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Abstract

The COVID-19 pandemic forced a societal shift from in-person to virtual activities, including scientific conferences. As society navigates a
“new normal,” the question arises as to the advantages and disadvantages of these alternative modalities. We introduce two new
comprehensive datasets enabling direct comparison between virtual and in-person conferences: the first, from a series of nine small
conferences, encompasses over 12,000 pairs of potential scientific collaborators across five virtual and four in-person meetings on a
range of scientific topics; the expressed goal of these conferences is to create novel collaborations. The second dataset, from a series
of three large physics conferences, encompasses >250,000 possible pairs of scientific collaborators. Our study provides quantitative
insight into benefits and drawbacks of virtual and in-person conferences for team formation, community building, and engagement.
We demonstrate the causal role of formal interaction on team formation across both modalities. Our findings show that formal
interaction impacted team formation significantly more in virtual settings, while informal interaction played a larger role at in-person
conferences as compared with virtual. We show that a nonlinear memory model for predicting team formation based on interaction
outperforms seven alternative models. The model suggests that prior knowledge and interaction time contribute to catalyzing
collaborations in both settings. Our results underscore the critical responsibility of organizers for optimizing professional interactions,
whether virtual or in-person.
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Significance Statement

Scientific collaborations are needed to solve many challenges facing society. Conferences play a crucial role in team formation by con-
necting scientists who may otherwise never meet. We introduce two new comprehensive datasets which enable quantitative com-
parison between virtual and in-person conferences. We show that formal interaction at conferences is causally linked to team
formation and is similarly effective in both modalities, whereas informal interaction plays a significantly larger role connecting sci-
entists at in-person conferences. We develop a mechanistic mathematical model that predicts which pairs of scientists are likely to
form those collaborations. Our work shows how conference structure can determine which teams form and thus influence the dir-
ection of scientific inquiry, in both in-person and virtual modalities.

Introduction environmental impacts (4-6) and other inequities (7, 8). With the

Conferences play a crucial role in the scientific community, serv-
ing as a platform for networking, collaboration, and knowledge
dissemination. According to a 2014 study, 16% of collaborators
who do not live in the same city meet at conferences (1).
However, the direct costs of conferences amount to tens of billions
of US dollars each year (2, 3) and entail well-documented negative

advent of virtual conferencing technology and the recent
pandemic-induced shift to virtual environments across many fac-
ets of society (9), virtual conferences have become increasingly
common. Research has shown that virtual conferences are less ef-
fective at facilitating social interactions compared with in-person
events, but there is evidence that virtual communications can
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reduce biases (10-12). Virtual conferences may offer certain
benefits, such as increased diversity, equity and inclusion (8, 13)
through increased accessibility, reduced carbon footprint (6),
and lower costs. However, concerns linger about their impact on
scientific collaborations, productivity, and innovation (14, 15).
These concerns have prompted discussions about how scientific
conferences should be held even when it is safe to convene
them in person (16). Some posit that they should continue to be
held virtually rather than in person (3), others that hybrid features
should be included (17, 18), while yet others argue that a lack of
in-person interaction will cause a significant damper on scientific
productivity and innovation (14, 19).

During the COVID-19 pandemic, quarantine, and safety consid-
erations required changing the modality of many conferences
from in-person to virtual. Drawing on data from multiple virtual
and in-person conferences held over a 6 year time span, this study
provides quantitative insight into the potential benefits and draw-
backs of each conference format in terms of three criteria: team
formation, engagement, and community building. The first data
source analyzed comes from a series of conferences dubbed
“Scialogs” that span a wide range of scientific fields; the data cap-
tures detailed information on over 12,000 pairs of participants, in-
cluding their demographics, preconference and postconference
awareness of one another, assigned discussion sessions, and for-
mation of new collaborations. The second dataset encompasses
over 250,000 pairs of participants who spoke in sessions at the
American Physical Society (APS) March Meetings and their publi-
cation records.?

The Scialog conferences are highly interdisciplinary, involving
around 50 participants with the explicit goal of fostering commu-
nity and generating new collaborations. At each conference,
teams of participants write proposals for seed funding. In con-
trast, the APS conferences are large-scale events primarily tar-
geted towards physicists with broader objectives that include
disseminating new research, connecting participants, and facili-
tating collaborations. The diverse participant makeups and goals
of the Scialog and APS conferences indicate that our results are
potentially applicable to various conference types.

By shedding light on the differences between in-person and vir-
tual scientific conferences, this study aims to inform the scientific
community about strengths and weaknesses of these formatsin a
postpandemic world.

Results
Data set

The first dataset comprises information from nine conferences—
five virtual and four in-person—held between 2015 and 2021 and
involving a total of 573 participants. Research Corporation for
Science Advancement (RCSA) organized these conferences as
part of its Scialog (“Science Dialog”) program, and the conference
themes spanned a variety of scientific fields. For each conference,
RCSA invited approximately 50 early career scientists (“fellows”)
and several senior scientists (“facilitators”), recognized as world-
leading researchers in the area of focus, to attend. Scialog confer-
ences have an interactive structure with the expressed goals of
fostering dialogue, networking, and the formation of new collabo-
rations to initiate novel seed projects based on highly innovative
ideas that emerge at the conference (20).

Near the end of each conference, fellows self-assemble into
teams of two to four members to write collaborative research pro-
posals. Team members may not have previously collaborated;

we treat co-authoring a proposal as formation of a new collabor-
ation. A fellow may participate in a maximum of two teams,
with different team members on each team. The number of pro-
posals submitted at any given conference varies from 20 to 35,
from which 5-10 are selected for funding. Our study collected
comprehensive data encompassing participants’ levels of precon-
ference and postconference familiarity with one another, session
co-attendance, and team composition following the conclusion of
each conference. See Methods section for the scientific topics,
acronym definitions, and descriptive statistics of the conferences.

The shift from an in-person to a virtual setting in 2020 due to
the COVID-19 pandemic provided the grounds for a direct com-
parison between conference modalities® as the organizers at-
tempted to recreate the in-person conference structure in the
virtual environment to the extent possible. Total formal inter-
action time (e.g. breakout sessions and keynote talks) was almost
identical for in-person and virtual conferences, while total pos-
sible informal interaction time (e.g. meals, social activities) was
higher at in-person conferences. See Methods section for a com-
parison of virtual and in-person conference structures.

Effect of interaction on team formation

We examine the impact of formal interaction on the formation of
new scientific teams, and whether that is consistent across con-
ference modalities. Specifically, we focus on the role of formal
interaction in small to medium sized breakout discussion groups
in promoting team formation. Our analysis reveals that small
groups of three to four individuals, tasked with conceiving poten-
tial research projects, are especially effective for this purpose,
with a multiplier of 7 compared with participants who did not
co-attend the groups. To understand this effect, we developed a
team formation model that accounts for both interaction during
the conference and prior network awareness, incorporating the
effect of memory beyond formal interaction during the meeting.
Previously, we demonstrated the effectiveness of this model for
in-person conferences (21), and here we extend our findings to
show that the same model holds for virtual conferences.

We define total scaled interaction time for a given pair Iy as
proportional to the time spent in a session and inversely propor-
tional to its size (21)—see section “Defining interaction” for more
detail.

As shown in Fig. 1, collaborators interacted significantly more
than noncollaborators at all conferences. That is, the typical
pair that formed a collaboration interacted far more than the typ-
ical pair that did not end up collaborating. Thus, the immediate
suggestion is that more interaction leads to more likely collabor-
ation, even without further statistical investigation.

Causal effect

Although there may have been confounding factors due to the
pandemic, we uncover evidence that formal interaction time
has a causal effect on collaboration in both modalities.

Indirect evidence

We define interaction ratio (IR) as the ratio of total scaled interaction
for collaborators (blue/left bar in Fig. 1) to total scaled interaction
for noncollaborators (red/right bar in Fig. 1). We interpret inter-
action ratio as the degree to which the probability of forming a col-
laboration was impacted by formal interaction. When comparing
across conferences, since the structure of formal interaction is
nearly identical, a higher interaction ratio means that the pairs
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Fig. 1. Interaction and collaboration. Attendees with greater formal interaction were significantly more likely to collaborate, and that effect was more
pronounced at virtual meetings. Grouped bars are shown for each in-person A) and virtual B) conference analyzed. Left (blue) and right (red) paired bars
show bootstrap estimates for mean total scaled interaction time I, [minutes] for collaborators and noncollaborators, respectively. Error bars show mean
values of the bootstrapped data with 95% CI. P-values of the Mann-Whitney U test: MCL, 6.0 x 10~%; TDA, 6.3 x 107%; AES, 1.4 x 10~%; CMC, 7.7 x 107°; NES,

5.8 x 107'%; MND, 1.7 x 107*; ABI, 1.8 x 10~°; SLU, 2.1 x 10™%; MZT 2.9 x 107°.

who formed collaborations were more predictable from inter-
action alone.

As an example, at the MCL conference (in-person), collabora-
tors spent an average of 16 scaled minutes interacting, whereas
noncollaborators spent an average of only 9, an interaction ratio
of 1.7. At the NES conference (virtual), the relevant numbers are
21min and 10, aninteraction ratio of 2.1. In both cases, those pairs
who ended up collaborating were disproportionately the ones who
had spent more time interacting.

Direct evidence

We also find direct evidence thatinteraction has a causal effect on
collaboration formation across both conference modalities. For
many conferences, alternative schedules were retained that could
have been selected but were not.“ These formed the basis of tests
performed on 2,500 plausible counter-factual schedules. We con-
sider pairs of fellows who collaborated at the actual conference.
Then, we compute their mean total scaled interaction at (i) the ac-
tual conference (blue/left bar in Fig. 2), and average over all
counter-factual conferences where (ii) the mini session assign-
ments were identical to the actual conference (red/second to left
bar in Fig. 2), (iii) breakout session assignments were identical to
the actual conference (yellow/second to right bar in Fig. 2), and
(iv) different session assignments (gray/right bar in Fig. 2). See
Methods section for details.

The only counter-factual cases close to the value of the actual
conference correspond to scenarios sharing the same exact mini
session assignments but with variations in the larger breakout
session assignments (in Fig. 2, blue/left and red/second to left
bars). Using this method, we are able to infer small group assign-
ments knowing only which pairs ultimately collaborated. These
results strongly suggest a causal connection between intense
interaction in a small-group setting and team formation. There
appears to be no significant effect of co-attending a larger break-
out session on collaboration formation in 5 of 7 conferences,
and even for those at which it was significant, the effect size is

small to moderate. Therefore, at both in-person and virtual con-
ferences, assigning participants to mini sessions has a strong causal im-
pact on which teams ultimately form.

Effect of co-attending a small group session

In addition to showing that interaction has a statistically signifi-
cant effect on collaboration probability, we also wish to determine
the size of the effect. To evaluate that, we restrict our data to pairs
without prior knowledge and use bootstrap statistics to estimate
the odds of collaboration for pairs who co-attended one mini ses-
sion P2 559 and for those who did not co-attend any mini ses-
sion, but could have in one of the 2,500 counter-factual scenarios
pRo ™ \We compute how much co-attending a mini session
multiplied the chance of a pair collaborating (see column Mltp.
in Table 1). The effect of co-attending a mini session increased
the odds of collaborating at both virtual and in-person conferen-
ces, with no notable difference between the two modalities. On
average, co-attending a mini session increased the chances of a
pair collaborating from about 1.7% to about 11%, an increase by

a factor of 7.4

Modality comparison

In evaluating the indirect evidence for a causal relationship be-
tween interaction and team formation, we assessed interaction
ratios for each of nine Scialog conferences. Results differed signifi-
cantly based on conference modality: numbers were 30% higher
on average for virtual (IR=2.17) modalities as compared with
in-person (IR=1.67) conferences. This suggests that formal inter-
action has a greater impact on team formation in the virtual
modality than in the in-person modality.

Mathematical model

We developed a mathematical model for estimating the probabil-
ity of any given pair of participants forming a new collaboration at
a conference, based on their level of interaction throughout the
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Fig. 2. Average actual vs. counterfactual interaction for pairs of actual collaborators. Panels show bootstrap estimates for mean total scaled interaction
of pairs who collaborated at the actual conference, but with differing session assignments in counterfactual scenarios. Actual conference: blue/left bars,
same mini sessions: red/second-to-left bars, same breakout sessions: dark yellow/second-to-right bars, other counterfactual scenarios: gray/right bars.

Error bars show mean values of the bootstrapped data with 95% CI.

Table 1. Effect size of co-attending a mini session.

Table 2. Model selection.

Conf. Mod. N plro-min) piini session) Mitp.
NES V1,348 0.019[0.012,0.028]  0.14[0.10, 0.19] 7.6
MND V1170 0.015[0.0080,0.025]  0.13[0.092,0.18] 9.0
ABI V1,233 0.016[0.0079,0.026] 0.11[0.071,0.16] 6.9
SLU V880 0.015[0.0067,0.029] 0.042[0.019,0.075] 2.8
MZT V1295 0.021[0.012,0.034] 0.077[0.046,0.12] 3.7
AES [P 8% 0.015[0.0078 0.025]  0.10 [0.068 0.15] 7.1
CMC IP 984 0.017[0.00850.028]  0.15[0.10 0.21] 8.7

Rows with modality (Mod.) V correspond to virtual conferences and those with
IP correspond to in-person conferences.
NiZL: Num. pairs with no prior knowledge of one another.

p(rmm session,

Collab ). Prob. for pairs who co-attended one mini session.

p{o-min). prob. for pairs who did not co-attend any mini session, but could have

in one of the 2,500 counter-factual scenarios.
Mltp.: Multiplier (ratio of previous two columns).
Numbers in brackets are the 95% CI.

duration of the conference and their prior knowledge of each other
before the conference. Initially, a linear model was developed based
on the assumptions that: (i) probability of collaborating P(t) in-
creases (at maximum rate S) as interaction I increases, (i) the small-
er the group of participants the pairwise interaction took place in,
the more intense the interaction, and (iii) the probability decays
(at maximum rate W) when interaction ceases. Defining Iyax as
the maximum pairwise interaction intensity, we constructed the fol-
lowing ordinary differential equation (ODE) model (1):

dar I I

—=S 1-P)-WP|1- . 1

dt Imax( ) ( Imax) ( )
strengthening weakening

This linear model has a major limitation, namely, that the probabil-
ity P(t) decays exponentially to zero when interaction has ceased. To
capture human behavior more realistically, we developed a non-
linear “memory” model which incorporates the assumption that if

Conf. Best Next Best Next Best Relative
AIC AIC Model Likelihood

NES 558.71 561.99 aKo + blio + € 0.19
MND 364.43 384.29 Linear 4.9e-05
ABI 367.72 378.07 Threshold 0.0057
SLU 371.12 369.98 Memory 0.57
MZT 354.32 372.52 Threshold 1.2e-4
MCL 375.88 385.62 aKo + bliot +C 0.0077
TDA 337.02 340.79 aKo +b 0.15
AES 526.62 541.64 aKo + bliot +C 0.00055
cMC 407.96 430.53 alt +b 1.3e-05

Note: the nonlinear memory model is the best performing model for all Scialogs
except SLU, for which it was the next best model. In the case of SLU, aKp + bliet + ¢
performed the best.

people have sufficiently interacted, they will remember one an-
other. We also modified the models to account for prior knowledge
Ky that participants have of one another prior to attending a confer-
ence. See the Methods section for a description of how K, values
were determined and incorporated into interaction, (21, 22) for de-
tails of the model construction and (23) for an interactive version
of the models.

We compare the nonlinear memory model to seven other can-
didate models: two models based on randomness, three models
with a linear combination of total scaled interaction time and pri-
or knowledge, a threshold model where pairs had one higher prob-
ability if they interacted over a certain threshold and one lower
probability otherwise, and the linear model. Note that several of
these models can be seen as limits of the nonlinear memory mod-
el with certain parameter choices. We compute the maximum log
likelihood of the data with respect to the model and the Aikike
Information Critera (AIC) of each of the models with best-fit pa-
rameters, which penalizes the addition of new parameters. We
then compute the relative likelihood of the next best model



Zajdelaetal. | 5

compared with the best model. Results of the model selection can
be found in Table 2. The nonlinear memory model outperforms all
other models in all but one case (in which the nonlinear memory
model still exhibits a higher likelihood).© These findings demon-
strate the robustness of the model in capturing the essential
mechanisms underlying team formation arising from interaction
among individuals. They also suggest that prior knowledge and
interaction time are similarly indicative of the probability of form-
ing a new collaboration in both modalities.

Community building

Another goal of conferences is to provide a venue for networking
and to create connections between people who otherwise would
not have met. To assess how virtual versus in-person conferences
impact networking, we compute a quantity that we will refer to as
“connecting efficiency:”

Dermition 1 Connecting efficiency.

Given a network before and after a certain point in time (the
“event”), the connecting efficiency of that event, denoted CE, is the
fraction of initially missing ties m®*f™®) that became connected:

m(before) _ m(after)

CE= m (before) ! (2>

Note that connecting efficiency is proportional to the change in
network density before / after the conference, rescaled by a factor
of (1 — density®™) to allow for cross-comparison among events
with different initial density.

To quantify an event’s effectiveness at increasing acquaint-
anceship among attendees (or, equivalently, reducing the number
of pairs of attendees who do not know one another), we compute
the connecting efficiency at the level of acquaintanceship, where
a link between a pair is present if at least one participant is aware
of the other. In our case, we define pairs as acquainted if a partici-
pant reported they knew the other at the level of awareness or
higher for the relevant question in preconference or postconfer-
ence surveys. We compute the connecting efficiency of four in-
person and five virtual conferences using bootstrap resampling
with 10* repetitions and find CEj,_person = 0.40 (95% CI [0.38 0.42],
n=3,134 pairs) and in the virtual case: CEjqa =0.22 (95% CI
[0.21 0.24], n=2,841 pairs), treating each conference modality as
a single group. This suggests that in-person conferences are much
more effective at connecting attendees (the confidence intervals of
the distributions generated by bootstrap resampling connecting
efficiency do not overlap at the a =0.001 level). At in-person con-
ferences, 40% of initially disconnected pairs became connected,
but only 22% at virtual conferences. See Fig. 3 for a graphical re-
presentation of how connections formed at conferences.

Engagement

As ameasure of how engaged in the conference participants were,
we compute the team participation rate (TPR): the fraction of attend-
ees who participated in at least one proposal team. We find that
TPRin—_person = 0.88 (90% CI [0.840 0.915], n= 211 participants) and
TPRyirrual = 0.80 (90% CI [0.756 0.836], n = 275 participants). Thus,
team participation rate was only weakly significantly higher atin-
person than virtual conferences (confidence intervals generated
from bootstrap resampling with 10* draws do not overlap at the
90% level, data aggregated for four in-person and five virtual con-
ferences), with 8% more attendees joining a team at in-person
compared with virtual conferences.

We also compute the average number of teams per person for
those who participated in at least one team.” We find that the me-
dian for in-person conferences is 1.47 and at virtual conferences
1.48, with CI overlapping even at the 90% level. This result sug-
gests that, although the team participation rate is lower at virtual
conferences, the team-forming behavior for those who are en-
gaged is similar.

What about other types of conferences?

To determine whether the results demonstrated through the
Scialog dataset generalize to other types of conferences, we com-
piled a new dataset for a series of conferences at the opposite end
of the spectrum in terms of size: the American Physical Society
(APS) March Meeting conferences. These annual conferences typ-
ically have more than 10, 000 total presenters who are divided
among over 800 sessions, each consisting of approximately one
dozen speakers. The APS March Meeting took place exclusively in-
person prior to the COVID-19 pandemic and was held fully virtu-
ally and synchronously in 2021. Our dataset contains the names
of the speakers in each March Meeting session, as well as their
publication records from the arXiv preprint repository (24). We
determine which speakers who co-presented in a session later co-
authored a preprint for the first time after the conference (authors
who co-published prior to the conference were omitted), as an in-
dicator of a new collaboration being formed.

To evaluate the impact of the in-person to virtual transition for
both the Scialog conferences and the APS conferences, we exam-
ine the percentage of all possible new pairwise collaborations that
actually formed. Table 3 shows, first of all, that the small Scialog
meetings were more than two orders of magnitude more effective
at generating new collaborations. This difference is likely attribut-
able tomany factors, among them the more intensive small-group
interactions among participants at Scialogs, the opportunity to
apply for seed funding from the Scialog conference organizers,
and the different indicators used to identify a new collaboration—
in the case of Scialog meetings coauthoring a proposal and in
the case of APS meetings coauthoring a preprint for the first
time. In fact, nearly as many collaborations are generated from
among the ~50 Scialog attendees as from the ~10,000 APS
attendees.®

To the question of virtual vs. in-person, though, Table 3 shows
that the mean percentage of possible collaborations that formed
slightly increases in the virtual modality for both the small
Scialogs and the large APS conferences (refer to Supplementary
Materials for more details about these calculations). Although
the Scialogs and APS March Meetings are vastly different types
of conferences, the finding that virtual conferences are at least
as effective for both types of conferences at generating new
collaborations suggests that results from the small Scialog confer-
ences may be widely applicable.

Discussion

Before performing this research, we anticipated (based on our own
anecdotal experiences with distraction and screen fatigue) that
virtual conferences would be less effective at generating novel col-
laborations than in-person conferences. Surprisingly, the results
of our analysis imply the opposite: based on data from six in-
person and six virtual conferences, formal interaction at virtual
conferences is at least as effective, if not more so, but comes at
the cost of community building and engagement. The fact that
the percentage of possible collaborations that formed increased
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preconference surveys, aggregated for four in-person conferences (MCL, TDA, AES, and CMC) and five virtual conferences (SLU, ABI, NES, MND, and MZT).
B) Social network representation before and after conferences. Here nodes represent participants who attended both the first and second conference in
the series; a link between two nodes is present if the pair of nodes it is connecting reported knowing each other at the level of awareness or higher. Orange
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Table 3. New collaborations by modality.

Modality  Sessions New Total Percent new
collabs pairs collabs (%)

Scialog IP 78.5 42.0 837.3 5.0 [4.35.8]

Scialog V 90.8 41.0 736.0 5.6 [4.96.3]

APS TP 882.0 75.0 254,733.0 0.029 [0.025,
0.034]

APSV 999 84 192,454 0.044 [0.035,
0.053]

Percentage of all possible pairs (pairs who co-attended any session) forming a
new collaboration. Note: Each row is averaged over all meetings of the given
modality. IP, In-person; V, Virtual. Numbers in brackets are 95% CI. See
Supplementary Material for detailed breakdown.

in the virtual modality for both large APS and small Scialog confer-
ences suggests that the lessons learned from our detailed analysis
of Scialog conferences are applicable to other types of conferences
with vastly different sizes and participant makeups. As such, our
research extends prior findings from literature on face-to-face
versus virtual interaction by providing quantitative measures of
the differences between in-person and virtual interactions in a
real-world setting.

The importance of existing relationships and familiarity in
research teams has been previously highlighted (25, 26). Our
research supports these findings, with the nonlinear memory
model which incorporates prior knowledge outperforming all
others tested. Several questions arise about the role of familiarity
among participants at conferences: (i) Given that connecting effi-
ciency is halved at virtual compared with in-person conferences,
what are the effects on the formation of future collaborations?
(if) We have only considered the initial initiative in the Scialog ser-
les, and novel collaborations at Scialog and APS conferences. How
are relationships between participants developed and sustained
over time, and what are the implications for collaboration and
innovation?

The nonlinear memory model—conceptually simple, only re-
quiring two inputs (scaled interaction time and prior knowledge)
alongside the incorporation of a memory effect—appears to cap-
ture the essence of how collaborations are formed at conferences,
both in the case of virtual and in-person conferences. Our model
assumes that collaborations between any two participants are
equally likely to form, despite the fact that social network degrees
are heavily skewed and that reducing the network to a pairwise
analysis loses relevant information about the structure of the net-
work (27). A more detailed model could capture more of the
known skewing and other properties of social networks, like
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triadic closure and homophily effects. Despite these approxima-
tions, model selection based on AIC shows that the nonlinear
memory model performs well at predicting who is likely to form
a collaboration, suggesting that the influence of interaction is im-
portant and sufficient to overcome biases.

This model is particularly powerful when combined with the
result that interaction has a causal effect on collaboration, be-
cause conference organizers are effectively able to control inter-
action by assigning participants to sessions. For the in-person
conference modality, research indicates long-lasting effects of
interaction on scientific output and new collaborations, as meas-
ured by co-publications and the diffusion of scientific ideas (28).
This shows that organizers have a responsibility to think carefully
about the participants they are assigning to sessions, as their de-
cisions can have effects on scientific progress well beyond the dur-
ation of the conference itself.

Although participants may believe they are independently se-
lecting their collaborators, the reality is that their choices are con-
strained by the opportunities afforded by the conference format,
so their sense of control is to some extent illusory (29). This free-
dom is further reduced at virtual conferences, where there are
fewer opportunities for serendipitous encounters outside of as-
signed sessions. The disproportionate impact of formal inter-
action at virtual conferences, though, comes at the cost of
community engagement and connecting efficiency. Given the im-
portance of “weak ties” (30) for generating novel opportunities and
research directions, virtual conference organizers should incorp-
orate design elements to encourage informal interaction, includ-
ing through the use of innovative technologies (31, 32).

The disproportionate impact of formal interaction at virtual
conferences can be leveraged by policymakers, university admin-
istrators, or other academic communities to better promote and
orchestrate new collaborations in this setting. Virtual platforms
could facilitate multidisciplinary collaborations by assigning to
groups experts from various fields who might not typically meet
at in-person events. Early-career researchers may also receive
more opportunities to network, present their work, and receive
feedback from a global audience. This can be particularly benefi-
cial in early career stages, where building a professional network
and gaining visibility are critical.

Limitations

Like any research based on real-world data our work has limita-
tions. We cannot control for all the changes that occurred in the
world during the pandemic (e.g. changes in willingness or avail-
ability to attend even virtual conferences), though we believe con-
fining our Scialog analysis to events that occurred during the
conferences reduces the impact of exogenous confounding ef-
fects. This approach cannot be used with the APS March
Meeting data, which means that possible confounding effects
from the pandemic (e.g. access to facilities or technology) may
play a larger role.

We also note that the comparative analysis of new collabora-
tions formed at APS March Meetings (as measured by arXiv publi-
cations by co-presenters) was performed longitudinally over time.
There is likely a growth in the total number of preprints across
time, so there is a possible confounding factor of changing publi-
cation rates per capita.

We examine a set of small conferences and a set of very large
conferences in the United States, but these of course do not cover
the huge span of other conference types with varying sizes, goals,
attendance criteria, or participant backgrounds. The Scialog

conferences are not representative of all types of conferences, as
their goal is explicitly to generate new collaborations and they pro-
vide an incentive in the form of grants for participants to form col-
laborations, contrary to the APS March Meetings which have a
broader set of goals targeted towards disseminating new research,
connecting participants, and forming collaborations. Furthermore,
although the disciplinary backgrounds of participants at Scialog
conferences are varied (with scientists from fields including
chemistry, biology, physics, computer science, veterinary sci-
ence, neurophysiology, engineering, earth and planetary sci-
ence, astronomy, microbiology, and biochemistry), the APS
March Meetings primarily convene scientists from the physics
community. We leave further exploration of other types of con-
ferences for future work.

We hope that future work can further explain and improve on
the success of the model for team formation that we have
provided.

Conclusion

The COVID-19 pandemic has catalyzed rapid and widespread be-
havioral shifts in society, notably the adoption of virtual meeting
technologies across various domains encompassing healthcare,
education, and professional settings (9). As societal activities
return to in-person formats, the debate surrounding the merits
of face-to-face versus face-to-screen interactions continues to un-
fold across various sectors. In professional spheres, organizations
grapple with the decision to mandate in-office attendance or em-
brace fully remote workforces (33). The landscape of scientific
conferences reflects a spectrum of approaches, ranging from ex-
clusively in-person to exclusively virtual to hybrid models with
synchronous and/or asynchronous virtual components.

The competing benefits and drawbacks of virtual and in-person
conferences will need to be balanced moving forward. To make in-
formed decisions, data collection and analysis should be given
high priority, with the goal of answering the question: what is
optimal conference design in the 21st century?

We believe that our investigation offers a glimpse at the an-
swer. The uniquely detailed Scialog dataset allows for a level of
analysis not achievable for other conferences, but, as demon-
strated by the APS March meeting analysis, appears to have appli-
cation far beyond its specific context. This study represents an
important first step in exploring the impact of virtual and in-
person interactions on the dynamics and outcomes of collabora-
tive endeavors, and underscores the crucial role of conference
organizers. However, further research is needed to comprehensive-
ly understand and optimize virtual—and/or hybrid—meetings
across different settings, with the ultimate goal of enhancing
collaboration, knowledge dissemination, and innovation.

Methods

More details about the purpose and organizing principles of
Scialog conferences are available in reference (20). Table 4 shows
descriptive statistics for each of the conferences analyzed.

Key conference structures include:

e Whole group formal interaction time (e.g. keynote talks)

¢ Medium-sized breakout sessions of 8-12 fellows moderated
by one or two senior scientists (each session lasts 1h-1h
15 min)

e Mini breakout sessions of 3-4 fellows (each session lasts
30-45 min)
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Table 4. Descriptive Scialog conference Statistics.

Conf. Topic Type Date Participants Fellows Fraction Pairsof Proposals Proposals Mean Pairs who
returning fellows Submitted funded pairwise collaborated
prior (%)
knowledge
NES Negative Virtual 2020 69 60 0.92 1,770 32 8 0.55 4.3
Emissions
Science
MND Microbiome, Virtual 2021 61 53 0.60 1,378 23 6 0.25 3.6
Neurobiology,
and Disease
ABI Advancing Virtual 2021 63 54 0.48 1,431 28 10 0.20 3.1
Biolmaging
SLU Signatures of Virtual 2021 63 54 0.39 1,431 26 8 1.02 3.2
Life in the
Universe
MZT Mitigating Virtual 2021 63 54 0.48 1,431 24 8 0.43 4.6
Zoonotic
Threats
MCL Molecules In-person 2015 64 52 0.75 1,326 20 5 0.91 35
Come to Life
TDA Time Domain In-person 2015 59 49 0.78 1,176 30 6 21 4.3
Astrophysics
AES Advanced In-person 2017 71 60 0.83 1,170 35 6 0.76 6.3
Energy Storage
CMC Chemical In-person 2018 60 50 0.62 1,225 24 8 0.43 4.6
Machinery of
the Cell

Il Vini breakout session [__]Whole group formal

[ Max possible informal

I Breakout session

m T
o __
> ©
= 2
o =
8 >
o 5
= »
L5
c 3
[

O = .

0 10

20 30 40

Interaction [hours]

Fig. 4. Total interaction time in hours for representative programs at virtual and in-person Scialog conferences.

e Informal interaction time (in-person: meals, receptions;
virtual: social mixer hosted on the Gather platform)®

Refer to Supplementary Materials for detailed schedules of repre-
sentative virtual and an in-person conferences.

Participants were assigned to breakout sessions and mini
breakout sessions using an algorithm taking into account their
prior knowledge of each other, scientific interests, and back-
ground. This algorithm produced numerous possible conference
schedules with nearly equivalent priority; these formed the basis
of our counter-factual analysis to assess causality.

Figure 4 presents a summary of cumulative interaction time
in hours at representative virtual and in-person conferences,

categorized by interaction type. Total time was computed from
the beginning of the conference until the formation of teams by
fellows. Notably, participants spent comparable amounts of
time in mini breakout sessions, breakout sessions, and formal
interaction in whole-group settings at virtual and in-person con-
ferences. The primary difference in conference schedules is total
potential time available for informal interaction, which was about
7h 30 min at virtual conferences compared with 23 h at their in-
person counterparts, despite efforts by organizers to recreate in-
formal interaction opportunities in the virtual setting (through
use of the Gather platform for social mixers and other activities).

Organizers attempted to replicate the in-person conference ex-
perience as closely as possible in the virtual setting, despite less
total possible informal interaction time at virtual conferences.
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This affords us a remarkable opportunity to investigate the im-
pact of virtual environments on team formation and social
network evolution.

Defining interaction

For each pair, total scaled interaction I is defined as the sum of
scaled interaction time across all sessions. Scaled interaction dur-
ing a co-attended session was taken to be proportional to the time
one participant spent listening to the other, under the unrealistic
but convenient assumption that all participants spoke equally.
Thus, for a given pair of participants co-attending a session of
time T, with Ny participants, we assumed:

o e = Te/Ne T

Ne—1 “N—k (3)

Isession
k

where the numerator is the total time spent listening to others
and the denominator is the number of people to listen to. When

the pair are in different sessions, [§®*°" = 0. Normalizing so that
when Ny = 2, [§¢5510 = T}, we find: 55500 = ZN—T: Then with k the index

of the session and m the number of sessions (here, 6 <m < 8),

Lot = i Iiession _ i QN—T]:Q during co — attended session_ (@)
k=1 k=1 | O else

The pairwise interaction intensity profile I(t) was constructed in a
similar fashion. To get instantaneous interaction intensity, we
divided by the session length Ty, and chose units such that a 2-per-
son session would have maximum intensity Inax. We assumed a
minimum interaction term (corresponding to informal interaction
between sessions) Inin = 2/Nior that depends on the total number
of participants Nio.. We then added a term proportional to the pri-
or knowledge Ko, which was measured in a preconference survey:
each attendee rated familiarity with each other attendee on a 0-3
scale'and Ky € [0, 6] was defined as the sum of reciprocal pair rat-
ingsJ Eq. (5) summarizes the interaction function as it was imple-
mented:

in co — attended sessions
in non co - attended sessions | (5)
outside of session times

tot

Figure 3(a) from reference (21) shows an example interaction
function, with T =0 corresponding to 1h before the start of the
first topical discussion session and (23) shows an interactive ver-
sion of scaled interaction as group assignments change.

Causal analysis through counterfactual
conference schedules

We define counterfactual conference schedules as agendas that
could have been selected for the conference but were not. These
exist because conference agendas were generated using an opti-
mization algorithm (simulated annealing) that attempts to bal-
ance many competing factors: e.g. group diversity on many
fronts (disciplines, research methodologies, gender, interests in
discussion topics), minimizing preconference knowledge of one
another among group members, maximizing mixing of group
members across multiple groups. Organizers typically generated
500-1,000 potential larger breakout group assignments and 500-
1,000 minigroup assignments, then chose the 50 best of each.
Typically, those top 50 group assignments (for each group type)
varied little in their optimization scores. In total, there were there-
fore 2,500 (50x50) counterfactual conference schedules

considered. Note that these counterfactual data were retained
for all the virtual conferences, but only for two of the in-person
conferences we report on.

For each of the two in-person and five virtual conferences used
to analyze causality, we identify the pairs of fellows who formed a
collaboration (i.e. submitted a proposal together) and label them
with an index i = 1..Np,is. We compute the total amount of scaled
interaction time for each pair of collaborators at the actual confer-
ence I#. We average this interaction over all pairs of collaborators,
which gives us the mean total scaled interaction time spent by
pairs of collaborators at the actual conference, denoted: I* =
Nole Yi 14 (blue/left bar in Fig. 2).

For each of the 2,500 counter-factual schedules indexed
j=1...2,500, we compute the total amount of scaled interaction

time for each pair 1 of actual collaborators II-CFj. We average this
interaction over all pairs of actual collaborators and over
all 2,500 counter-factual schedules to obtain the average over
all counter-factual conferences of the mean total scaled
interaction time spent by pairs of collaborators denoted

IF = (2,500N pairs) ™" ) D Y= [ For each of the two in-person
and five virtual conferences, we considered the counter-factual
scenarios where participants had the same mini session assign-
ments as in the actual conference (red/second to left bar in
Fig. 2), same breakout session assignments as in the actual confer-
ence (yellow/second toright barin Fig. 2), and different session as-
signments (gray/right bar in Fig. 2).

Northwestern IRB reviewed and approved this study under IRB
ID STU00213499. It was deemed an exempt study. Participants
were notified of the ongoing research and provided the opportun-
ity to opt out. All data have been anonymized for privacy of the
participants.

Notes

#We present the number of possible pairs in each dataset as a metric
for the dataset size and to emphasize the dyad as our unit of ana-
lysis, however, we note that social networks are not random.

PWe note that this does not constitute a perfect natural experiment as
there may be confounding variables associated with the pandemic.
“Counter-factual scheduling data were retained for two in-person

and five virtual conferences—see Methods section for details.
dThis would be referred to as the “risk ratio” in the context of medical
studies.

®The conference where the nonlinear memory model was
second-best (SLU) was unusual in that many participants knew
each other prior to the conference, so Ko values were particularly
high. That prior knowledge may have played a larger role than
interaction compared with other conferences. The conference
with the highest average prior knowledge of all conferences is
TDA. Although the memory model outperformed all null models
for TDA, the second-best model was the one which considered
only prior knowledge and its relative likelihood was closer to the
memory model than for other in-person conferences. The topics
of both SLU and TDA were related to astrophysics, which may point
to disciplinary specificities of the community attending these
conferences.

fParticipants were limited to a maximum of two teams.

8We emphasize again that the definition of a collaboration is quite
different, though even among Scialog attendees who did not receive
any funding, co-authorship of a proposal did lead to later publica-
tion in roughly 30% of cases.
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" Gather is a video-conferencing platform that facilitates organic and
unstructured interactions through the use of customizable 2D en-
vironments and avatars, replicating the experience of being in a
physical space (https:/www.gather.town/about).

10 = unfamiliar, 1 = aware, 2 = had discussions, 3 = collaborated

JFor simplicity in the model exposition, we considered Ko = 0. When
Ko > 0, the model parameter I,y needs to be rescaled by the new
maximum possibleinteraction, 6a + 1 (from a hypothetical 2-person
session for a pair with maximal Ko =6).
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