these
structural changes, increasing similarity among peers in a network through processes
of selection, deselection, and influence [21]. For example, longitudinal network anal-
ysis across three repeated measurements of students’ friendship networks indicates
that preadolescents tend to choose their friends based on similarity in popularity
more than similarity in aggressive and prosocial behavior [22]. Extending from the
studies done in traditional in-person classroom contexts, we illustrate how the study
of changing social networks can be done in VR contexts. The passive and noninva-
sive tracking technologies embedded in CVEs allow for unobtrusive measurement
of nonverbal cues, including body movements and interpersonal distances, that are
indicators of social connection and underlying psychosocial processes [20,23-26].
Interpersonal distances and proxemics, for example, have been widely used as mea-
sures of social presence [27,28]. Leveraging this technology, we illustrate the possi-
bility to reconstruct virtual communities from longitudinal data on micro-movements
obtained in VR classrooms. As our theoretical framework, we integrate sociological
and developmental views, with an emphasis on bridging and bonding social capital
as mechanisms through which individuals establish, maintain, or dissolve social ties
in CVEs.

Bridging and bonding social capital. Social capital refers to resources
embedded in social networks that individuals or groups can access through their
social networks [13]. Coleman [12] argued that social capital enables social actors
(individuals or groups) to choose partners for exchange of private or public goods.
Individuals or groups can bond internally or bridge externally, and over time, these
relational choices collectively reshape the broader social structure. As such, social
capital is both inherent in social structure and influences the actions that shape group
life, and thus is often regarded as a fundamental mechanism driving group formation
and evolution; for an overview, see [13].
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In brief, social capital often involves two types of network structures [14]. The first type, bridging social capital, mani-
fests when individuals form ties outside their group, effectively expanding their social reach. These bridging ties typically
manifest in broader and more loosely knit networks that facilitate exchanges across different communities or organiza-
tions. The second type, bonding social capital, manifests when individuals form ties inside the group. Often, these ties are
reciprocal or transitive, such as connections formed among mutual acquaintances (i.e., friends of friends). These bonding
ties typically exist within groups of homogeneous individuals, such as family members or close friends, leading to dense,
cohesive networks that strengthen internal bonds and reinforce a shared identity. While both bridging and bonding social
capital exist in social networks, bridging ties promote diversity and tolerance by linking individuals across group boundar-
ies (e.g., strength of weak ties [29]), whereas bonding ties enhance trust and cohesion within groups. Generally, research
suggests that a combination of both types is most effective in creating inclusive and accessible networks [30—32].

Empirical studies of in-person classroom interactions highlighting the importance of bonding structures that foster pos-
itive and inclusive peer relationships [33—35]. In contrast, research focused on online connections formed through social
media platforms such as Facebook or Instagram generally demonstrates presence of interaction patterns related to bridg-
ing social capital [19,36—39]. However, this body of work consistently finds that social networks are shaped by homophily
— the tendency for individuals to associate with others who are similar to themselves — which corresponds with bonding
capital [30,32,40,41]. In VR contexts, studies have identified instances of homophily based on social characteristics such
as gender and age [42], user behaviors like avatar personalization [43], and the role ingroup favoritism plays on attitude
change [44]. Homophily also extends to nonverbal and behavioral patterns in VR environments. For example, verbal
mimicry tends to decrease social distance and increase social attraction towards outgroup members [45]; as similarity of
haptic patterns increases, participants both maintain closer interpersonal distances and report higher senses of belonging,
social connection, and comfort toward virtual agents [46]. Building on this foundation, we illustrate the possibility of using
longitudinal network analysis to study how bridging and bonding social capital manifest in virtual communities that form in
CVEs.

The present study/Motivating example

Social network analysis methods have been widely used in study of computer-mediated communication on social net-
working platforms such as Twitter [40] or Facebook [37], on computer-supported collaborative learning platforms [47], and
in virtual environments such as friendship networks in Second Life [48]. In contrast, most of the research on immersive
CVEs has focused on individual-level (e.g., self-avatar relationship) or dyad-level (e.g., interactions with other users or
virtual agents) measures [1,7,42,43]. Although recent advances in VR technologies have enabled the capture of triadic
and group-level features (e.g., gaze, motion synchrony) that may influence student outcomes [24,25], a substantial gap
remains between the empirical analysis of the longitudinal data obtained in CVEs and Rheingold’s [5] original concept

of virtual community as webs of personal relationships. In this paper, we develop and demonstrate how the longitudinal
network analysis can be applied to such data to discover how communities form and evolve in VR.

The three panels in Fig 1 show the evolution of ties among a group of six students observed on multiple occasions in a
CVE classroom. Consider the particular social tie highlighted on the right, that is, a tie (edge) between two actors (circles,
#80 and #36). Our aim is to determine if and how the connection between these two participants (and all the other con-
nections in the network) emerged or changed over time.

Fig 2 outlines the type of research question motivating our foray into longitudinal network analysis of CVE data and
emergence of community in VR. As illustrated, we examine how bridging and bonding processes (shown as an ellipse
in the middle) manifest using the three different types of effects (shown as boxes on the left) — structural effects (blue),
individual-level covariates (yellow), and dyad-level covariates (green) — that may be influencing the formation, mainte-
nance, or dissolution of proximity-based social ties. For the covariate effects, each box corresponds to actor, actor-partner,
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Fig 1. Schematic of SAOM analysis. The three panels in the bottom show the evolution of ties among the group (Group 1) across three observations
(Weeks 4-6). A particular social tie between two actors #80 and #36 in Week 6 is highlighted to illustrate that SAOMs model single-tie-changes.

https://doi.org/10.1371/journal.pone.0355470.9001

or dyadic effect and addresses a specific research question. Using this example, we forward longitudinal social network
analysis as a scalable framework for studying social dynamics of small groups in CVEs.

Stochastic actor-oriented model

Overview

Social network analysis allows researchers to examine the structure of social groups and the mechanisms underlying
group dynamics [49-51]. Stochastic actor-oriented models (SAOMs) [9] can be used to test hypotheses about and explore
how social ties form and change over time. While exponential random graph models (ERGMs) are commonly used for
modeling tie existence in cross-sectional network data [11,48,52,53], SAOMs are specifically oriented toward modeling the
evolution of longitudinal networks [10,54] (see [11] for an overview of related models such as temporal ERGM). SAOMs
focus on the role of individuals in forming (or changing) social ties over time. Individuals are treated as social actors hav-
ing the potential to change their outgoing ties, and the observed network dynamics are the result of a sequence of choices
by these actors. Tie changes are conceptualized as a stochastic process in which the likelihood of forming or dissolving a
social tie is determined by a collection of effects that include network structures and actor- or dyad-level covariates. Partic-
ularly relevant for our substantive inquiry, the construction of the SAOM aligns with the self-organizing nature of group
interactions in classrooms — see [35] for an overview of traditional classroom settings — and the view of social ties as
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Structural effects

Out-degree
What is the baseline tendency for actors
to have ties?

GWESP
Does the network transitivity effect
influence tie changes?

Individual-level covariate effects

) Social tie
Prior VR Use (4ctor) Social (Dyad)
Does an actor’s prior VR use influence bridging/
tie changes? bonding ' =

Prior VR use imbalance (Actor-partner)
Does the actor-partner imbalance in prior
VR use influence tie changes?

Dyad-level covariate effects

Familiarity (Dyad)
Does dyadic familiarity between actors
influence tie changes?

Fig 2. Types of effects and the corresponding research questions in SAOM analysis. Three different types of effects (shown as boxes on the left)

included to examine how bridging and bonding processes (shown as an ellipse in the middle) influence the formation or change of social ties (shown as
a box on the right; an edge between two actors in a given network): structural network features that are indicative of group activity (blue), individual-level
covariates (yellow; actor- or actor-partner effects), and dyad-level covariates (green; dyadic effects).

https://doi.org/10.1371/journal.pone.0355470.9002

pathways for accessing and leveraging social capital. Accordingly, we apply SAOMs to examine how bridging and bonding
forms of social capital are embedded in, and evolve through, VR group interactions.

Notation

In SAOM analyses, temporal changes in social ties are modeled as a continuous-time Markov process where actors form,
maintain, or dissolve ties in a probabilistic way that is informed by the current network structure and individual behavior
[10,11,55]. A social network of interest that is composed of N actors (e.g., course participants meeting in a CVE) is gener-
ally denoted and modeled as a (un)directed graph represented by an N x N adjacency matrix x, where x = (x;) indicates
the presence or absence of social ties between actors i and j. For simplicity of presentation, we assume here that x; is

a binary tie variable in a non-directed network (i.e., x; = x;;) where x; = 1 indicates the presence of a tie between actor i
and actor j, and x; = 0 indicates the absence of a tie; for other tie values that are directed or ordered, see [11]. Self-ties
are not permitted, so the diagonal elements of the matrix where i=j are all set to zero. The longitudinal model assumes
that the network x(f) evolves in continuous time, that all the actors in the network get opportunities to change their ties at
discrete time points along the way (ministeps), and that the network is observed at just a few of those discrete time points,
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(t4,--- ,to,--- , 83, -, ty) where the ellipses indicate unobserved ministeps between the M points where actual observa-
tions of the network are obtained.

Model definition

Two main functions are used to formulate the SAOM: a rate function that governs the frequency with which actors have
opportunities to change their ties (ministeps), and an objective function that describes how particular network-, individual-,
and dyad-level characteristics govern the choices about which ties to change (see S1 Text for details).

Typically, the rate function is defined by Eq (1), where pp, is the rate parameter in a time interval tp, < t <t
(m=1,--- ,M—=1) for all the actors in the network. When actor i gets the opportunity to change, this actor can engage with
only one tie variable x; (i.e., they are only allowed to change up to one tie variable at each ministep).

Ai (X(1) = pm (1)

The objective function is defined by Eq (2), where x*# denotes a potential state of the network after toggling the specific
single tie x; and si(x®M) denotes actor i's evaluation of the k-th effect (k= 1, - - - , K) for that potential state.

K
D | B) =D Besu(x7)
= )

The Sk parameters in B = (51, B2, - , Bk) describe the extent to which each of the specific effects contributes to
actors’ choices about which ties to toggle, and thus to the evolution of the network over time. As listed in Table 1 and
illustrated by the three boxes on the left of Fig 2, these effects typically fall into three categories: (1) structural effects, (2)
individual-level covariate effects, and (3) dyad-level covariate effects.

Structural effects are based on the topology of the network, capturing how actors’ placement and role in the surround-
ing network influence their choices about which ties to form, maintain, and dissolve. For example, out-degree indicates the
tendency of actors to form ties with other actors. As shown for OD in Table 1, out-degree is quantified as the total number
of out-going ties. As a complementary feature of the network, reciprocity indicates the tendency of actors to form mutual
ties. For example, reciprocity can be quantified as the total number of ties where person i is connected to person j and
person j is connected to person i. In the case of non-directed ties where the connections are always mutual, the quantifi-
cations of out-degree and reciprocity are equal and thus not included in Table 1. A third core aspect of network topology is
transitivity, the tendency for actors to close triads and form clusters shown by the number of transitive patterns in actor /'s
relation (transTriads) that quantifies the extent that “a person’s friends are also friends with each other” and the geomet-
rically weighted edgewise shared partners effect (GWESP) that uses a concave logarithmic function to capture nonlinear
tendencies in network closure [56]. Beyond these basic quantifications, a variety of structural effects that may contribute
to individuals’ decisions about what ties to change at each ministep have been elaborated [51,57]. In particular, degree-
related effects can be useful for network analysis where degrees are theoretically important or represent social status.
For example, degree activity plus popularity effect (degPlus, [57]) is defined specifically for non-directed networks. In the
analysis, we attempted to include this effect at both raw and square root versions and neither converged due to small
network sizes. As will be detailed below, the 8 parameters associated with each of the structural effects sj indicate how
the different aspects of the network topology influence actors’ decisions about tie changes.

Individual-level covariate effects are those that involve individual difference measures, including demographic or
behavioral measures derived from a given social context. For example, in the current study, we examine how time, par-
ticipants’ prior VR use, their prior acquaintance, and their tendency for group identification influence the formation, main-
tenance, and dissolution of ties within VR networks. As shown for time, priorVR, priorAcq, and groupldn in Table 1, those
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Table 1. Structural, individual-level covariate, and dyad-level covariate effects included in SAOMs.

Effect ‘ Equation ‘ Bridging ‘ Bonding
Structural effects
Out-degree Siop (x) =3X - —

Transitive triads

Si trans Triads (X) = Zi<k Xijxjkxki

ﬁ transTriads < 0

ﬂtrans Triads > 0

GWESP

siewesp (X) = >, xe*{1—(1- e_a)zhxmxh/}

Bewesp <0

Bewesp > 0

Individual-level covariate effects

Time (actor)

Sitime (X) = 32; xjtime;

Prior VR use (actor)

Si priorVR (X) = Zi X,'jPI’iOI’VR,-

Prior acquaintance (actor)

Si priorAcq (X) = Zi X,-jpriorAcq,-

Group identification (actor)

Si,groupldn (X) = Zi X,‘ng’OUpIdni

Prior VR use imbalance

SipriorvR.imb (X) = 37, XjlpriorVR; — priorVR||

BpriorVR. Imb > 0

Boriorvr.imb < 0

(abs. difference; actor-partner)

Prior acquaintance imbalance

SipriorAcq.imb (X) = >_; xjlpriorAcg; — priorAcq|

5priorA cq.Imb >0

BpriorAcq. Imb < 0

(abs. difference; actor-partner)

Group identification imbalance

Si,groupldn.imb (X) = Z,x,j|groupldn,—groupldnjl

ﬂgroupldn.lmb >0

/Bgroupldn,lmb <0

(abs. difference; actor-partner)

Same gender (actor-partner) Sigender (X) = 3_; X;i{gender; = gender} Bgender < 0 Bgender > 0
Same ethnicity (actor-partner) Sietnisity (X) = 3°; x;ethnicity, = ethnicity} Bethnicity < 0 Bethnicity > 0
Dyad-level covariate effects

Familiarity (dyad) S famitiarity (X) = Y_; Xyfamiliarity; Btamitiarity < 0 Btamitiarity > O
Friendship (dyad) Sifriendship (X) = 3_; x;friendship; Biriendship < 0 Biriendship > 0

i denotes a focal actor, j denotes another actor in a dyad /, j, h denotes the third actor in a triad /, j, h. In the equation for GWESP (geometrically weighted
edgewise shared partners), « is a tuning parameter which is typically fixed at In(2).

https://doi.org/10.1371/journal.pone.0355470.t001

measures can be integrated into the objective function via summation across existing ties. While these actor effects
capture whether and how individuals’ characteristics are related to tendency for tie formation, actor-partner effects facili-
tate examination of, for example, whether beginner and expert VR users tend to form ties with others of similar or different
level of prior experience or whether participants of the same demographic background are more likely to interact with each
other. These effects include imbalance effects — each calculated as the sum of absolute differences in prior VR use (pri-
orVR.Imb), prior acquaintance (priorAcq.Imb), and group identification (groupldn.Imb) — as well as same-covariate effects
for gender (gender) and ethnicity (ethnicity). Together, the §; parameters associated with each of the individual-level
covariate effects indicate how individual differences influence actors’ decisions about tie changes.

Dyad-level covariate effects are those that involve individuals’ perceptions of their dyadic relationships. In the current
study, we examine how study participants’ familiarity and friendship with each other person in their group influence their
decisions to form, maintain, and dissolve ties over time in the CVE. As shown for familiarity and friendship in Table 1,
these effects are integrated into the objective function via summation across existing ties. Notably, different from the
individual-level covariate effects, these effects are not necessarily symmetric, as person i may consider themselves more
familiar with person j than person j considers themselves familiar with person i.

Combining together the structural, individual-level covariate, and dyad-level covariate effects, selection of an x; that
might be changed in a ministep by actor i (relative to all other possibilities xj,) is modeled by a conditional multinomial
logistic model of the form Eq (3). Of particular interest for hypothesis testing are the x parameters indicating the direction
and extent to which each of the structural and covariate effects sj is associated with tie changes.
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) g exp <fi(x(iif) | ﬂ)) exp (Zﬁ . ﬂksik(x(ii/)))
i\X = " =
P ( ) >opexp (fi(xEN | 3)) S, exp (Z,’fz . ﬁksik(x(:tih)))

Model estimation and selection

The parameters in the SAOM are usually estimated using the Method of Moments (MoM) wherein the system of esti-
mating equations is based on the statistics corresponding to the rate function and objective function, respectively. From
the rate function Eq (1), the vector of period-specific rates p = (p1, p2,- - , pm_1) is estimated using statistics derived from
the total number of tie changes that were observed to have accumulated in the periods between successive observa-
tions {, and t,+1 of the network (m=1,--- ,M—1). These rates are calibrated such that the expected amount of change
over the time interval matches the observed Hamming distance [10]. In practice, larger rate parameters may indicate
model misspecification, providing sufficiently high change opportunities for the model to compensate self-canceling ties
or to facilitate unlikely but relevant choices. From the objective function Eq (2), the vector of effect-specific coefficients

B = (B, 5, ,Bk) is estimated using statistics derived from the sum of each effect sy(x*?) over all actors i=1,--- ,N
across M time points, so that higher values of g, will lead to networks x®# with higher values of sy (x®). Thus, in our
case, the vector of parameter values (p, B) is determined by solving two first moment equations. Because the model is
too complex to obtain closed-form solutions, stochastic simulation algorithms are used for estimation, such that simulated
data matches the observations in expectations on the target statistics. In practice, the R package “RSiena” implements

a three-phase algorithm: the first phase computes the sensitivity of the expected statistics to parameters, the second
phase uses multivariate Robbins-Monro updates based on simulated networks to adjust differences between expected
and observed statistics, and the third phase simulates networks using the final parameter values and calculates standard
errors. Following model estimation, it is necessary to check that convergence has been achieved. A threshold of 0.25 is
commonly used for the overall maximum convergence ratio, and a threshold of 0.1 for the absolute value of the individ-
ual t-statistics. Troubleshooting steps for estimation difficulties (e.g., deviations are above the threshold) can be found in
the RSiena manual [57]. The estimation algorithm is by default conditional on the observed number of changes — also
known as conditional MoM — which is known to be more stable and efficient [57]. For other estimation methods, including
likelihood-based and Bayesian methods, please refer to [11].

After estimation, model selection is typically conducted using multi-parameter Wald tests to assess the null hypoth-
esis that a model with one or more parameters constrained equal to zero fits the data as well as a model where those
parameters are unconstrained. In more exploratory settings, forward model selection procedures based on Mahalanobis
distance-based Monte Carlo (MDMC) tests may be useful for identifying the specific structural effects to include as predic-
tors in the objective function [58]. Once a good fit between model and data is achieved, hypothesis testing and interpreta-
tion of model parameters can follow.

Interpretation of model parameters

Following the general set-up shown in Fig 2, we highlight how the SAOM can be used to test whether the set of structural
and individual- and dyad-level covariate effects shown on the left side of the figure is related to evolution of ties among
participants in VR classrooms shown on the right side of the figure. In the rate function, the rate parameters p indicate
how many times individuals might get the opportunity to change their ties during each period (in multigroup analyses, they
are also group-specific) [59]. Because these parameters are mostly about how the simulations are run in the estimation
procedure and are not tied to substantive hypotheses, they are generally treated as nuisance parameters, especially
when the rate function does not depend on structural or covariate effects [55,59—61]. The rate function can be useful for
extensions such as modeling the co-evolution of networks and behavior or diffusion of innovation [11,62]. In contrast, the
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effect parameters 3 in the objective function are often core to the substantive hypotheses and inferences about how and
why the networks change over time. Generally, 5 parameters that are significantly different than zero are interpreted as
in typical logistic regressions: a 1-unit increase in the structural or covariate effect, si, is associated with an increase in
the odds ratio of tie change by exp(5x). To illustrate, we outline how a few exemplar effects examined in this study might
proceed in relation to hypotheses about social capital theory.

Interpretation of structural effects. First, the out-degree effect is interpreted as the baseline tendency for actors to
have ties. Specifically, a positive coefficient for the out-degree effect indicates a stronger tendency to form or maintain
ties, as the objective function value increases with an additional tie in the potential state x(*#. For illustration, consider
a network where the tie of interest is currently absent (x; = 0), with two potential states: (a) x* has an additional tie
xj=0—1vs. (b) x& is the status quo. In this case, a one-unit increase in out-degree effect with parameter 3op = 0.5
increases the log-odds of forming a new tie (a) over the status quo (b) by 0.5, which corresponds to an odds ratio
exp(Bop) = 1.65. That is, the likelihood of forming a new tie increases by 1.65 times. The out-degree effect is generally
considered as an intercept rather than a substantive finding; its value is determined by network size and density and
can be affected by the inclusion of other degree-related effects. Second, the GWESP effect is interpreted as indicating
bridging social capital when Sswese < 0 and bonding social capital when Sgwesp > 0 (as well as reciprocity and transitivity
effects in Table 1). A positive GWESP coefficient indicates a stronger tendency to connect with friends of friends.

Interpretation of individual-level covariate effects. This interpretation also extends to covariate effects, especially
those representing actor-partner effects such as imbalance or same-covariate effects. On the one hand, imbalance effects
— measuring dissimilarity between focal actor and its partners — are interpreted as indicating bridging social capital when
Bimp > 0 and bonding social capital when §;,,, < 0. For example, a negative coefficient for prior VR use imbalance effect
(Bpriorvr.imb < 0) indicates that participants tend to form and maintain ties that can decrease imbalance — as manifestations
of bonding capital (connect with similar others, disconnect with dissimilar others). On the other hand, same-covariate
effects are interpreted as indicating bonding social capital when Sgenger > 0 OF Betnnicity > 0 and bridging social capital when
Bgender < 0 OF Bemnicity < 0. Although not directly related to social capital theory, interpretation of actor effects can be useful to
test hypotheses related to how individual characteristics affect VR interaction dynamics. For example, a positive coefficient
for prior VR use indicates that ties are more likely to be created or maintained between participants with prior VR experience.

Interpretation of dyad-level covariate effects. Dyad-level covariate effects can be interpreted in parallel with actor-
partner effects at the individual level. Especially, dyadic similarity effects — measuring similarity between dyad members
like familiarity or friendship — are interpreted as indicating bonding social capital when Bemiiarity > 0 OF Bfiendship > 0
and bridging social capital when Bpamiiarity < 0 OF Briengship < 0. For example, a positive familiarity coefficient implies a
preference for ties that can increase familiarity — as manifestations of bonding capital (connect with familiar others,
disconnect with unfamiliar others).

Taken together, these parameters govern how bridging or bonding social capital in VR networks. First, bridging pro-
cesses manifest when individuals tend to associate with (a) popular others who can maximize their social reach, or among
(b) heterogeneous populations with different backgrounds. In other words, bridging social capital is identified by (a) high
tendency to form ties with popular others and (b) low similarity between individual profiles. In the current analysis, bridg-
ing social capital is supported when dissimilarity-based covariate effects (imbalance effects in Table 1) are positive, while
GWESP and similarity-based covariate effects (same-covariate and dyadic effects in Table 1) are negative. Second,
bonding processes manifest when individuals tend to associate with (c) familiar others from ingroup relationships (e.g.,
family members, close friends), or among (d) homogeneous populations with similar backgrounds. In other words, bond-
ing social capital is identified by (c) high network closure (reciprocity, transitivity) and (d) high similarity between individual
profiles. Thus, in our analysis, bonding social capital is supported when the GWESP and similarity-based covariate effects
(i.e., same gender/ethnicity, dyadic familiarity/friendship) are positive, while dissimilarity-based covariate effects (e.g., prior
VR use imbalance) are negative.
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Materials and methods: Longitudinal VR data

Data for our illustrative example are drawn from a large-scale, longitudinal study of interaction behavior within CVEs,
accessed through standalone, untethered headsets [6]. During a 10-week university course about VR, participants were
provided with an Oculus Quest 2 VR headset to attend weekly small-group (sizes ranging from 9 to 14) discussion ses-
sions on the ENGAGE platform for eight weeks. Teaching staff members provided technical support, assisted with small-
group activities within the virtual environment, and facilitated weekly data collection. Previous analyses of these data
showed that participants’ perceptions of and behaviors within their virtual experience shifted systematically across weeks,
and that prior VR use, having prior acquaintances with other participants, and levels of group identification were associ-
ated with individual differences in people’s experiences in virtual environments such as presence and realism, as well as
group outcomes such as synchrony and entitativity [6,63]. In the current study, we focused on a 5-week subset of the data
to illustrate how longitudinal social network analysis can be used to study small group dynamics in virtual worlds. During
this five-week period, participants in each group were instructed to navigate a CVE on the ENGAGE platform and freely
position themselves to engage in small-group discussion activities. Study details relevant to this methodological illustration
are given below. The data underlying this article cannot be shared publicly due to the privacy of individuals that partici-
pated in the study. The data will be shared on reasonable request to the Virtual Human Interaction Lab (VHIL) at Stanford
University (https://vhil.stanford.edu/).

Ethics statement

All procedures were approved by the Stanford University Institutional Review Board (eProtocol 61257) and additionally
reviewed by the Stanford University Student Data Oversight Committee (SDOC). All participants provided written informed
consent at the beginning of the study. While all students who enrolled in the 10-week course took part in all the VR activ-
ities, only those who consented to participate contributed data for analysis. To minimize any risk of coercion, the consent
process and data collection were overseen by a third party. Participants were reminded at the beginning of every session
that they were being recorded. The study did not include minors.

Participants

Our analysis focuses on 81 participants enrolled in a university course during the Summer quarter of 2021 (June 21 to
August 27, 2021). Participants were included if they consented to the study and attended at least five of the eight weekly
VR sessions. The final sample ranged in age from 18 to 58 years (M=22.26, SD=5.19); further demographic information
(gender, ethnicity) is provided in the Measures section.

Procedure

During the course, participants were organized into eight groups to take part in weekly VR sessions (9—14 persons per
group; M=12.63, SD=1.77). In the weekly VR sessions, participants engaged in a variety of individual, small-group,

and full-group learning tasks for approximately 30 minutes. In Week 1, participants acclimated to the VR headset and
ENGAGE platform. During Weeks 2 and 3, participants were instructed to stand in a circle for full-group discussions.
During Weeks 4-8, participants in each group were encouraged to engage in small-group discussions within a large open
space where they could walk or transport freely for small-group discussion. Comprehensive information on weekly dis-
cussion activities and discussion topics is given in Table 1 of [6]. All activity and events occurring in the CVE were tracked
via “.myrec” recordings which were outputted by the ENGAGE platform, which capture all the nonverbal behaviors from
participants’ avatars (i.e., virtual body) and physical bodies (e.g., head and hands), audio, and the location and movement
of all other objects in 3D space. The nonverbal behaviors of specific interest here were captured through positional (x: left/
right, y: up/down, z: forward/backward) and rotational (x: pitch, y: yaw, z: roll) data for the avatars (tracked as the root, or
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the center of the avatar, within the virtual environment) and the participants’ physical head and hands (tracked by the VR
headset and right and left controllers). At the start of the study (pre-test), during and after each weekly VR session, and at
the end of the course (post-test), participants completed Qualtrics questionnaires reporting their attitudes toward the VR
experience (e.g., presence, enjoyment), their familiarity and friendship with group members, and overall VR experience.
For the network analysis presented here, we focused on interpersonal distances derived from tracking data obtained in
Weeks 4-8, which were focused on activities where participants were instructed to freely position themselves and discuss
in small groups with other participants, and selected pre-test and post-test questionnaire data that were collected at the
beginning and end of the course.

Measures

Interpersonal distance. Interpersonal distances in virtual space (distance;;) were calculated for each pair of
participants (i, j) in each weekly session (f) as the mode of their distances across all 1/3-meter spatial bins and
1/30-second temporal epochs (30 Hz) of every 30-minute VR session. Specifically, each combination of spatial and
temporal binning generates a distribution of distance values between each pair participants (j, j), which were then
summarized as one value (e.g., minimum) [25] to represent the interpersonal distance at that weekly session (f). To
represent the distance at which participants spent the most time, we used the mode of their pairwise distances during
each 30-minute session. As will be described later in the Stage 1 of Data Analysis section, the social ties within each
group at each weekly session were derived from these interpersonal distances.

Building on the existing literature on proxemics, which used in-VR interpersonal distances as measures of social
interaction and the underlying psychological processes [27,28], our use of mode as the summary statistic for each
weekly session provides both substantive and empirical justifications for the SAOM method. Substantively, while
close-distance interaction can also occur for reasons unrelated to meaningful social interaction (e.g., standing next
to someone while listening to the teaching team, passing by while moving across the classroom), especially for short
intervals such as 1/30-second epochs, the mode of distances for a given pair of participants across all epochs for
each 30-minute session (= 30 x 60 x 30 epochs) provides a reasonable proxy for their latent social relationship under-
lying VR interaction. Empirically, the use of the mode addresses the concern of physical dependence. At a given sin-
gle time point (e.g., 1/30-second epoch), a decrease in one distance value (e.g., staying closer to one person; forming
a tie) can accompany decreases in other distance values (e.g., getting closer to other people nearby; forming multiple
ties), potentially violating the single-tie-change assumption [64] fundamental to network-based approaches (e.g.,
SAOM, ERGM; see the Methods section). However, this dependence no longer holds at the aggregate 30-minute
session level.

Time-invariant individual difference measures. Five time-invariant individual-level covariates were included in the
analysis. First, three variables measuring participants’ prior VR use and group relationships were included:

Prior VR use: As part of a larger pre-test questionnaire, participants indicated how many times they had experienced
VR (n,=42, n,=6, n,=6, n,=7, n,,=20). For simplicity, responses were recoded to obtain a simple binary prior VR use
variable: =1 if the participant had ever experienced VR (n,,=39; 48%) and =0 otherwise (n,=42; 52%). The remaining one
participant had missing data for this measure.

Prior acquaintance with group members: Participants also indicated how many group members they were familiar
with prior to the course (i.e., “How many people in this discussion section were you familiar prior to this quarter? (e.g., 0,
1,2,3)", n,=38,n,=13,n,=12, n,=1, n,=2, n;=2, did not respond =13). As certain participants had more relationships
prior to the study (e.g., student athletes), this individual-level measure helps account for these individual differences. For
simplicity, responses were recoded to obtain a simple binary prior acquaintance variable: =1 if the participant had any prior
acquaintance within their assigned discussion groups (n,, =30; 37%) and =0 otherwise (n,=38; 47%). The remaining 13
participants had missing data for this measure.
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Group identification: Participants’ general tendency to identify with groups was measured in the pre-test question-
naire using eight items adapted from an in-group identification scale and an organizational identification scale [65,66].
Participants rated the extent to which they identify with the groups they belong to (e.g., organizations at home, clubs in
school, sports teams) using a 7-point Likert scale (1=Strongly disagree, 7 =Strongly agree). Examples of items include “I
feel a bond with my group,” “People in my group have a lot in common with each other,” and “When | talk about my group,
| usually say ‘we’ rather than ‘they.” Each individual’s group identification score was calculated as the average of their
responses to the eight items (M=5.35, SD=0.97; Cronbach’s « =.89). For interpretability, this measure was group-mean
centered so that positive values indicate greater than average group identification.

Second, two variables measuring participants’ gender and ethnicity were included:

Gender: As part of the pre-test questionnaire, participants indicated their gender by selecting from multiple categories
(Female =30, Male=47, Other=2, declined to respond=1, did not respond=1).

Ethnicity: Participants also reported their ethnicity in the pre-test questionnaire by selecting from multiple categories
(African American or Black =11, Asian or Asian American =30, Hispanic or Latinx=9, Middle Eastern=1, White=21, more
than one race =5, declined to respond =3, did not respond=1).

Time-invariant dyadic relationship measures. Two time-invariant dyad-level covariates were included in the
analysis:

Familiarity: At the post-test questionnaire, participants rated how familiar they were with each member in their group
(i.e., in a group of N individuals, each person provides N— 1 familiarity ratings). Participants were shown the name of
each group member and asked, “How well do you know this member?” using a 5-point Likert scale (1=Not familiar at all,
5=Extremely familiar; except “Self/NA”). Familiarity ratings were not reciprocal within each pair of participants (i.e., A's
familiarity with B could differ from B’s familiarity with A), resulting in a nonsymmetric (directed) matrix of familiarity scores
(M=2.13, SD=1.16). This matrix was mean centered, so that positive values indicate greater familiarity than the average
of all dyads.

Friendship: Participants’ level of friendship with each member in their group was measured at the post-test ques-
tionnaire. Participants were shown the name of each group member and asked to indicate their agreement with the
statement, “I would be excited to get to know this member better,” using a 7-point Likert scale (1= Strongly disagree,

7 =Strongly agree; except “Self/NA”). As with familiarity, friendship ratings were not reciprocal within each pair of partic-
ipants (i.e., A's friendship with B could differ from B’s friendship with A), resulting in a nonsymmetric (directed) matrix of
friendship scores (M=4.99, SD=1.27). This matrix was mean centered, so that positive values indicate greater friendship
than the average of all dyads.

Time metric. Drawn from the five weeks (Weeks 4-8) of the study, time was indicated by the week variable after mean
centering (range of t=-2-2) so that t=0 indicates Week 6.

Data analysis

We demonstrate how SAOM methods and newly available longitudinal network data — obtained during a university course
about VR — can be used to identify and examine group dynamics: How do individuals join, stay connected to, and leave net-
works established in virtual classrooms? The SAOM framework we introduce here is invoked in two stages. In the first stage
of analysis, we define and design the longitudinal network data, specifically the multigroup structure, the binary tie variable,
and the logic of tie changes. In the second stage of analysis, a series of SAOM models is used to test whether the set of
hypothesized structural, individual-level covariate, and dyad-level covariate effects influence tie formation and change.

Stage 1: Design of longitudinal network

The first stage consists of three considerations: structuring the multigroup network data, designing the binary tie variable,
and specifying the logic of tie changes.
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Multigroup network. In the dataset, five weekly behavioral and attitudinal measures were nested within 81 individuals,
who were in turn nested within eight groups. This resulted in a repeated measures data structure with five weekly
networks nested within eight groups. Accordingly, we conducted a multigroup SAOM analysis that offers an introductory
approach for studying longitudinal dynamics within VR classroom networks [57,60,67]. The multigroup analysis separates
the set of longitudinal networks by group — treating group as a categorical variable. The parameters in the rate function
are group-specific (i.e., each of the eight groups has its own period-specific rates), but that the parameters in the objective
function are equal across groups. We note that this is a set of strong homogeneity assumptions, and for model extensions
such as meta-analysis or multilevel analysis that allow parameters in the objective function to be group-specific, see [59].

Binary tie variable. SAOMs operate on binary networks [56,57], where ties between actors have only one of two
states: existent (1) or non-existent (0). In our analysis, the binary networks for each of the eight groups were derived from
continuous, non-directional measures of interpersonal distances in virtual space. While ties were observed at discrete
weekly sessions, SAOMs conceptualize tie formation as a continuous process in which an observed network state reflects
the accumulated result of many unobserved micro-level decisions occurring between observations, providing justification
for using the mode of proximity across each 30-minute session as an indicator of the relational state aggregated over
the preceding week [68]. While all interactions took place in one large open space (“Engineering Workshop”), the use of
3D voice in the ENGAGE platform allowed for splitting off into smaller groups without audio overlap. As the volume of a
person’s voice reduces as the distance to them increases (no volume beyond 15 meter by default), participants had to
physically move closer to their small group members to hear and communicate with each other. As seen in S1 Fig, the
distribution of the interpersonal distances (distance;) exhibited a bi-modal distribution with modes at approximately 1.5
and 8 meters and a clear trough at approximately 4 meters (M=7.15, SD=3.86; 1st quartile=3.19, 2nd quartile [Mdn] =
7.80, 3rd quartile=10.14). Drawing from some definitions used in proxemic theory [69,70] about individuals’ perceptions of
intimate space (0—45 cm), personal space (45—120 cm), social space (129-365 cm), and public space (365-762 cm) and
the observed empirical distribution we defined the presence/absence of social ties between participants using a 400 cm
(4 meters) threshold. Specifically, each tie variable x; was coded as present=1 when distancej; < 4 and absent=0 when
distancejy > 4 or missing. Of the 66,761 distance measurements obtained over the five weeks, 17,108 (25.6%) were less
than 4 meters. The resulting 40 binary networks (8 groups x 5 weeks) indicate which pairs of participants engaged in
meaningful social interactions in the CVE classroom and how those social ties changed over time. The same pattern of
results was obtained in follow-up robustness checks using a 365 cm threshold of social space (see S2 Table).

Logic of tie changes. When there is an opportunity for change actors’ decisions are guided by the objective function.
However, there are different ways that actor’s decisions are combined in creating, dissolving, or maintaining ties. For
example, in a dictatorial logic one actor makes a decision and unilaterally imposes the change in tie. In other logics, one
actor takes the initiative and proposes a change to the second actor who may agree or not, or both meet and reconsider
the tie together. For non-directed networks, it is commonly assumed that changes in ties involve the mutual consent of
both actors [59,61].

In the “unilateral initiative and reciprocal confirmation” logic, actor i takes the initiative, choosing the best possible x;
to change. If the proposed action is to dissolve the tie, the change is carried out. If the proposed action is to form a new
tie, the new tie is proposed to j. If j agrees, then the change is carried out, otherwise nothing happens. In our analysis, we
invoked this logic, where tie changes are initiated by one actor and tie formations require consent (“modelType = 3”, see
[57]).

Stage 2: Model definition

The SAOM framework allows researchers to specify a range of factors, structural and individual- or dyad-level covariate
effects as shown by Fig 2, in the rate function (modeling occurrences of change) and objective function (modeling mecha-
nisms of change). As in prior work, we assumed that the rate function only depends on period and that all actors in a given
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group network have an equal probability of change in Eq. (1). In defining the objective function in Eq. (2), we introduced
three models to investigate how different interaction measures influence tie formation and change in VR: Model 1 (Struc-
tural and Actor effects), Model 2 (Model 1 +Actor-partner dissimilarity effects), Model 3 (Model 2 + Dyadic similarity effects).

Model 1 presents a basic model specification that includes two structural effects and six individual-level actor covariate
effects in the objective function. Derived for each weekly group network, two structural effects represent essential network
characteristics that are related to bridging and boding social capital. As a measure of baseline tendency, out-degree (Bop)
shows how extensively an individual is connected to others in the group, or how dense their network is. As a measure of
social capital, GWESP (Sswesp) captures how likely they are to form transitive ties with friends of their friends. This effect
investigates how bridging (negative GWESP) and bonding (positive GWESP) structures would manifest in virtual class-
room settings.

Also, individual difference measures drawn from weekly surveys were included as baseline covariate effects. In line
with the previous work [6], we hypothesized that in VR classrooms, participants’ prior experience with VR (Bpriorvr), prior
acquaintance with group members (Bprioracq), @and group identification (Sgroupian) Measured in the pre-test questionnaire,
as well as time metric (Bime ), may influence their networking behavior in each weekly group network. These actor effects
investigate whether and how individuals’ prior VR- or group-related experiences influence their actual participation in VR
group activity, and whether these group dynamics evolve over time.

We also included two possible extensions that allow for a more nuanced examination of actor-partner interaction and
dyadic interaction, respectively. Model 2 specifies how actor-partner imbalance in individual difference measures may
influence VR interaction behavior. We hypothesized that increases in actor-partner imbalance (absolute sum of differ-
ences) across the three time-invariant individual difference measures, that is, prior VR experience (Bpriorvr.imb), prior
acquaintance with group members (Bprioracq.imp), @nd group identification ( Bgroupian.ims), Would decrease the likelihood of tie
formation. Additionally, considering that participants may have drawn demographic information from voice cues and that
they were in the same class for 10 weeks, we include the same gender (Sgender) @and same ethnicity (Setnnicity) effects to
test homophily based on demographic background. Model 3 incorporates two time-invariant dyadic relationship measures
obtained from the post-test questionnaire. Specifically, we assessed whether prior familiarity ( Szmisiarity) @and friendship
(Brriendship) With group members increase the likelihood of tie formation. These actor-partner and dyadic effects investi-
gate how bridging (positive dissimilarity, negative similarity effects) and bonding (negative dissimilarity, positive similarity
effects) structures would manifest in VR interaction.

Stage 3: Model estimation and selection

All three models were estimated using the R “RSiena” package (version 1.4.7) [57]. The eight groups were analyzed
simultaneously using the multigroup option, which assumes the groups are independent replicates with their own

group- and period-specific rate parameters (see S1 Table), but a common objective function. The multigroup model was
specified using the initiative with reciprocal confirmation logic of tie changes (“modelType = 3”; see modelType =2-6 for
non-directed networks, [57]). Multigroup SAOMs were then fitted using the conditional MoM method, with 3,000 iterations
in the third phase, a threshold of 0.25 for the overall maximum convergence ratio, and a threshold of 0.1 for the absolute
value of the individual t-statistics. Model comparisons (e.g., Model 2 vs. Model 1, Model 3 vs. Model 2) were done using
Wald-type chi-square tests. As a robustness check, in S1 Table we calculated Jaccard similarity measures, where val-
ues>.3 are preferred; values <.1 should be treated cautiously [11,57,68].

Results

This study used SAOMs to explore fundamental processes of social interaction in CVEs, where individuals were deliber-
ately transported into VR to engage in group learning activities and establish social relationships with peers. The results
are presented in two sections. We begin with a descriptive analysis of VR group networks, then examine patterns of
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bridging and bonding structures found in SAOM estimation results. To provide a comprehensive illustration of the SAOM
framework, we also discuss findings regarding the structure and evolution of virtual community.

Descriptions of VR group networks

Fig 3 illustrates the evolution of social ties across five weekly VR sessions (in columns) within the eight discussion groups
(in rows). Two consistent patterns emerged across these longitudinal group networks. First, we observed a general trend
of network decay (rather than growth). Both the number of active participants (actors) and the number of social ties
decreased over time, implying that participants were less likely to interact with peers and more likely to disengage with
the classroom setting over time. For example, in Group 1, the number of distinct ties decreased from 6 (among 6 actors)
in Week 4 to 4 (among 5 actors) in Week 8. Similarly, in Group 2, the number of distinct ties decreased from 11 (among
10 actors) in Week 4 to 8 (among 9 actors) in Week 8. Across groups, average network density decreased from.17
(SD=0.07) in Week 4 to.11 (SD=0.03) in Week 8. S3 Table illustrates how each discussion group’s network densities
decrease and change week-to-week across the five weeks.

Second, we observed that while the overall size and density of group networks declined over time, the cohesiveness
within smaller clusters tended to persist. Individuals stayed connected to their subgroups. In Group 5, for example, eight
(out of 10) participants initially formed a core-periphery structure that consisted of a dense core (Actors #49, #20, #30,
#4, #27) and a sparse periphery (Actors #82, #65, #19) in Week 4, but this network was gradually separated into three
small subgroups by Week 8, one of which (Actors #30, #50, #4) pretty much remained intact across the four remaining
weeks. Similarly, in Group 6, the one loosely connected network that existed in Week 4 had split into three fully connected

Week 4 [ Week 5 Week6 | Week7 Il Week 8

Fig 3. Observed weekly group networks based on interpersonal distances in VR. Each node denotes a participant (i.e., actor) in VR classroom,
and each edge indicates presence of close-distance interaction (i.e., tie) between participants. Two actors, A and B, who are in the same group have

a social tie in a given week if both A and B are present in VR classroom that week and their pairwise in-VR interpersonal distance <4, where “4” is the
median value of pairwise distances in the data. If either A or B was absent from class, or if the distance between the pair {A, B} was greater than or equal
to 4, A and B are considered as not connected to each other. The symmetric (non-directional) adjacency matrix indicating the ties among members of
each group for each week is then used in the analysis. Node placement in the figure is based on the Fruchterman-Reingold force-directed layout algo-
rithm across weeks. Actor nodes are colored when that actor has at least one tie each week. (a) Groups 1-4. (b) Groups 5-8.

https://doi.org/10.1371/journal.pone.0355470.9003
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subgroups by Week 8 (Actors #72, #12, #78; Actors #1, #47, #24; Actors #49, #43, #47, #32). These patterns of differen-
tial network decay — ties dissolve globally but persist locally — motivated our use of SAOMs to examine how bridging and
bonding mechanisms contributed to tie formation, maintenance, and dissolution in VR classrooms.

SAOM estimation results

Following the procedures outlined above, we fitted three multigroup SAOMs (Models 1-3) that incorporated incrementally
larger sets of structural and covariate effects. As seen in the bottom rows of Table 2, all three models converged; overall
maximum convergence ratios were below .25 and absolute values of the individual t-statistics were below.1. Based on
the model comparison using Wald-type chi-square tests, we selected Model 3 as the best fitting model (Model 1 — 2,
x2(5) = 15.26, p<.001; Model 2 — 3, x?(2) = 33.33, p<.001) and thus focused interpretation on these results.

Rate function. The rate parameters are typically considered as nuisance parameters [57]. In our case, they also do
not inform any of the hypotheses about social capital theory. For completeness of reporting, rate parameter estimates
from Model 3 are shown in S1 Table, where we see that the separately estimated rate parameters exhibit an overall
decreasing trend. This trend in part reflects how the networks decay over time.

Objective function. The estimated coefficients in Table 2 correspond to the effects on the probability of tie formation
and change, capturing the rules of change defined by each model’s objective function. These parameters are assumed

Table 2. Results from SAOMs examining how structural, individual-level covariate, and dyad-level covariate effects contribute to network
change.

Model 1 Model 2 Model 3
Parameter Actor effects Actor-partner effects Dyadic effects
Structural effects
Out-degree -0.835%** (0.123) =-0.757*** (0.170) —0.638*** (0.174)

GWESP 0.898*** (0.113) 0.917*** (0.110) 0.863*** (0.115)
Individual-level covariate effects

Time

-0.036 (0.034)

-0.036 (0.033)

-0.057 (0.035)

Prior VR use

-0.098 (0.117)

-0.099 (0.136)

-0.155 (0.141)

Prior acquaintance

0.007 (0.124)

0.081 (0.130)

-0.168 (0.149)

Group identification -0.022 (0.060) -0.075 (0.058) -0.094 (0.060)
Prior VR use imbalance? 0.183 (0.117) 0.155 (0.111)
Prior acquaintance imbalance? -0.185 (0.124) -0.051 (0.128)
Group identification imbalance® -0.174%* (0.063) -0.174** (0.062)
Same gender 0.139 (0.097) -0.015 (0.105)
Same ethnicity -0.086 (0.122) -0.154 (0.124)
Dyad-level covariate effects

Familiarity 0.368*** (0.068)
Friendship -0.055 (0.063)
Goodness-of-fit statistics

Chi-square statistic (df) 15.261%** (5) 33.334%** (2)
Overall maximum convergence ratio .097 120 123

Absolute maximum of t-statistics .068 .054 .049

GWESP =geometrically weighted edgewise shared partners. Multigroup models fit by the conditional Method of Moments estimation with 3,000 iterations
in the third phase, using the “RSiena” package (version 1.4.7). Model convergence is obtained when the overall maximum convergence ratio<.20 and
the absolute value of individual t-statistics <.10. Parameter estimates with standard errors in parentheses. Statistically significant parameters indicated

in bold font. *p<.05. **p<.01. ***p<.001. 2AlImbalance is measured by the absolute sum of differences between a focal actor and its partners. *Tests null
hypothesis that newly added parameters are zero.

https://doi.org/10.1371/journal.pone.0355470.t002
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to be equivalent across all eight groups. The sienaTimeTest() results showed that the out-degree effect is not significantly
different across 32 weekly group networks and across eight groups (x?(31) = 12.58, p=.999 in Model 1; x?(31) = 14.05,
p=.996 in Model 2; x?(31) = 32.67, p=.384 in Model 3).

Structural effects: The negative out-degree effect (5op = —0.64) indicates that individuals tended to interact with
smaller, often selective, groups: each additional tie reduces the likelihood of forming a new tie by about half
(i.e., exp(—0.64) = 0.53). In contrast, the positive GWESP effect (Bewesp = 0.86) suggests a more than 2 times stron-
ger tendency to build on their smaller subgroups (i.e., exp(0.86) = 2.36). If both actors have high GWESP, it can push
even more strongly toward the formation of a new tie, reinforcing bonding ties within subgroups. Fig 4 displays structural
effects on tie formation and change when all other covariates are controlled in Model 3. For example, on the right panel
of Fig 4, when there is no transitive relationship among any of actor A’s four ties with B-F, the probability of finding a new
partner is below 0.1 due to the negative out-degree effect: 1/(1 + exp(—(—0.64 x 4))) = 0.07. However, the presence of
a shared third connection (i.e., triad) significantly increases the likelihood of tie formation and change, with more triads
amplifying this tendency. For example, for the tie between actors A and B where they share three common friends (C, D,
E), it is about 4 times more likely that they will connect to the friend of these three friends rather than a random person:
1/(1 + exp(—(—0.64 x 4 + 0.86 x 1.75)))) = 0.28.

These findings align with our descriptive analysis, suggesting that even as network size and density decrease over
time, potentially due to classroom settings, participants tended to connect with their smaller, cohesive subgroups. In
other words, participants were more likely to maintain bonding ties with their “cliquey” peers, rather than to form new

0.8 0.8

0.64

GWESP(A) =175

0.4+
GWESP(A)=0

Probability of tie formation

0.24
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Fig 4. Structural effects on tie formation and change. Out-degree effects on the left and GWESP effects on the right, based on the best fitting Model
3. Each of four networks showcases out-degree or GWESP values for actor Awhen OD(A) = 0, OD(A) = 3, GWESP(A) = 0, GWESP(A) = 1.75 (from left
to right), respectively. On the right panel, when the number of actor A’s triads is 0 (i.e., GWESP(A) = 0), the probability of tie formation is less than 0.5

because actor A already has four ties (i.e., OD(A) = 4). When the number of actor A’s triads is 3, GWESP(A) = 1.75<3 because GWESP measures triad
census with an additional decaying parameter a = In(2), meaning that adding partner is weighted downwards as the number of existing triads increases.

https://doi.org/10.1371/journal.pone.0355470.9004
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connections — such as engaging with “popular” others — that would support bridging. From the classroom design perspec-
tive, these results underscore the importance of triadic structures in encouraging student participation in CVEs.

To better understand the role of structural effects in network dynamics, Fig 5 illustrates three hypothetical scenarios:
The top panel simulates evolution of a network with a negative out-degree effect and no GWESP effect
(Bop = —0.64, Bewesp = 0); the middle panel simulates evolution of a network with a positive GWESP effect and no
out-degree effect (Bop = 0, Bewesp = 0.86); and the bottom panel simulates evolution of a network with a negative
out-degree effect and positive GWESP effect, as observed in Model 3 (8op = —0.64, Sewesp = 0.86). Across the five con-
secutive ministeps, the first scenario shows that, without any bonding ties, inhibitory bridging processes lead to sparse,
loosely connected networks. In complement, the second scenario illustrates how, without any bridging ties, bonding
processes drive the formation of dense, close-knit networks. As a combination of these two processes, the third scenario
captures the actual pattern in observed data: an initially bigger, loosely connected network evolves into smaller, close-knit
subgroup networks over time. These scenarios suggest that a more ideal classroom environment may emerge by sustain-
ing these subgroup networks in ways that allow for both bridging and bonding processes.

Individual-level covariate effects: None of the four actor effects were significant. Although these directions suggested
an overall negative pattern — the odds of creating a new tie decreased over time (Ssme = —0.057, p=.098), with lower
probabilities among participants who have prior VR experience (Bpriorvr = —0.155, p=.272), who have prior acquaintances
within their assigned VR discussion groups (Bprioracq = —0.168, p=.261), and who have above average identification
scores to the discussion groups they belong to (Sgroupian = —0.094, p=.119) — none reached statistical significance.

Among the five actor-partner effects, only group identification imbalance showed a significant effect: greater imbalance
in group identification was related to a reduced likelihood of tie formation ( Bgroupidn.ims = —0.174, p=.005). This finding
suggests that participants were more likely to connect with others who shared similar levels of group affiliation, in support
of bonding social capital. This may be particularly relevant given that our sample included participants who tended to have
higher group identification and to enroll in the same group (e.g., student athletes in the same team). No such effects were
found for prior VR experience (Bpriorvr.ims = 0.155, p=.162), prior acquaintance (SBprioracq.imp = —0.051, p=.693), same gen-
der (Bgender = —0.015, p=.885), and same ethnicity (Sethnicity = —0.154, p=.214).

Dyad-level covariate effects: Among the two dyadic effects, familiarity was positively associated with tie formation
(Btamitiarity = 0.368, p<.001), whereas friendship was not (Ssienaship = —0.055, p=.385). This finding that participants were
more prone to interact with familiar others is also indicative of a bonding process.

Taken together, effects associated with bonding mechanisms — GWESP and similarity-based covariate (i.e., familiar-
ity) effects — were positive, while effects associated with bridging mechanisms — dissimilarity-based covariate (i.e., group
identification imbalance) effects — were negative. In conclusion, bonding capital, rather than bridging capital, manifested in
these data obtained in a study of groups interacting in a CVE across multiple weeks during a university-based VR class.

Discussion

In this paper, we developed a methodological framework that combines longitudinal network methods with VR tracking
data. Specifically, the SAOM approach has the potential to uncover social dynamics of “virtual community” in CVEs,
through the lens of bridging and bonding social capital. We illustrated the method through analysis of a longitudinal
dataset on interpersonal distances obtained over five weeks during a university course about VR. First, we conducted an
exploratory analysis of distance-based social networks across groups and weeks, noting a general trend for differential
network decay over time. Second, we used the SAOM to examine a variety of possible effects that indicate how social
capital manifests in the CVE classrooms being studied. We found that bonding, rather than bridging, structures manifested
in VR classrooms using the structural effects, as indicated by the positive GWESP effect. Evidence of bonding social capi-
tal in this virtual classroom settings also emerged in covariate effects, particularly through the negative actor-partner effect
of group identification imbalance and the positive dyadic familiarity effect.
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Fig 5. Simulated network change under different configurations of structural effects. Examples of simulated networks based on the best fitting
Model 3, where Sop =—0.64 and Bewese = 0.86. Based on an example group network at Ministep 1 with six actors A-F, predicted tie changes over four
ministeps are displayed using three scenarios (for simulated week-to-week network change, see S2 Fig). (a) If there is negative out-degree effect and
no GWESP effect (i.e., Sop =—0.64 and Sewesp = 0), the density and size of the network will decrease over time. This scenario shows that negative
out-degree effect discourages people from bridging between communities and creating new contacts. (b) If there is positive GWESP effect and no
out-degree effect (i.e., Sop = 0 and Bewesp = 0.86), then the network will become dense, specifically due to additional connections among friends of
friends. This scenario shows that positive GWESP effect encourages people to derive relations from and build stronger relationships within the same
group. (c) Finally, Model 3 (i.e., Bop =—0.64 and Bewesp = 0.86) predicts that the loosely connected one group network will be divided into small sub-
groups with close bonds. The other covariate effects are fixed to be zero (i.e., no effect due to covariate differences).

https://doi.org/10.1371/journal.pone.0355470.9005

In the sections that follow we examine the social structure of virtual community. We then probe how evidence of social
mechanisms can be leveraged to create inclusive and accessible CVEs. Finally, we discuss contributions of developing a
SAOM framework in applications and studies of VR as well as other communication technology.
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The social structure of virtual community

Our empirical analysis has three main findings. First, a general trend of network decay illustrates that participants were
less likely to interact with peers and more likely to disengage with the classroom setting over time. Although disengage-
ment over time has been documented in online learning environments more broadly, the mechanisms underlying our
finding likely differ. For example, student silence typically concerns the verbal exchange with lecturers [71], whereas our
finding concerns the nonverbal distancing behavior among peers. Several explanations may account for this pattern.

One possibility is that as the VR medium became less novel over the course of the study, participants may have felt less
motivated to explore and interact within the CVE. Also, because sparse conversation was not penalized in the grades,
they were less incentivized to actively engage with peers. It is also worth noting that the specific topics and activities var-
ied from week to week. Distinguishing among these possibilities remains an important direction for future work. Second,
as individuals stayed connected to their subgroups, the cohesiveness within smaller clusters tended to persist (positive
GWESP effect). This finding is consistent with the tendency of social VR platforms to host numerous, relatively small,
communities with strong internal cohesion and limited external connections [72]. For example, in a similar study of VR
workshop settings, participants occupied a relatively small area, even when there was plenty of room to spread out [73].
Third, individuals were more likely to connect with others who shared similar levels of group affiliation (negative group
identification imbalance effect) or were already familiar (positive dyadic familiarity effect). This finding aligns with the litera-
ture on homophily in social VR contexts, where friendships tended to rely heavily on familiarity, common interests, com-
fort in spending time together, and feeling close to others with such characteristics [74]. For example, groups of friends
reported higher copresence, showed more positive sentiment, and engaged more frequently in dyadic interactions than
the groups of strangers [75]. However, participants did not show a significantly stronger tendency to connect with others
who share the same gender or ethnicity. These results support the previous finding in the same VR dataset that demo-
graphic characteristics did not predict student outcomes [6]. While this pattern should be interpreted with caution given the
exploratory nature of the analysis, it is consistent with the possibility that VR settings — wherein users can choose avatars
to visually represent themselves — may reduce social boundaries across demographic groups [76—78]. The question of
whether and how VR can attenuate ethnic or gender biases in teaching and learning settings should propel additional
research in this area.

While our dataset does not include offline interactions data, prior studies found that students tended to build stronger
relationships with “friends of friends” in in-person classrooms [33—35]. Similarly, our empirical results suggest that these
bonding dynamics also manifested in VR classrooms [42,43,79]. This suggests that the techniques used to foster bond-
ing in traditional or online educational settings can be adapted into VR settings, although empirical validation is needed.
For example, inviting existing friends or assigning groups based on shared interests or past interactions might help users
onboard in VR settings [74]. We note that our findings apply to interpersonal distancing behaviors in VR classrooms speci-
fially, and that direct comparison to in-person classroom dynamics needs more exploration that is beyond the scope of this
study.

Unlike the existing literature on bridging structures of online community [37-39], we found little evidence that actors
were inclined to bridge with interaction partners who can expand their social reach. As outlined by Yuan and Gray [32],
bonding social capital contributes to strengthening relationships and increasing group cohesiveness, but it also divides a
network into smaller cliques. This opens two possibilities. First, participants may have been unfamiliar with the VR setting
— about 50% of the participants had never experienced VR — which may have limited these participants ability to engage
bridging social capital. While bonding processes with existing friends can draw on shared context and rapport, bridging
processes with new friends often require higher levels of presence and embodiment to overcome initial uncertainty —
making it more challenging for new users to make use of bridging social capital. Second, interaction dynamics in VR may
fundamentally differ from those in both physical and online environments. Maloney et al. [80] suggests, while nonverbal
behaviors and social norms are quite similar in the virtual world (vs. physical world), they are still different in many ways.
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For instance, walking up to a stranger to bump their fist in the real world might be different from “gliding” to a stranger

to extend their “hand controller” in the virtual world. Because VR technology affords different modes of interaction, even
similar gestures like greeting can carry different meanings in the virtual world. As such, the same interpersonal distancing
behavior may signal something different in VR than it would in the physical world.

Although we do not have a definitive answer between the two possibilities, our analysis consistently suggests that
bonding, rather than bridging mechanisms were more prominent in VR networks. Using the parameters from Model 3,
Fig 6 shows how two prototypical network structures — a core-periphery structure in the top row and a community structure
in the bottom row [50] — tend to fragment into smaller subgroups over four ministeps. In the core-periphery structure (top
row), central nodes are more likely to terminate their links with peripheral nodes (e.g., Week 4 — 5), separating core and
peripheral subgroups. In the community structure (bottom row), given that the three communities were already fully con-
nected in Week 4, it follows that the network grows only sparser, without additional tie formation in the following weeks.
We note that these are theoretical illustrations of the model’s equilibrium properties using only four ministeps. The number
of ministeps may be different in reality, so these simulations are illustrative and should not be interpreted as specific pre-
dictions of how an actual group with those starting structures might evolve.

In essence, this model-based simulation highlights the role of bridging ties in network dynamics, suggesting that in VR
classrooms, it may be particularly important to foster interactions with a wide range of group members outside their exist-
ing subgroup or familiar others. One possible approach is implicitly shaping group activities so that students are naturally
brought into bridging with unfamiliar others rather than only familiar ones. For example, on Week 6, participants engaged
in small-group activity in which participants chose a unique feature of VR and brainstormed how to communicate climate
change based on this feature. To facilitate bridging processes, such an activity could be structured so that participants
spend the first half with two partners of their own choice and then rotate to a new set of partners, also of their own choice,
which would naturally expand their reach beyond their familiar subgroup. Rather than explicitly pairing students with
specific unfamiliar others, this implicit shaping of group activities and learning environments would encourage students to

Ministep 1 Ministep 2 Ministep 3 Ministep 4 Ministep 5

Core-periphery

Community

@

pia) pia) pia) D A D A

Fig 6. Simulated network change under core-periphery and community structures. Examples of simulated networks under core-periphery-

and community structures. Based on an example group network at Ministep 1, predicted tie changes over four consecutive ministeps are displayed

for each network structure (for simulated week-to-week network change, see S2 Fig). Node placement in the figure is based on the Fruchterman-
Reingold force-directed layout algorithm across weeks. Actor nodes are colored when that actor has at least one tie each week. Top panel: Under the
core-periphery structure, the dense core (i.e., node B) is more likely to remain well connected with adjacent nodes, while peripheral nodes are only
sparsely and loosely connected. Bottom panel: Under the community structure, cohesive subgroups are less likely to be united into bigger networks, or
even expand their subgroup network, as tie formation primarily occurs within, rather than between, groups.

https://doi.org/10.1371/journal.pone.0355470.9006
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engage with bridging processes without overriding their individual choices and preferences. Although empirically testing
such interventions is beyond the scope of the current study, future studies could examine whether and how interventions
focused on fostering bridging processes can facilitate more inclusive network dynamics in VR.

Marginalization in CVEs, also referred to as “virtual ostracism” [81], is a growing concern for design of more open and
inclusive communities. While our analyses found no homophily based on actual gender or ethnicity in the VR setting, mar-
ginalization may implicitly and explicitly shape avatar-mediated interaction in social VR [82,83] and thus remains a broader
structural issue. As illustrated in Fig 6, our analysis suggests that bonding social capital in the absence of bridging may be
a fundamental source of this marginalization. These findings also have important implications for facilitating long-term VR
group interactions. For example, when familiarity mediates intergroup contact [84], interventions leveraging existing sim-
ilarity and shared preferences may successfully facilitate emergence of positive intergroup attitudes [85]. Extending from
cross-sectional intervention studies [85,86], our study illustrates how longitudinal data and methods can be used to track
how the network dynamics evolve over time.

Network approach to VR tracking data

In this paper, we demonstrated how SAOMs can be used to examine social dynamics in VR classrooms. The SAOM
framework provides a practical solution for bringing network perspectives to VR. Moreover, this framework can be
extended to incorporate a wide variety of structural, individual- and dyad-level covariate effects to capture bridging and
bonding social capital. As such, this study proposes and begins developing an empirical research agenda — the longitudi-
nal network approach facilitates an exploration of webs of personal relationships, or “virtual community” that has been an
implicit premise in the field since its introduction [5], but yet to be directly tested or implemented. By adding dyads, groups,
communities, or societies as another layer of analysis, above the existing layer of individuals, that highlights the impor-
tance of social dynamic. Advances in VR technology that make virtual environments feel more like “reality” prompted study
of whether individuals behave similarly in VR and in the physical world [1—4]. However, many existing research are based
on individual or dyadic interactions in VR, leaving a substantial gap between the empirical analysis of the longitudinal data
obtained in CVEs — including triadic and group-level features (e.g., gaze, motion synchrony) — and Rheingold’s concept of
virtual community as webs of personal relationships. Our longitudinal analysis applies SAOM methods to VR motion data
to begin addressing this gap, examining whether patterns of bridging and bonding structures in a VR classroom setting
are similar to those found in the previous literature in in-person classrooms.

The application of the SAOM network method is not limited to only VR motion data. Taking advantage of the latest
tracking technology underlying CVEs, rich and real-time tracking data collected in the virtual world can be easily incorpo-
rated into the SAOM analysis. To illustrate, voice recordings can be used to quantify lexical similarity between individuals;
eye gaze cues can be considered as a measure of selective and multi-directional attention. Taken together, researchers
can make use of verbal and nonverbal communication behaviors in multiple modalities and potentially in combination of
each other, to represent connections between people. As immersive VR technology continues to develop, we argue that
network-based approach is an essential and promising method for building more accessible and inclusive learning envi-
ronments — that can also support meaningful social interactions in computer-mediated contexts — and developing interper-
sonal relationships in VR.

Limitations and outlook

The empirical example here had the goal to developing and illustrating how SAOM methods can be used to study social
dynamics in VR, with a particular emphasis on interpersonal distancing [27,28]. However, our operationalization has
several limitations surrounding interpretation of interpersonal distance in VR. We discuss three limitations. First, we
employed a threshold approach to derive binary networks of distance <4-meter (or not). However, each week of the study,
participants engaged in a variety of learning tasks across different topics and various virtual environments [6]. The specific
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distance threshold therefore may not capture actual relationship webs across all weeks, activities, and environments.
While we obtained the same pattern of results in follow-up robustness checks using a 3.65-meter threshold (as in prox-
emic theory, see S2 Table), dichotomization in the design of binary networks may require more theoretical and empirical
testing [87]. Second, the distance measure was defined as the mode of distances across all 1/3-meter spatial bins and
1/30-second temporal epochs (30 Hz) of every 30-minute VR session. Although the mode was particularly used to repre-
sent the distance at which participants spent the most during the 30-minute session, alternative metrics such as mean or
median, in combination with varying sizes of spatial bins and temporal epochs, can be employed for further robustness
checks. Third, unlike many applications in the SAOM literature, our networks are non-directed, which is inherent in the use
of non-directional distance. As the data allow for detailed positional and rotational data, future works can incorporate the
asymmetry of multi-modal and multi-directional interactions among dyads, such as head directions or eye gazes.

Combined with the increasing availability of VR motion and tracking data, our SAOM approach can be extended for
conceptualizing and quantifying how ties change moment-by-moment and week-to-week. Importantly, the choice of time
interval (i.e., weekly VR sessions) — ranging from 1/30-second to 30 minutes — involves both conceptual and practical
considerations in modeling network change. For example, by calculating ties every 10 minutes within each VR session,
the resulting tie changes can be more transient and dynamic than those typically used in the SAOM literature (e.g.,
classroom seating charts or online friendship networks). Conceptually, the time unit should be relevant to the construct
underlying the tie variable, that is, social relationship underlying VR interaction. In the analysis, we calculated the mode
at the 30-minute session level because each weekly session was designed around one activity, but researchers should
think carefully about whether their chosen time unit accurately reflects the nature of social ties. Practically, the time unit
should align with the SAOM model assumptions. For example, a tie variable defined at the 1/30-second epoch level is
subject to physical dependence, which can violate single-tie-change assumption. In such cases, alternative spatial spatial
or interaction-based models can be pursued to study VR interaction at the epoch level [88,89]. Additionally, tie change
processes are assumed to be time-homogeneous in the SAOM approach [11], which can require additional time-varying
covariates to account for participants’ changing perceptions or attitudes underlying their VR interactions.

Based on our operationalization, we propose elaborating the modeling in several ways. First, for model selection,
we incrementally added two set of covariates to examine various interaction measures in Models 2 and 3, then tested
whether each addition significantly improved model fit. While our approach follows standard model comparison pro-
cedures, alternative methods exist that emphasize theoretical relevance [11] or address methodological issues (e.g.,
MDMC test statistics, time heterogeneity) [58]. Second, multigroup SAOM analysis relies on the strong assumption that
all structural and covariate effects (although not rate parameters) are equal across groups and weeks. Also, in our moti-
vating example, we make use of the 4-meter threshold for defining a social tie, which is the median distance across all
eight groups and five weeks. Because this is a set of strong unrealistic assumptions that completely ignores group differ-
ences (e.g., distance thresholds might differ by group and also change over time), future research may consider ongoing
developments in the SAOM approach. Specifically, recent modeling approaches to multilevel network data, including
meta-analysis or multilevel analysis including Bayesian and random coefficient approaches [59,90,91], can be useful. For
example, the sienaBayes() function in the multiSiena package is designed to handle small groups under relaxed homoge-
neity assumptions. Third, while SAOMs are not built for weighted networks (only binary networks), it is possible to spec-
ify structural zeros (or ones) that indicate when actors leave or join the network [57]. In this way, we can represent the
network’s changing composition in a classroom setting, for example, students who change their group or drop the course
in the middle of five sessions. Fourth, the framework can be expanded to include more time-invariant/varying covariates
and their interaction terms and to model the co-evolution of networks and behavior [55]. In this paper, we used individual
difference measures and demographic background in the pre-test questionnaire data as predictors of tie formation and
change. Considering that participants were allowed to personalize their avatars, future studies can examine if and how
homophily based on avatar personalizations as well as additional demographic variables (e.g., age, race) manifests in
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VR contexts [42—45]. Furthermore, by interacting these covariates with structural effects, we can test further social capital
hypotheses, for example, whether prior VR use moderates the GWESP effect. Supplementing these time-invariant covari-
ates, time-varying covariates can be added and modeled as co-evolutionary dependent variables, allowing for studying
temporal patterns of covariate effects. Fifth, in illustration of dyad-level covariate effects, we included familiarity and
friendship variables that were both obtained at the post-test questionnaire. These variables were used because they were
the two available dyadic relationship measures where participants rated each member in their group as part of the course
evaluation. However, these measures are treated here as time-invariant predictors of network change and thus should be
interpreted as associated factors and not as causal factors. Finally, our model specifications included evaluation effects
only, modeling the overall process of tie formation and change. Researchers specifically interested in tie persistence
should consider splitting parameters into creation and endowment effects [57].

Conclusion

Our analysis highlights the exciting opportunities VR motion data provide for fine-grained study of small group dynam-
ics. In this paper, we analyzed longitudinal data from a university course taught in VR to demonstrate how SAOMs

can be used to track and investigate network dynamics in CVEs. Our approach addresses gaps in previous research
through the investigation of network structural effects and individual- and dyad-level covariate effects that allows for
measuring bridging and bonding processes associated with social processes in VR. The SAOM method is a sociolog-
ical theory-driven and scalable framework that can be applied to many different types of newly available VR tracking
data. Pioneering integration of sociological network theories with the traces of cutting-edge VR technologies opens new
possibilities for innovative study of group behavior and community formation. We hope that this first application and
demonstration of SAOMs to VR motion data will drive more discussion and empirical analysis of social networks in the
computer-mediated environments.

Supporting information

S1 Text. Rate function and objective function in SAOMs.
(DOCX)

S$1 Fig. Histogram of the interpersonal distances observed across multiple weeks in the CVE. Blue dashed line at
4-meter. The distance measure exhibited a bi-modal distribution having two modes at approximately 1.5 and 8 meters and
a trough at approximately 4 meters (M=7.15, SD=3.86; 1st quartile=3.19, 2nd quartile [Mdn] = 7.80, 3rd quartile=10.14).
Of the 66,761 measurements across all group members over the five weeks of study (Weeks 4-8), 17,108 (25.6%) mea-
surements were less than 4 meters.

(TIFF)

S2 Fig. Model-based simulations of week-to-week network change. An example run of 3,000 simulated networks (i.e.,
3,000 iterations in the third phase) based on observed data. Week 4 is the baseline week and not included in prediction.
Node placement in the figure is based on the Fruchterman-Reingold force-directed layout algorithm across weeks. Actor
nodes are colored when that actor has at least one tie each week. (a) Groups 1-4. (b) Groups 5-8.

(TIFF)

S$1 Table. Rate parameter estimates from SAOMs.
(DOCX)

S2 Table. Results from SAOMs examining how structural, individual-level covariate, and dyad-level covariate
effects contribute to network change: Using 3.65-meter threshold for tie presence.
(DOCX)

PLOS One | https://doi.org/10.137 1/journal.pone.0355470 August 11, 2026 24128



https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0355470.s001
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0355470.s002
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0355470.s003
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0355470.s004
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0355470.s005

PLO\Sﬁ\\.- One

S3 Table. Descriptive statistics of observed weekly group networks.
(DOCX)

S1 Appendix. Supplemental R Scripts based on RSiena.
(HTML)

Acknowledgments

An earlier version of this article was presented at the 73rd Annual ICA Conference, Toronto, Ontario, Canada. The authors
thank all the participants for their time and contributions to this study.

Author contributions

Conceptualization: Rinseo Park.

Data curation: Rinseo Park, Mark Roman Miller, Eugy Han, Cyan DeVeaux, Jeremy N. Bailenson.

Formal analysis: Rinseo Park, Nilam Ram.

Methodology: Rinseo Park, Mark Roman Miller, Nilam Ram.

Supervision: Jeremy N. Bailenson, Nilam Ram.

Visualization: Rinseo Park.

Writing — original draft: Rinseo Park.

Writing — review & editing: Mark Roman Miller, Eugy Han, Cyan DeVeaux, Jeremy N. Bailenson, Nilam Ram.

References

1. Bailenson JN, Beall AC, Loomis J, Blascovich J, Turk M. Transformed social interaction: decoupling representation from behavior and form in
collaborative virtual environments. Presence: Teleoperators Virtual Environ. 2004;13(4):428—41. https://doi.org/10.1162/1054746041944803

2. Miller MR, Jun H, Herrera F, Yu Villa J, Welch G, Bailenson JN. Social interaction in augmented reality. PLoS One. 2019;14(5):€0216290. https://
doi.org/10.1371/journal.pone.0216290 PMID: 31086381

3. Slater M, Steed A. A virtual presence counter. Presence: Teleoperators Virtual Environ. 2000;9(5):413-34. https://doi.
org/10.1162/105474600566925

4. Slater M, Wilbur S. A framework for immersive virtual environments (FIVE): speculations on the role of presence in virtual environments. Presence:
Teleoperators Virtual Environ. 1997;6(6):603—-16. https://doi.org/10.1162/pres.1997.6.6.603

5. Rheingold H. The virtual community: finding connection in a computerized world. Reading (MA): Addison-Wesley Longman Publishing Co., Inc.;
1993.

6. Han E, Miller MR, DeVeaux C, Jun H, Nowak KL, Hancock JT, et al. People, places, and time: a large-scale, longitudinal study of transformed
avatars and environmental context in group interaction in the metaverse. J Comput-Mediat Commun. 2023;28(2):zmac031. https://doi.org/10.1093/
jcmc/zmac031

7. Khojasteh N, Won AS. Working together on diverse tasks: a longitudinal study on individual workload, presence and emotional recognition in col-
laborative virtual environments. Front Virtual Real. 2021;2. https://doi.org/10.3389/frvir.2021.643331

8. Ratan R, Lin Q, Lim C, Park R, Lover A, Han E, et al. Time matters in VR: students benefit from longer VR class duration, but certain outcomes
decline after 45 minutes, with large individual variance. Comput Educ. 2025;235:105328. https://doi.org/10.1016/j.compedu.2025.105328

9. Snijders TAB. Stochastic actor-oriented models for network change. J Math Sociol. 1996;21(1-2):149-72. https://doi.org/10.1080/00222
50x.1996.9990178

10. Snijders TAB. The statistical evaluation of social network dynamics. Sociol Methodol. 2001;31(1):361-95. https://doi.org/10.1111/0081-1750.00099

11. Snijders TAB. Stochastic actor-oriented models for network dynamics. Annu Rev Stat Appl. 2017;4(1):343—-63. https://doi.org/10.1146/
annurev-statistics-060116-054035

12. Coleman JS. Social capital in the creation of human capital. Am J Sociol. 1988;94:5S95-120. https://doi.org/10.1086/228943
13. Lin N. Building a network theory of social capital. Connections. 1999;22(1):28-51.

14. Putnam RD. Bowling alone: rhe collapse and revival of American community. New York: Simon & Schuster; 2000.

PLOS One | https://doi.org/10.1371/journal.pone.0355470  August 11, 2026 25/28



https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0355470.s006
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0355470.s007
https://doi.org/10.1162/1054746041944803
https://doi.org/10.1371/journal.pone.0216290
https://doi.org/10.1371/journal.pone.0216290
http://www.ncbi.nlm.nih.gov/pubmed/31086381
https://doi.org/10.1162/105474600566925
https://doi.org/10.1162/105474600566925
https://doi.org/10.1162/pres.1997.6.6.603
https://doi.org/10.1093/jcmc/zmac031
https://doi.org/10.1093/jcmc/zmac031
https://doi.org/10.3389/frvir.2021.643331
https://doi.org/10.1016/j.compedu.2025.105328
https://doi.org/10.1080/0022250x.1996.9990178
https://doi.org/10.1080/0022250x.1996.9990178
https://doi.org/10.1111/0081-1750.00099
https://doi.org/10.1146/annurev-statistics-060116-054035
https://doi.org/10.1146/annurev-statistics-060116-054035
https://doi.org/10.1086/228943

PLO\S\% One

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.
30.

31.

32.

33.

34.

35.

36.
37.

38.

39.

40.

4.

Baker PM. The development of mutuality in natural small groups. Small Group Behav. 1983;14(3):301-11. https://doi.
org/10.1177/104649648301400302

Lewin K. Frontiers in group dynamics: concept, method and reality in social science; social equilibria and social change. Hum Relat. 1947;1(1):5—
41. https://doi.org/10.1177/001872674700100103

Newcomb TM. The acquaintance process as a prototype of human interaction. In: Newcomb TM, editor. The acquaintance process. New York:
Holt, Rinehart & Winston; 1961. p. 259-61. https://doi.org/10.1037/13156-015

Newcomb TM. Stabilities underlying changes in interpersonal attraction. J Abnorm Soc Psychol. 1963;66:376—-86. https://doi.org/10.1037/h004 1059
PMID: 13938239

Steinfield C, Ellison NB, Lampe C. Social capital, self-esteem, and use of online social network sites: a longitudinal analysis. J Appl Dev Psychol.
2008;29(6):434—-45. https://doi.org/10.1016/j.appdev.2008.07.002

van den Berg YHM, Cillessen AHN. Peer status and classroom seating arrangements: a social relations analysis. J Exp Child Psychol.
2015;130:19-34. https://doi.org/10.1016/j.jecp.2014.09.007 PMID: 25313926

Laursen B, Veenstra R. Toward understanding the functions of peer influence: a summary and synthesis of recent empirical research. J Res Ado-
lesc. 2021;31(4):889-907. https://doi.org/10.1111/jora.12606 PMID: 34820944

Logis HA, Rodkin PC, Gest SD, Ahn H. Popularity as an organizing factor of preadolescent friendship networks: beyond prosocial and aggressive
behavior. J Res Adolesc. 2013;23(3):413-23. https://doi.org/10.1111/jora.12033

Blume F, Géllner R, Moeller K, Dresler T, Ehlis A-C, Gawrilow C. Do students learn better when seated close to the teacher? A virtual class-
room study considering individual levels of inattention and hyperactivity-impulsivity. Learn Instr. 2019;61:138—47. https://doi.org/10.1016/].
learninstruc.2018.10.004

Miller MR, Sonalkar N, Mabogunje A, Leifer L, Bailenson J. Synchrony within triads using virtual reality. Proc ACM Hum-Comput Interact.
2021;5(CSCW?2):1-27. https://doi.org/10.1145/3479544

Miller MR, DeVeaux C, Han E, Ram N, Bailenson JN. A large-scale study of proxemics and gaze in groups. 2023 IEEE Conference Virtual Reality
and 3D User Interfaces (VR); 2023. p. 409-17. https://doi.org/10.1109/vr55154.2023.00056

van den Berg YHM, Segers E, Cillessen AHN. Changing peer perceptions and victimization through classroom arrangements: a field experiment. J
Abnorm Child Psychol. 2012;40(3):403-12. https://doi.org/10.1007/s10802-011-9567-6 PMID: 21912844

Bailenson JN, Blascovich J, Beall AC, Loomis JM. Interpersonal distance in immersive virtual environments. Pers Soc Psychol Bull.
2003;29(7):819-33. https://doi.org/10.1177/0146167203029007002 PMID: 15018671

lachini T, Coello Y, Frassinetti F, Ruggiero G. Body space in social interactions: a comparison of reaching and comfort distance in immersive virtual
reality. PLoS One. 2014;9(11):e111511. https://doi.org/10.1371/journal.pone.0111511 PMID: 25405344

Granovetter MS. The strength of weak ties. Am J Sociol. 1973;78(6):1360—80. https://doi.org/10.1086/225469

Centola D. An experimental study of homophily in the adoption of health behavior. Science. 2011;334(6060):1269-72. https://doi.org/10.1126/sci-
ence.1207055 PMID: 22144624

Mutz DC. Cross-cutting social networks: testing democratic theory in practice. Am Polit Sci Rev. 2002;96(1):111-26. https://doi.org/10.1017/
s0003055402004264

Yuan YC, Gay G. Homophily of network ties and bonding and bridging social capital in computer-mediated distributed teams. J Comput Mediat
Commun. 2006;11(4):1062—84. https://doi.org/10.1111/j.1083-6101.2006.00308.x

Ahn H-J, Rodkin PC. Classroom-level predictors of the social status of aggression: friendship centralization, friendship density, teacher—student
attunement, and gender. J Educ Psychol. 2014;106(4):1144-55. https://doi.org/10.1037/20036091

Cappella E, Kim HY, Neal JW, Jackson DR. Classroom peer relationships and behavioral engagement in elementary school: the role of social
network equity. Am J Community Psychol. 2013;52(3—4):367—79. https://doi.org/10.1007/s10464-013-9603-5 PMID: 24081319

Kindermann T. Peer group influences on students’ academic motivation. In: Wentzel K, Ramani G, editors. Handbook of social influences in school
contexts: social-emotional, motivation, and cognitive outcomes. New York: Routledge; 2016. p. 31-47.

Donath J, Boyd D. Public displays of connection. BT Technol J. 2004;22(4):71-82. https://doi.org/10.1023/b:bttj.0000047585.06264.cc

Ellison NB, Steinfield C, Lampe C. The benefits of Facebook “friends:” social capital and college students’ use of online social network sites. J
Comput-Mediat Commun. 2007;12(4):1143—68. https://doi.org/10.1111/j.1083-6101.2007.00367.x

Phua J, Jin S-AA. ‘Finding a home away from home’: the use of social networking sites by Asia-Pacific students in the United States for bridging
and bonding social capital. Asian J Commun. 2011;21(5):504—19. https://doi.org/10.1080/01292986.2011.587015

Phua J, Jin SV, Kim J. Uses and gratifications of social networking sites for bridging and bonding social capital: a comparison of Facebook, Twitter,
Instagram, and Snapchat. Comput Hum Behav. 2017;72:115-22. https://doi.org/10.1016/j.chb.2017.02.041

Boutyline A, Willer R. The social structure of political echo chambers: variation in ideological homophily in online networks. Polit Psychol.
2016;38(3):551-69. https://doi.org/10.1111/pops.12337

lyengar S, Hahn KS. Red media, blue media: evidence of ideological selectivity in media use. J Commun. 2009;59(1):19-39. https://doi.
org/10.1111/j.1460-2466.2008.01402.x

PLOS One | https://doi.org/10.1371/journal.pone.0355470  August 11, 2026 26/28



https://doi.org/10.1177/104649648301400302
https://doi.org/10.1177/104649648301400302
https://doi.org/10.1177/001872674700100103
https://doi.org/10.1037/13156-015
https://doi.org/10.1037/h0041059
http://www.ncbi.nlm.nih.gov/pubmed/13938239
https://doi.org/10.1016/j.appdev.2008.07.002
https://doi.org/10.1016/j.jecp.2014.09.007
http://www.ncbi.nlm.nih.gov/pubmed/25313926
https://doi.org/10.1111/jora.12606
http://www.ncbi.nlm.nih.gov/pubmed/34820944
https://doi.org/10.1111/jora.12033
https://doi.org/10.1016/j.learninstruc.2018.10.004
https://doi.org/10.1016/j.learninstruc.2018.10.004
https://doi.org/10.1145/3479544
https://doi.org/10.1109/vr55154.2023.00056
https://doi.org/10.1007/s10802-011-9567-6
http://www.ncbi.nlm.nih.gov/pubmed/21912844
https://doi.org/10.1177/0146167203029007002
http://www.ncbi.nlm.nih.gov/pubmed/15018671
https://doi.org/10.1371/journal.pone.0111511
http://www.ncbi.nlm.nih.gov/pubmed/25405344
https://doi.org/10.1086/225469
https://doi.org/10.1126/science.1207055
https://doi.org/10.1126/science.1207055
http://www.ncbi.nlm.nih.gov/pubmed/22144624
https://doi.org/10.1017/s0003055402004264
https://doi.org/10.1017/s0003055402004264
https://doi.org/10.1111/j.1083-6101.2006.00308.x
https://doi.org/10.1037/a0036091
https://doi.org/10.1007/s10464-013-9603-5
http://www.ncbi.nlm.nih.gov/pubmed/24081319
https://doi.org/10.1023/b:bttj.0000047585.06264.cc
https://doi.org/10.1111/j.1083-6101.2007.00367.x
https://doi.org/10.1080/01292986.2011.587015
https://doi.org/10.1016/j.chb.2017.02.041
https://doi.org/10.1111/pops.12337
https://doi.org/10.1111/j.1460-2466.2008.01402.x
https://doi.org/10.1111/j.1460-2466.2008.01402.x

PLO\Sﬁ\\.- One

42. Alblehai F. Can avatar homophily influence flow and exploratory behaviour of online users? Educ Inf Technol. 2022;27(9):428—41. https://doi.
org/10.1007/s10639-022-11111-7

43. HuangY, Shen C, Contractor NS. Distance matters: exploring proximity and homophily in virtual world networks. Decis Support Syst.
2013;55(4):969-77. https://doi.org/10.1016/j.dss.2013.01.006

44. Guadagno R, Blascovich J, Bailenson J, McCall C. Virtual humans and persuasion: the effects of agency and behavioral realism. Media Psychol.
2007;10(1):1-22.

45. Alvidrez S, Pefa J. Verbal mimicry predicts social distance and social attraction to an outgroup member in virtual reality. 2020 IEEE Inter-
national Conference on Artificial Intelligence and Virtual Reality (AIVR). Utrecht, Netherlands: IEEE; 2020. p. 68-73. https://doi.org/10.1109/
AlIVR50618.2020.00023

46. Jang H, Lee J. Birds of a rhythm: the effects of haptic pattern similarity on people’s social perceptions in virtual reality. Proceedings of the 2025 CHI
Conference on Human Factors in Computing Systems. New York: ACM; 2025. p. 1-18. https://doi.org/10.1145/3706598.3714264

47. Claros |, Cobos R, Collazos CA. An approach based on social network analysis applied to a collaborative learning experience. IEEE Trans Learn
Technol. 2016;9(2):190-5. https://doi.org/10.1109/tlt.2015.2453979

48. Foucault Welles B, Vashevko A, Bennett N, Contractor N. Dynamic models of communication in an online friendship network. Commun Methods
Meas. 2014;8(4):223-43. https://doi.org/10.1080/19312458.2014.967843

49. Sauer NC, Kauffeld S. Meetings as networks: applying social network analysis to team interaction. Commun Methods Meas. 2013;7(1):26—47.
https://doi.org/10.1080/19312458.2012.760729

50. Wasserman S, Faust K. Social network analysis: methods and applications. Cambridge: Cambridge University Press; 1994.

51. Wolfer R, Faber NS, Hewstone M. Social network analysis in the science of groups: cross-sectional and longitudinal applications for studying intra-
and intergroup behavior. Group Dyn. 2015;19(1):45-61. https://doi.org/10.1037/gdn0000021

52. Lee S, Monge P. The coevolution of multiplex communication networks in organizational communities. J Commun. 2011;61(4):758-79. https://doi.
org/10.1111/j.1460-2466.2011.01566.x

53. Shumate M, Palazzolo ET. Exponential random graph (p*) models as a method for social network analysis in communication research. Commun
Methods Meas. 2010;4(4):341-71. https://doi.org/10.1080/19312458.2010.527869

54. Block P, Stadtfeld C, Snijders TAB. Forms of dependence: comparing SAOMs and ERGMs from basic principles. Sociol Methods Res.
2016;48(1):202—39. https://doi.org/10.1177/0049124116672680

55. Steglich C, Snijders TAB, Pearson M. Dynamic networks and behavior: separating selection from influence. Sociol Methodol. 2010;40(1):329-93.
https://doi.org/10.1111/j.1467-9531.2010.01225.x

56. Snijders TAB, Pattison PE, Robins GL, Handcock MS. New specifications for exponential random graph models. Sociol Methodol. 2006;36(1):99—
153. https://doi.org/10.1111/j.1467-9531.2006.00176.x

57. Ripley R, Snijders T, Boda Z, V6ros A, Preciado P. Manual for RSiena; 2022. Available from: https://www.stats.ox.ac.uk/snijders/siena/RSiena_
Manual.pdf

58. Lospinoso J, Snijders TA. Goodness of fit for stochastic actor-oriented models. Methodol Innov. 2019;12(3):205979911988428. https://doi.
0rg/10.1177/2059799119884282

59. Snijders TAB, Pickup M. Stochastic actor oriented models for network dynamics. In: Victor JN, Montgomery AH, Lubell M, editors. The Oxford
handbook of political networks. New York: Oxford University Press; 2017. p. 221-48. https://doi.org/10.1093/oxfordhb/9780190228217.013.10

60. Franken R, Bekhuis H, Tolsma J. Kudos make you run! How runners influence each other on the online social network Strava. Soc Netw.
2023;72:151-64. https://doi.org/10.1016/j.socnet.2022.10.001

61. van der Heijden M. Agencies without borders: explaining partner selection in the formation of transnational agreements between regulators. Regul
Gov. 2019;15(3):725-44. https://doi.org/10.1111/rego.12295

62. Greenan CC. Diffusion of innovations in dynamic networks. J R Stati Soc Ser A: Stat Soc. 2014;178(1):147—66. https://doi.org/10.1111/rssa.12054

63. Han E, DeVeaux C, Miller MR, Harari GM, Hancock JT, Ram N, et al. Alone together, together alone: the effects of social context on nonverbal
behavior in virtual reality. Presence: Virtual Augment Real. 2024;33:425-51. https://doi.org/10.1162/pres_a_00432

64. Holland PW, Leinhardt S. A dynamic model for social networks. J Math Sociol. 1977;5(1):5-20. https://doi.org/10.1080/0022250x.1977.9989862

65. Leach CW, van Zomeren M, Zebel S, Vliek MLW, Pennekamp SF, Doosje B, et al. Group-level self-definition and self-investment: a hierarchical

(multicomponent) model of in-group identification. J Pers Soc Psychol. 2008;95(1):144—65. https://doi.org/10.1037/0022-3514.95.1.144 PMID:
18605857

66. Mael F, Ashforth BE. Alumni and their alma mater: a partial test of the reformulated model of organizational identification. J Organ Behav.
1992;13(2):103-23. https://doi.org/10.1002/job.4030130202

67. Verheijen GP, Burk WJ, Stoltz SEMJ, van den Berg YHM, Cillessen AHN. A longitudinal social network perspective on adolescents’ exposure to
violent video games and aggression. Cyberpsychol Behav Soc Netw. 2021;24(1):24—31. https://doi.org/10.1089/cyber.2019.0776 PMID: 33434092

68. Snijders TAB, van de Bunt GG, Steglich CEG. Introduction to stochastic actor-based models for network dynamics. Soc Netw. 2010;32(1):44—60.
https://doi.org/10.1016/j.socnet.2009.02.004

PLOS One | https://doi.org/10.1371/journal.pone.0355470  August 11, 2026 27128



https://doi.org/10.1007/s10639-022-11111-7
https://doi.org/10.1007/s10639-022-11111-7
https://doi.org/10.1016/j.dss.2013.01.006
https://doi.org/10.1109/AIVR50618.2020.00023
https://doi.org/10.1109/AIVR50618.2020.00023
https://doi.org/10.1145/3706598.3714264
https://doi.org/10.1109/tlt.2015.2453979
https://doi.org/10.1080/19312458.2014.967843
https://doi.org/10.1080/19312458.2012.760729
https://doi.org/10.1037/gdn0000021
https://doi.org/10.1111/j.1460-2466.2011.01566.x
https://doi.org/10.1111/j.1460-2466.2011.01566.x
https://doi.org/10.1080/19312458.2010.527869
https://doi.org/10.1177/0049124116672680
https://doi.org/10.1111/j.1467-9531.2010.01225.x
https://doi.org/10.1111/j.1467-9531.2006.00176.x
https://www.stats.ox.ac.uk/snijders/siena/RSiena_Manual.pdf
https://www.stats.ox.ac.uk/snijders/siena/RSiena_Manual.pdf
https://doi.org/10.1177/2059799119884282
https://doi.org/10.1177/2059799119884282
https://doi.org/10.1093/oxfordhb/9780190228217.013.10
https://doi.org/10.1016/j.socnet.2022.10.001
https://doi.org/10.1111/rego.12295
https://doi.org/10.1111/rssa.12054
https://doi.org/10.1162/pres_a_00432
https://doi.org/10.1080/0022250x.1977.9989862
https://doi.org/10.1037/0022-3514.95.1.144
http://www.ncbi.nlm.nih.gov/pubmed/18605857
https://doi.org/10.1002/job.4030130202
https://doi.org/10.1089/cyber.2019.0776
http://www.ncbi.nlm.nih.gov/pubmed/33434092
https://doi.org/10.1016/j.socnet.2009.02.004

PLO\Sﬁ\\.- One

69.
70.

7.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.
90.
91.

Hall ET. The hidden dimension. 1st ed. Garden City (NY): Peter Smith Pub Inc; 1966.

Kroczek LOH, Pfaller M, Lange B, Muller M, Mihlberger A. Interpersonal distance during real-time social interaction: insights from subjective expe-
rience, behavior, and physiology. Front Psychiatry. 2020;11:561. https://doi.org/10.3389/fpsyt.2020.00561 PMID: 32595544

Ho DGE, Sa’adi M, He D, Hoon C-Y. Silence over the wire: student verbal participation and the virtual classroom in the digital era. Asia Pac Educ
Rev. 2023;24(4):599-615. https://doi.org/10.1007/s12564-023-09834-4

Tsutsui H, Hiraki T, Hiroi Y, Hasegawa S. Community analysis of social virtual reality based on large-scale log data of a commercial metaverse
platform; 2025. Available from: https://doi.org/10.48550/arXiv.2509.23654

Williamson J, Li J, Vinayagamoorthy V, Shamma DA, Cesar P. Proxemics and social interactions in an instrumented virtual reality work-

shop. Proceedings of the 2021 CHI Conference on Human Factors in Computing Systems. New York: ACM; 2021. p. 1-20. https://doi.
org/10.1145/3411764.3445729

Hide M, Hatada Y, Kuzuoka H, Narumi T. "Closer than real": How social VR platform features influence friendship dynamics. Proceedings of the
2025 CHI Conference on Human Factors in Computing Systems. New York: ACM; 2025. p. 1-17. https://doi.org/10.1145/3706598.3714170

Tutlncl EK, Oliva R, Slater M. Strangers and friends meet in virtual reality: the influence of prior acquaintance in social VR scenarios. Front Virtual
Real. 2025;6:1569708. https://doi.org/10.3389/frvir.2025.1569708

Nowak KL, Rauh C. The influence of the avatar on online perceptions of anthropomorphism, androgyny, credibility, homophily, and attraction. J
Comput Mediat Commun. 2005;11(1):153-78. https://doi.org/10.1111/j.1083-6101.2006.tb00308.x

Zhang J, Juvrud J. Gender expression and gender identity in virtual reality: avatars, role-adoption, and social interaction in VRChat. Front Virtual
Real. 2024;5. https://doi.org/10.3389/frvir.2024.1305758

Peck TC, Seinfeld S, Aglioti SM, Slater M. Putting yourself in the skin of a black avatar reduces implicit racial bias. Conscious Cogn.
2013;22(3):779-87. https://doi.org/10.1016/j.concog.2013.04.016 PMID: 23727712

Pearson M, Michell L. Smoke rings: social network analysis of friendship groups, smoking and drug-taking. Drugs: Educ Prev Policy. 2000;7(1):21—
37. https://doi.org/10.1080/7 13660095

Maloney D, Freeman G, Wohn DY. Talking without a voice: understanding non-verbal communication in social virtual reality. Proc ACM
Hum-Comput Interact. 2020;4(CSCW?2):1-25. https://doi.org/10.1145/3415246

Kassner MP, Wesselmann ED, Law AT, Williams KD. Virtually ostracized: studying ostracism in immersive virtual environments. Cyberpsychol
Behav Soc Netw. 2012;15(8):399-403. https://doi.org/10.1089/cyber.2012.0113 PMID: 22897472

DeVeaux C, Han E, Hudson Z, Egelman J, Landay JA, Bailenson JN. Black immersive virtuality: racialized experiences of avatar embodiment and
customization among Black users in social VR. Comput Hum Behav. 2025;168:108639. https://doi.org/10.1016/j.chb.2025.108639

Freeman G, Maloney D. Body, avatar, and me: the presentation and perception of self in social virtual reality. Proc ACM Hum-Comput Interact.
2021;4(CSCW3):1-27. https://doi.org/10.1145/3432938

Pettigrew TF, Tropp LR. How does intergroup contact reduce prejudice? Meta-analytic tests of three mediators. Eur J Soc Psychol.
2008;38(6):922—-34. https://doi.org/10.1002/ejsp.504

Tassinari M, Aulbach MB, Jasinskaja-Lahti |. The use of virtual reality in studying prejudice and its reduction: a systematic review. PLoS One.
2022;17(7):e0270748. https://doi.org/10.1371/journal.pone.0270748 PMID: 35834584

Pefia J, Allen C, Tseng JT, Chen VHH, Ibasco GC, Koek WJD. Intergroup contact in virtual reality: the influence of avatar identity, social identity,
and contact valence on prejudice. New Media Soc. 2026:1461444825141162. https://doi.org/10.1177/14614448251411262

Leifeld P, Cranmer SJ. The stochastic actor-oriented model is a theory as much as it is a method and must be subject to theory tests. Netw Sci.
2022;10(1):15-9. https://doi.org/10.1017/nws.2022.7

Barbosa H, Barthelemy M, Ghoshal G, James CR, Lenormand M, Louail T, et al. Human mobility: models and applications. Phys Rep. 2018;734:1—
74. https://doi.org/10.1016/j.physrep.2018.01.001

Fotheringham AS, O’Kelly ME. Spatial interaction models: formulations and applications. Dordrecht: Kluwer Academic Publishers; 1989.

Lazega E, Snijders TAB, editors. Multilevel network analysis for the social sciences: theory, methods and applications. Cham: Springer; 2015.

Wang P, Robins G, Pattison P, Lazega E. Exponential random graph models for multilevel networks. Soc Netw. 2013;35(1):96—115. https://doi.
org/10.1016/j.socnet.2013.01.004

PLOS One | https://doi.org/10.1371/journal.pone.0355470  August 11, 2026 28/28



https://doi.org/10.3389/fpsyt.2020.00561
http://www.ncbi.nlm.nih.gov/pubmed/32595544
https://doi.org/10.1007/s12564-023-09834-4
https://doi.org/10.48550/arXiv.2509.23654
https://doi.org/10.1145/3411764.3445729
https://doi.org/10.1145/3411764.3445729
https://doi.org/10.1145/3706598.3714170
https://doi.org/10.3389/frvir.2025.1569708
https://doi.org/10.1111/j.1083-6101.2006.tb00308.x
https://doi.org/10.3389/frvir.2024.1305758
https://doi.org/10.1016/j.concog.2013.04.016
http://www.ncbi.nlm.nih.gov/pubmed/23727712
https://doi.org/10.1080/713660095
https://doi.org/10.1145/3415246
https://doi.org/10.1089/cyber.2012.0113
http://www.ncbi.nlm.nih.gov/pubmed/22897472
https://doi.org/10.1016/j.chb.2025.108639
https://doi.org/10.1145/3432938
https://doi.org/10.1002/ejsp.504
https://doi.org/10.1371/journal.pone.0270748
http://www.ncbi.nlm.nih.gov/pubmed/35834584
https://doi.org/10.1177/14614448251411262
https://doi.org/10.1017/nws.2022.7
https://doi.org/10.1016/j.physrep.2018.01.001
https://doi.org/10.1016/j.socnet.2013.01.004
https://doi.org/10.1016/j.socnet.2013.01.004

	Evolution of networks in virtual reality: A scalable framework for studying social dynamics of small groups
	Introduction
	Networks in virtual reality
	Bridging and bonding social capital. Social capital refers to resources embedded in social networks that individuals or groups can access through their social networks [13]. Coleman [12] argued that social capital enables social actors (individuals or gro

	The present study/Motivating example

	Stochastic actor-oriented model
	Overview
	Notation
	Model definition
	Model estimation and selection
	Interpretation of model parameters
	Interpretation of structural effects. First, the out-degree effect is interpreted as the baseline tendency for actors to have ties. Specifically, a positive coefficient for the out-degree effect indicates a stronger tendency to form or maintain ties, as t
	Interpretation of individual-level covariate effects. This interpretation also extends to covariate effects, especially those representing actor-partner effects such as imbalance or same-covariate effects. On the one hand, imbalance effects – measuring di
	Interpretation of dyad-level covariate effects. Dyad-level covariate effects can be interpreted in parallel with actor-partner effects at the individual level. Especially, dyadic similarity effects – measuring similarity between dyad members like familiar


	Materials and methods: Longitudinal VR data
	Ethics statement
	Participants
	Procedure
	Measures
	Interpersonal distance. Interpersonal distances in virtual space () were calculated for each pair of participants (i, j) in each weekly session (t) as the mode of their distances across all 1/3-meter spatial bins and 1/30-second temporal epochs (30 Hz) of
	Time-invariant individual difference measures. Five time-invariant individual-level covariates were included in the analysis. First, three variables measuring participants’ prior VR use and group relationships were included:
	Time-invariant dyadic relationship measures. Two time-invariant dyad-level covariates were included in the analysis:
	Time metric. Drawn from the five weeks (Weeks 4−8) of the study, time was indicated by the week variable after mean centering (range of t = −2–2) so that t = 0 indicates Week 6.


	Data analysis
	Stage 1: Design of longitudinal network
	Multigroup network. In the dataset, five weekly behavioral and attitudinal measures were nested within 81 individuals, who were in turn nested within eight groups. This resulted in a repeated measures data structure with five weekly networks nested within
	Binary tie variable. SAOMs operate on binary networks [56,57], where ties between actors have only one of two states: existent (1) or non-existent (0). In our analysis, the binary networks for each of the eight groups were derived from continuous, non-dir
	Logic of tie changes. When there is an opportunity for change actors’ decisions are guided by the objective function. However, there are different ways that actor’s decisions are combined in creating, dissolving, or maintaining ties. For example, in a dic

	Stage 2: Model definition
	Stage 3: Model estimation and selection

	Results
	Descriptions of VR group networks
	SAOM estimation results
	Rate function. The rate parameters are typically considered as nuisance parameters [57]. In our case, they also do not inform any of the hypotheses about social capital theory. For completeness of reporting, rate parameter estimates from Model 3 are shown
	Objective function. The estimated coefficients in Table 2 correspond to the effects on the probability of tie formation and change, capturing the rules of change defined by each model’s objective function. These parameters are assumed to be equivalent acr


	Discussion
	The social structure of virtual community
	Network approach to VR tracking data

	Limitations and outlook
	Conclusion
	Supporting information
	References


