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Abstract
Collaborations are essential in research, especially in answering increasingly complex 
questions that require integrating knowledge from different disciplines and that engage 
multiple stakeholders. Fostering such collaboration between newcomers and established 
researchers helps keep scientific communities alive while opening the way to innovation. 
But this is a challenge for scientific communities, especially as little is known about the 
onset of such collaborations. Prior social network research suggests that face-to-face inter-
action at scientific events as well as both network-driven selection patterns (reciprocity and 
transitivity) and patterns of active selection of specific others (homophily / heterophily) 
may be important. Learning science research implies, moreover, that selecting appropri-
ate collaboration partners may require group awareness. In a field study at two scientific 
events on technology-enhanced learning (Alpine Rendez-Vous 2011 and 2013) including N 
= 5736 relations between 287 researchers, we investigated how researchers selected future 
collaboration partners, looking specifically at the role of career level, disciplinary back-
ground, and selection patterns. Face-to-face contact was measured using RFID devices. 
Additionally, a group awareness intervention was experimentally varied. Data was ana-
lyzed using RSiena and meta-analyses. The results showed that transitivity, reciprocity and 
contact duration are relevant for the identification of new potential collaboration partners. 
PhD students were less often chosen as new potential collaboration partners, and research-
ers with a background in Information Technology selected fewer new potential collabo-
ration partners. However, group awareness support balanced this disciplinary difference. 
Theoretical, methodological, and practical implications of these findings are discussed.
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Collaboration and integration of newcomers in scientific communities 
of practice

While much research has investigated how to engage learners in collaborative scientific 
inquiry, scientific literature about how real researchers do so is quite scarce. And although 
a significant body of research is dedicated to the investigation of scientific communities, a 
good part of it centres on the outcomes of scientific collaboration by providing bibliomet-
ric analyses that focus on co-authorship or citations in conference proceedings or journal 
papers (e.g. Lee et al., 2012). Such research can only give a distal and static perspective on 
collaboration in a scientific community. Other work however, examines whether collabora-
tion patterns change across disciplines (Clemente-Gallardo et al., 2019), investigates build-
ing a new research community based on integration expertise (Bammer, 2013), or even 
considers the extent to which humanities and the sciences can be integrated into a new 
shared consilience framework (Slingerland & Collard, 2012). These dynamic perspectives 
on collaboration give a more comprehensive view of collaborative processes, and work on 
why (e.g. Maienschein, 1993) and when (Birnholtz, 2007) researchers collaborate contrib-
utes to understanding researcher motivations. On the other hand, a better understanding of 
how to foster new collaborations is needed, especially between newcomers and oldtimers 
with different disciplinary expertise.

Indeed, the relative lack of knowledge on how researcher collaborations begin is quite 
surprising for several reasons. First, the collaborative imperative has been getting stronger 
in many research fields over the recent decades, reflecting the higher impact of collabora-
tive research, the necessity for sharing research resources, and new technological oppor-
tunities that simplify collaboration (Bozeman & Boardman, 2014). In addition, complex 
research questions as well as funding agencies and policy makers specifically demand 
research collaborations that go beyond an individual discipline, tapping into inter-, trans-, 
and multidisciplinary collaborations, despite researchers’ complaints about these types of 
collaborations (cf. Rylance, 2015). Therefore, we need knowledge regarding researcher 
collaboration in general, but we also need knowledge on a first, oft-ignored step: how is 
such collaboration instigated and supported in informal settings?

Second, scientific communities are by nature constantly evolving and changing. These 
changes are related to topics, questions, and methods but also to people that form the com-
munity, e.g., as newcomers show up and well established oldtimers leave. Both aspects are 
frequently closely linked, and coping with these continuous changes is vital for scientific 
communities, requiring additional knowledge regarding the way collaboration between jun-
ior and experienced researchers is initiated and can be supported.

The CSCL community is a good example for observing such changes as members make 
the process quite explicit and participatory. Currently, there is a focus on the content side, 
for example meta-reviews about the methods that the community has used in the past (Jeong 
et al., 2014; Xia & Borge, 2019) and an open conversation about directions the community’s 
research may take in the future (e.g. Wise & Schwarz, 2017; Rummel, 2018; Tchounikine, 
2019). Several years earlier, Kienle and Wessner (2006) analysed social aspects of the com-
munity by investigating participation in CSCL conferences. They found that the community 
struggled with integrating newcomers and attracting a regular body of members. Mastering 
these challenges is essential, as a stable membership maintains the scientific community and 
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insures scientific progress through the continuous contributions of the members. In addition, 
being part of a relevant scientific community and collaborating with other researchers is cru-
cial for individuals’ occupational and personal scientific development. That said, we know 
only little about how scientific communities are able to handle these challenges effectively 
and stimulate fruitful collaborations among their diverse members.

In order to understand how scientific communities can foster newcomer integration 
within the development of collaborations that cross boundaries, we investigate the onset of 
scientific collaborations and how scientific communities are able to support their members 
in finding collaboration partners. Specifically, we explore how participants at face-to-face 
meetings in the interdisciplinary field of technology-enhanced learning select new collabo-
ration partners and what may be influential factors in this process. Face-to-face meetings 
at conferences and workshops seem to be suitable settings for studying these phenomena. 
Such meetings provide regular opportunities for newcomers in a given field to become 
integrated into the scientific community and for members with different disciplinary back-
grounds to come together and start new collaborations among all participating researchers 
(Kienle & Wessner, 2005).

In this study, we focus on four research questions that aim to better understand what 
aspects are relevant for the onset of scientific collaborations at a scientific event, investi-
gating specifically the process of selecting new collaboration partners and the situation of 
specific groups within a scientific community.

RQ1: To what extent does face-to-face contact explain the initiation of new research 
collaborations?

RQ2: To what extent do homophily, prestige, and experience regarding career level and 
disciplinary background as person-driven selection patterns drive the initiation of new 
research collaborations?

RQ3: To what extent do reciprocity and transitivity as network-driven selection patterns 
predict the initiation of new research collaborations?

RQ4: How does group awareness support influence selection patterns in the initiation of 
new research collaborations?

We will first explore theoretical assumptions and previous findings about scientific com-
munities, the impact of face-to-face interaction, types of selection patterns in social con-
texts, and the role of group awareness. We will then report on a study that investigates the 
onset of scientific collaboration during two scientific events for researchers on technology-
enhanced learning (the Alpine Rendez-Vous) based on the four research questions, and dis-
cuss what can be learnt from our findings.

Potential influential factors on selection processes in scientific 
communities

According to Kienle and Wessner (2005), a scientific community is a specific form of 
community of practice that consists of a heterogeneous, often interdisciplinary group of 
researchers. Its members are usually geographically distributed and sometimes – as in 
the CSCL community or the broader technology-enhanced learning community – have 
backgrounds in different disciplines and scientific cultures, resulting in the use of differ-
ent research methods and scientific theories (Kienle & Wessner, 2006). What brings the 
members together is a joint field of research interests. Therefore, scientific communities 
benefit from the integration of new members who bring in complementary ideas and new 
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perspectives. Literature on communities of practice suggests that the integration of new 
members is facilitated by legitimate peripheral participation (Lave, 1991) and, in particu-
lar, by establishing participation support structures, such as providing opportunities for 
participation (Eberle, Stegmann, & Fischer, 2014). In interdisciplinary scientific communi-
ties, successful collaboration among the community members is another important factor 
for community cohesion and development. For both newcomers and regular members of 
a scientific community, participation in scientific events can, therefore, be expected to be 
beneficial. In the following sections, we will explore mechanisms for this based on previ-
ous literature.

Interacting with others: face‑to‑face contact at scientific events

To understand the onset of interdisciplinary scientific collaboration and newcomer integra-
tion in scientific communities, scientific events are a good starting point as they are major 
opportunities for researchers to get in contact with each other. It is, thus, important to take 
a closer look at face-to-face contact between researchers during scientific events. While 
research in interactional linguistics illustrates how human interaction is co-constructed 
through phenomena such as gaze, speech prosody, gestures and general body movement 
(e.g., Goodwin, 2000) on the micro-level, human interaction is also based on several robust 
characteristics on a broader level, such as physical and digital proximity, social support, 
and community belonging. The influence of these characteristics partially depends on the 
context in which interaction takes place (Isella et al., 2011).

Several studies have investigated face-to-face contact in conference settings. Kibanov 
et  al. (2015) found that researchers who were linked on ResearchGate prior to a confer-
ence visit were very likely to interact with each other in the face-to-face situation at the 
conference. Face-to-face contact between researchers who were not previously linked 
increased the likelihood for a later link on ResearchGate. However, the length of their face-
to-face contact was important: While short contacts had no effect, the likelihood of a link 
increased with longer face-to-face contact. Taking these findings in relation to the onset of 
scientific collaborations leads to RQ1.

RQ1:To what extent does face-to-face contact explain the initiation of new research 
collaborations?

When looking more closely, researchers’ face-to-face contact patterns differ between 
different groups of researchers. Atzmueller et al. (2012) found that face-to-face contact at 
scientific conferences differs based on participants’ career status. The average number of 
face-to-face contact partners was higher for more experienced researchers than for PhD 
students and undergraduate students. The weighted eigenvalue centrality, which took num-
bers of contact partners and the duration of face-to-face contact into account, increased 
for each career level with professors having the highest values. Furthermore, Barrat et al. 
(2010) found that researchers’ seniority in the field predicted with whom they had face-to-
face contact at scientific events. Researchers tended to have the most face-to-face contacts 
with others whose level of research seniority was similar to their own, meaning that senior 
researchers stuck together, and junior researchers stuck together.

Another interesting finding on interdisciplinary face-to-face contacts in the study by 
Atzmueller et al. (2012) was that researchers tended not to stick with researchers of their 
own core field but used the scientific event also for interactions with researchers of other 
disciplines or with different research foci than their own. In addition, Kibanov et al. (2015) 
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found differences in how researchers with different disciplinary backgrounds interacted, 
specifically that computer scientists tended to socialize more online than in the face-to-face 
setting compared to non-computer scientists.

Beyond these findings around face-to-face contacts, social network research suggests 
that the selection of partners for long-term relationships, such as friendship or scientific 
collaborations, follows several common patterns (Baerveldt et  al., 2010). Social selec-
tion patterns have been studied in various contexts, and the literature reports a variety of 
observed patterns. Some selection patterns are based on the opportunities provided by the 
given social network structure surrounding the selecting person (network-driven patterns), 
while others focus on personal preferences for specific persons (person-driven patterns). 
Reciprocity and transitivity as network-driven patterns and homophily/heterophily as a 
person-driven pattern seem to be among the most important selection patterns (Baerveldt 
et al., 2010). Note that network-driven patterns and homophily/heterophily effects are not 
mutually exclusive but can co-exist (Aiello et al., 2010).

Selecting who is accessible: reciprocity and transitivity as network driven selection 
patterns

Network-driven selection patterns are based on the assumption that the way in which per-
sons choose relations is strongly influenced by the (local) structure of their social network 
(Baerveldt et al., 2010). This means that if a person is seeking a new relation with some-
one (e.g., as a friend, for receiving advice, or as a collaboration partner), persons who are 
easily accessible in one’s network are more likely to be chosen compared to persons who 
are harder to access. Persons who are easily accessible in one’s network can be reached 
through patterns of reciprocity and transitivity.

Reciprocity is one of the simplest network-driven selection patterns: If there is already 
a connection between two individuals, in which person A has chosen person B (e.g., as a 
friend or as someone to ask for advice) while person B did not chose person A in the past, 
it is very likely that they will balance their relationship in the future. This can either mean 
that person B also chooses person A or that their relation will dissolve so that reciprocity 
is reached. In the context of a face-to-face meeting of a scientific community, researcher 
A may have read a paper or attended a talk of researcher B, while researcher B is not yet 
aware of researcher A’s work. If researcher A approaches researcher B during the event and 
they discuss their shared interest, researcher B may also become interested in researcher 
A’s work, and this may be the beginning of a collaboration.

Transitivity is also driven by proximity in the network: Two individuals A and B, who 
both are connected to a third person C, are likely to build a relation as well. In social net-
work terms, they are building a “transitive triple” or “closing a triangle”. Reasons for such 
transitivity patterns are manifold, e.g., person C can easily introduce A and B, or A and 
B may share a common interest or activity that was the initial reason for their connection 
with C. C might also be interested in setting up a connection between A and B to stabilize 
the relation to both (Baerveldt et al., 2010). This can happen at scientific events, when e.g. 
professor A and their PhD student B have a coffee between talks and researcher C comes 
along. As professor A is aware that both B and C share common research interests, A may 
introduce the two. Such behaviour has indeed been documented for face-to-face contacts at 
conferences, where certain researchers took the roles of bridges and ambassadors between 
other researchers (Atzmueller et al., 2012).
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Strong network-driven selection patterns at a scientific event are most beneficial for par-
ticipants with many existing contacts that provide vast opportunities for finding new col-
laboration partners. Researchers with few previous contacts, as it is typical for newcomers, 
can benefit much less from network-driven selection patterns. Consequently, we therefore 
formulate RQ2 accordingly.

RQ2: To what extent do reciprocity and transitivity as network-driven selection patterns 
predict the initiation of new research collaborations?

Selecting specific others: homophily and heterophily

In contrast to selection patterns that are driven by the social setting around people, homo-
phily is a broadly studied pattern that describes the selection of specific others beyond their 
mere availability (Baerveldt et al., 2010). Homophily describes the tendency of people to 
seek contact with others who are similar to them (McPherson et al., 2001), which stands in 
contrast to heterophilous selection, which is the tendency to select dissimilar others. These 
patterns have been studied in regard to very different types of similarity/dissimilarity, such 
as gender, religion, age, education, occupation, social class, behaviour, attitudes, beliefs, 
abilities, and aspirations (McPherson et al., 2001).

In general, a greater tendency for homophilous selection patterns has been observed as 
relationships between two similar persons have several advantages, e.g., they require rela-
tively little effort, expectations of each other are comparably clear, and the interaction is 
easily perceived as rewarding due to shared values (Coleman, 1988; Lin, 2001; Byrne & 
Clore, 1970; Lott & Lott, 1974). For the identification of scientific collaboration partners, 
homophilous selection could mean that researcher A prefers to work with researcher B, 
who has the same disciplinary background as they share similar views on how research is 
done and what is important to look at. Barrat et al. (2010) have found homophilous tenden-
cies for face-to-face contacts at conferences based on similarity in career levels.

Heterophilous selection, however, has other advantages that may outweigh its effort 
requirement, especially in the context of scientific collaboration. According to social capi-
tal theory, heterophilous selection allows for gaining new resources (Coleman, 1988; Lin, 
2001), such as access to new perspectives and complementary expertise. Interdisciplinary 
scientific communities seem to be built around the assumption that heterophilous collabo-
ration between researchers with different backgrounds is desirable. Heterophilous tenden-
cies have also been observed in relation to prestige effects, when someone seeks a relation 
to a person with higher status (Lin, 2001). This may also be the case in scientific communi-
ties. For example, well-known and distinguished professors are more generally favored as 
collaboration partners than unknown PhD students, and researchers who have the desired 
complementary competence for an interdisciplinary project are favored by project leaders.

Knowing about others: group awareness

All so far described face-to-face contact patterns and selection patterns take a macro-
look at human behaviour without taking psychological aspects of the acting individuals 
into account. However, psychological aspects underlie each of these patterns at the indi-
vidual level. For example, the choice an individual researcher makes in selecting their col-
laboration partners in a homophilous or heterophilous way tends to depend on whether the 
researcher perceives another researcher as similar/dissimilar or prestigious. This percep-
tion, in turn, depends on the knowledge the researcher has about the other person.
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Some knowledge about others is easy to acquire as relevant information is simply vis-
ible in face-to-face situations, e.g., the clothes a person wears may indicate a certain life 
style, status, or even disciplinary background, while other information is invisible and 
harder to access (Baerveldt et al., 2010, p.286). It is mostly invisible information that is 
needed to select a scientific collaboration partner, specifically a person’s specific expertise 
and knowledge, as these are crucial for scientific collaboration (Cannon-Bowers & Salas, 
2001; Wegner, 1987). While a huge body of research, e.g., on shared / team mental models, 
group awareness, transactive memory, and grounding, has looked into important factors for 
successful collaboration in existing small groups that work or learn collaboratively in spe-
cific situations, relatively little research has focussed on aspects relevant for the selection of 
collaboration partners within a broader community before actual collaboration starts.

To select the right collaboration partner, a researcher needs awareness and knowledge 
about the other researchers in the scientific community, specifically about their personal 
and social resources (Lin, 2001). A researcher’s personal resources may include their 
area of expertise, current research interests, and knowledge. This means that cognitive 
group awareness (Janssen & Bodemer, 2013) of the scientific community’s members is 
necessary. Cognitive group awareness refers to individual cognition about the group’s or 
group members’ situational and / or stable characteristics, the latter including interest, 
expertise, or beliefs (Bodemer et al., 2018). A researcher’s social resources may include 
their professional network, access they have to other experts, and their standing in the 
scientific community, requiring what could be seen as a form of social group awareness 
(Janssen & Bodemer, 2013).

Newcomers to a scientific community can be expected to possess little knowledge about 
the new community. Acquiring more of this knowledge is necessary for them to contribute 
in a meaningful and accepted way (Levine & Moreland, 2013). Although knowledge about 
individual researchers is in general easy to acquire as most of them present their bios and 
publications openly on their websites, it is hard to retrieve information about the structure 
of the community and identify the ‘important’ people in the community or those who could 
be specifically relevant for one’s own research within the crowd of participants, especially 
in a conference setting. As Baerveldt et al. (2010) have shown in friendship networks, stu-
dents with little information about their peers are less active in initiating new friendships. 
They seem also more likely to use rather passive selection strategies, such as transitivity 
(forming new friendships with friends of their friends), instead of initiating new friend-
ships with peers who might be a good fit to them, for example regarding norms and values.

Consequently, newcomers in scientific communities may be disadvantaged in finding 
new collaboration partners as they may not only use fewer active strategies for initiating 
new collaborations with other researchers, but they may also benefit less from network-
based selection patterns as they are not yet linked to many other researchers. As research-
ers tend to be involved in several scientific communities at the same time, newcomers to 
scientific communities can be found on all career levels. Therefore, researchers are used 
to switching roles, often from expert in one scientific community to newcomer in another 
scientific community (Kienle &  Wessner, 2005). However, PhD students are the most 
common form of newcomers in scientific communities, and they are probably in the most 
disadvantaged position for finding collaboration partners. In contrast to more experienced 
researchers, PhD students not only lack group awareness of the specific new scientific 
community but also knowledge regarding scientific collaboration and how to initiate it 
in general. They are, moreover, often seen as less prestigious to interact with, as they are 
likely to have only few personal and social resources relevant for scientific collaboration. 
This makes PhD students also less attractive collaboration partners from the perspective 
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of other researchers. However, even experienced members of a scientific community can-
not be assumed to be totally aware of all other participants’ expertise and research during 
a face-to-face event, so lack of group awareness within a scientific community is very 
likely a general problem, although it is more severe for some people than for others.

Summing up the previous argumentation, we still know very little about person-driven 
selection patterns that may underlie the initiation of collaborations between researchers during 
scientific face-to-face meetings and how subgroups within an interdisciplinary scientific com-
munity may differ in their selection patterns. This leads to RQ3.

RQ3: To what extent do homophily, prestige, and experience regarding career level and dis-
ciplinary background as person-driven selection patterns drive the initiation of new research 
collaborations?

Going a step further, it seems promising to support researchers in gaining a better group 
awareness of the other participants at a scientific event to help them make informed decisions 
with whom to get in touch instead of relying on passive network-driven patterns. Tools to sup-
port different types of group awareness have already been explored. However, this research 
has so far focussed on supporting small groups in their coordination and collaboration in com-
puter-supported work or learning settings (Schmidt, 2002; Janssen & Bodemer, 2013). These 
groups worked on a concrete collaborative task, often mediated by computers, and therefore 
most group awareness tools targeted (socio-) behavioural, i.e., situational, aspects of the group 
members, such as their knowledge of the specific task or their participation throughout the 
collaboration process (Janssen & Bodemer, 2013; Bodemer et al., 2018). However, if the con-
text is the onset of collaborations in a large scientific community in a face-to-face setting with 
nonspecific outcomes, different support is needed. For example, support can target cognitive 
group awareness on more stable characteristics of researchers that are relevant in the scientific 
community, such as others’ general area of expertise and interests, and social group awareness 
of stable aspects within the scientific community, such as others’ co-authors or PhD advisors. 
This need has already been identified, and approaches have been made to address it. Alshareef 
et al. (2018) have proposed an algorithm that can be used to recommend researchers to each 
other as potential collaboration partners based on their similarities as evidenced by previous 
publications. However, as we have pointed out before, this approach targets homophilous col-
laboration only and does not provide support for heterophilous collaborations in interdiscipli-
nary scientific communities. Another group of researchers has gone a step further and designed 
a prototype of a group awareness tool for conference participants that included, next to other 
features, self-reported research interests of participants, recommended persons to interact with, 
and even helped to initiate the first contact via an online interface (Windhager et al., 2014; Zenk 
et al., 2014). Their qualitative evaluation of the “Conference Explorer” tool showed that par-
ticipants were highly satisfied. This finding seems to indicate that there is not only a theoretical 
and practical need for group awareness support at scientific events, but that participants also 
use such a support instrument in a way that they find valuable. However, so far, the behavioral 
consequences of group awareness support and its effects on the identification of collaboration 
partners has not yet been explored. We will, therefore, investigate experimentally RQ4.

RQ4: How does group awareness support influence selection patterns in the initiation of 
new research collaborations?
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Method

Study context and participants

The study was conducted at the 2011 and 2013 Alpine Rendez-Vous, two scientific events 
that aimed at bringing together researchers from multiple disciplines working on technol-
ogy-enhanced learning (TEL) to foster community building and scientific progress in the 
field. The events were part of a series of four meetings, first organized by the KALEIDO-
SCOPE Network of Excellence (1) and later by the STELLAR Network of Excellence 
(2), two initiatives funded by the European Union to foster European TEL research. The 
Alpine Rendez-Vous 2013 was promoted by TELEARC and EATEL, two associations 
that resulted from the two previous Networks of Excellence. Both, Alpine Rendez-Vous 
2011 and 2013, lead to a shared outcome of many participants – two books on grand chal-
lenge problems that TEL research was supposed to tackle in the upcoming years (3).

Both Alpine Rendez-Vous meetings were organized in a similar way. The events 
were deliberately located in a big hotel at a remote place in the French Alps to avoid 
external distractions and to provide many opportunities for networking among the par-
ticipants. Both events consisted of a set of independent parallel workshops on specific 
topics under the scope of TEL, each workshop lasting one and a half days. Half of the 
workshops took place in the first part of the event, followed by a community event for 
all event participants in the evening of the second day. The second group of workshops 
took place after the community event. While each workshop had been selected in a 
competitive process and was organized independently, there was a general schedule for 
all workshops at the event to synchronize starting time, breaks, and end time. Between 
the workshop time slots, all present participants had breakfast, lunch, dinner, and cof-
fee breaks together, as well as a long afternoon break, which allowed for social activi-
ties and networking within and across the workshops.

The Alpine Rendez-Vous 2011 (4) consisted of four workshops in the first half and 
four workshops in the second half of the event. The Alpine Rendez-Vous 2013 comprised 
five workshops in the first half and five workshops in the second half of the event (5).

Altogether, 136 persons participated in workshops at the Alpine Rendez-Vous 2011 
and 152 persons participated in workshops at the Alpine Rendez-Vous 2013, leading 
to a total of 288 participants. The majority of participants were from European coun-
tries, followed by North American and Asian countries. Although classical test theory 
implies excluding participants who appear twice in the dataset to ensure data independ-
ence, we decided to analyse the data of those who participated in several workshops, 
as excluding them would substantially affect the reliability of social network results 
within workshops. The same participants are included several times in analyses only 
on a meta-analysis level. There were 19 participants of the Alpine Rendez-Vous 2011 
and 14 participants of Alpine Rendez-Vous 2013 who participated in two workshops 
during the event. 24 researchers participated in workshops at both events in 2011 and 
2013, and of those, four persons participated in three workshops altogether and two 
persons participated in four workshops altogether. This procedure lead to 321 work-
shop participants in the dataset and a sample of N = 5736 relations between workshop 
co-attending participants.
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Study Design and data collection procedure

Study design and data collection procedure were the same in both Alpine Rendez-Vous 
meetings. In an experimental design, the factor group awareness support (with vs. without) 
was varied across different workshops in a randomized way. Additional quasi-experimental 
variables career level (PhD student vs. experienced researcher) and disciplinary background 
(Information Technology vs. Social Sciences) varied naturally among participants within the 
workshops.

Participants in all workshops were informed about the study when they arrived at the 
event and signed a form of consent during conference registration. All participants who 
agreed to participate were then equipped with an RFID device, which immediately started 
tracking their face-to-face contacts with other participants while in pre-defined public 
areas. Tracking was deactivated when participants checked out of the hotel and returned 
their RFID device. Four participants opted out of wearing the RFID device. Additionally, 
a social network questionnaire was handed out to each participant at the end of each work-
shop. Participants who had to leave earlier were asked to fill in an online version of the 
questionnaire. Altogether, only 15 questionnaires were not filled in and the missing values 
appeared to be randomly distributed over all workshops. Personal data about the partici-
pants (career level and disciplinary background) were collected with the social network 
questionnaire and within the registration form for the event. Table 1 gives an overview of 
all data collected.

Group awareness support, career level, and disciplinary background

Group awareness support was varied between the two conditions, i.e., between a subset of 
workshops at each Alpine Rendez-Vous. In the experimental condition, workshop partici-
pants received a brochure that aimed at supporting cognitive and social group awareness. 
The brochure contained profiles of all workshop participants. We opted for a paper-based 
brochure as it is easy to use (e.g., no need to install an app or log in, in contrast to a digital 
version) and we expected its physical presence to keep participants aware that group aware-
ness information was available, and consequently support the use of the information during 
the workshop. The profiles were compiled based on information taken from participants’ 
personal websites to spare participants the burden of providing the information to us. Each 
profile included basic information about each person (name, picture, and contact informa-
tion) to help the participants to connect names and faces, to look up forgotten names or 
allow for arranging personal meetings. We expected this information to reduce barriers 
for one-on-one communication. The main feature of the brochure was information about 

Table 1  Overview of collected data

Instrument Data

RFID devices ◾ Duration of face-to-face contact between participants during the event
Personal questions
(registration form / with social 

network questionnaire)

◾ Career level (PhD student vs. experienced researcher)
◾ Disciplinary background (Information Technology vs. Social Sciences)

Social network questionnaire ◾ Collaboration partners within the workshop before the event
◾ Potential future collaboration partners within the workshop after the 

event
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personal resources (research interests and exemplary publications) and information point-
ing to their social resources (affiliations and background). This information was included to 
help the participants identify who had matching or complimentary interests and expertise 
(research interests and topics of exemplary publications), shared or desired contacts (co-
authors, supervisors), and relations to scientific communities (journals or conferences in 
which they had published, research group / university of graduation). Based on the still 
scarce literature on the mechanisms of group awareness tools (Bodemer et al., 2018), we 
expected this information to help participants to build a more accurate awareness of the 
group in the workshop that could then be used to compare with personal desires and inter-
ests for future research and collaborations, leading eventually to a better identification of 
relevant partners for one-on-one communication than without the brochure. Figure 1 pro-
vides a schema of the profiles. The brochure was given to the participants in the experi-
mental group at the beginning of the workshop without further instructions. The control 
group did not receive a brochure.

Data on both career level and disciplinary background were extracted from the regis-
tration form for Alpine Rendez-Vous 2011 and from the questionnaire at the end of the 
workshop for Alpine Rendez-Vous 2013. While participants were originally asked to assign 
themselves to one of three different career levels (PhD student, Early/Mid career (postdoc), 
and full professor), we collapsed the two latter categories for the analyses. This resulted in 
a variable distinguishing only between PhD students and experienced researchers (Early/
Mid career and full professors). This procedure allowed us to include career level as a sin-
gle dummy variable into the complex statistical models, leading to results that are inter-
pretable in an easier way. Consequently, the dataset of all workshop participants included 
77 PhD students and 244 experienced researchers.

Information about the disciplinary background of the participants was handled simi-
larly, resulting in a variable that distinguishes only between researchers with a back-
ground in Information Technology from those with a background in the Social Sciences 
(e.g., psychology, education, learning sciences, etc.). Persons who provided back-
ground information that could not clearly be assigned to one of the categories, e.g., 

Fig. 1  Schema of a participant 
profile in the brochure that 
served as group awareness sup-
port

161



 J. Eberle et al.

1 3

interdisciplinary backgrounds such as “learning technology”, were individually checked 
and then put into the category that seemed to fit best. This classification was chosen 
because of the specific goal of the Alpine Rendez-Vous to bring researchers from those 
two areas together and to foster their collaboration. Consequently, the dataset of all 
workshop participants included 124 persons with a background in Information Technol-
ogy and 197 workshop participants with a background in the social sciences.

Data sources

The social network questionnaire that was handed out at the end of each workshop is the 
central data source of this study. Each participant received an individualized question-
naire to make sure that the answers were attributed to the right person. Furthermore, 
the questionnaire was individually adapted to each workshop and contained a list of all 
workshop participants’ names. Participants were asked to indicate with whom they had 
already collaborated before the event (and with whom they did not) and with whom they 
had found potential for future collaboration (and with whom they did not). From these 
data, we extracted a directed network of previous collaborations within each workshop 
(social network before the workshop) and a directed network of potential collaborations 
after the workshop (social network after the workshop). It must be noted that the ques-
tionnaire used at the Alpine Rendez-Vous 2011 turned out to be quite complicated to 
fill out for the participants and several of the participants failed to make explicit state-
ments about each of the other workshop participants. For the Alpine Rendez-Vous 2013, 
the design of the questionnaire was thus simplified, while the content of the questions 
remained the same. Nevertheless, also with this new design, several participants did not 
explicitly indicate their relations to all workshop participants. In such cases, we coded 
missing indications as no relation. In some cases, we also had to make assumptions 
about the previous relations based on individual patterns in the way participants had 
filled in their questionnaires.

RFID devices were used for tracking face-to-face contact between participants. RFID 
devices developed by the SocioPatterns collaboration (http:// www. socio patte rns. org) were 
integrated into participants’ name badges. The devices engage in bidirectional low-power 
radio communication. As the human body acts as a shield for the used radio frequency, 
and as the badges are worn on the chest, badges can exchange radio packets only when the 
individuals wearing them are face-to-face with each other at close range (about 1 to 1.5 
m). A base station (a central computer system that uses a local area network) captured the 
information sent by the RFID devices, pre-processing data in a way that close face-to-face 
proximity between two individuals with a temporal resolution of 20 seconds is stored and 
time-stamped (see Cattuto et al., 2010 for a detailed description of the infrastructure). In 
order to exclude noise and very brief, insignificant contacts, measurement starts only after 
the first 20 seconds of contact. The RFID devices only tracked face-to-face contacts within 
the range of the base stations, which were located in public spaces only (dining hall, main 
hall of the hotel, and workshop rooms). The data collected this way gives access to the 
amount of time that two participants spent together. For this study, the data collected by the 
RFID devices was aggregated to a single variable, duration of interaction, for each dyad of 
workshop participants and included all interactions between these two persons during the 
whole event (including times within and outside of the workshops).
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Analyses

Descriptive results of the data were either directly extracted from the database or were 
computed in R using Python2.7 and the networkx package. Descriptive quantities were 
computed separately for each workshop and then averaged over workshops, distinguish-
ing between workshops in the control and in the experimental condition. As the net-
work of potential collaborations after the workshop largely includes previous collabora-
tion, we report specifically within these potential future collaborations the new potential 
future collaborations (i.e., the ones that were not declared as previous collaborations).

For the investigation of selection patterns, we used the RSiena package version 1.1-
232 in R that allowed to do simulation investigations for longitudinal empirical networks 
based on a stochastic actor-oriented model (Ripley et al., 2014). In general, RSiena anal-
yses how a social network that is measured at different points in time changes between 
time points and what factors play a role for this change, requiring at least two social 
network data sets and optionally data sets with attributes of involved actors and / or with 
attributes of the relations between actors. An RSiena analysis reveals to what extent the 
factors that are assumed to drive the change from the first to the last network, actually 
have the expected effect. To do so, the first social network is taken as the starting point 
and from there, turn-taking between the actors in the network is simulated until the last 
social network is reached. In the present study, we simulated for each workshop the cre-
ation of new potential collaborations (social network after the workshop) based on the 
network of previous collaborations (social network before the workshop). Figure 2 gives 
an example of the dataset of workshop I-1. For the turn-taking process between actors, 
the creation of a new tie was considered, i.e., the actors “decided” whether they wanted 
to create a new tie and with whom or to do nothing when it was their turn.

The assumed factors driving the turn-taking process are implemented as “effects” in 
the so called prediction function. A prediction function can consist of different types of 
effects. For our study, we included three types of creation effects that represented the 
research questions: 1) duration of face-to-face contact of a dyad during the workshop to 
help answer RQ 1 (implemented as a main covariate effect in RSiena); 2) network-driven 
effects to help answer RQ 2, namely reciprocity (recip effect in RSiena) and transitiv-
ity (transTrip effect in RSiena, which was chosen among several options to implement 
transitivity as it is the most commonly used one); 3) effects of career level and discipline 
split up into three different effects in RSiena to help answer RQ 3: ego effect (egoX effect 
in RSiena; taking into account the career level / discipline of the person whose turn it is 
to select a new collaboration partner); alter effect (alterX effect in RSiena; taking into 
account the career level / discipline of the person who is chosen as a potential new col-
laboration partner); and homophily effect (sameX effect in RSiena; taking into account 
whether the two persons who are involved in a new potential collaboration share the same 
career level / same discipline). Table 2 gives an overview and description of the analysed 
effects. Variables were not centred to allow for easier interpretation of the results.

Fig. 2  Example of datasets used for the RSiena analyses (snippets of 4 participants in workshop I-1)
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The output of the RSiena analyses consists of estimates for each computed effect, given 
in log odds ratios (Ripley et al., 2014). These estimates can be interpreted as  eestimate being 
the increase in likelihood that a researcher identifies the potential for a new collaboration 
with another researcher if the effect is one unit higher for this person compared to a person 
with a unit lower in this effect. For example,  eestimate for ego career level provides the difference 
in likelihood that an experienced researcher identifies potential for a new collaboration 
compared to a PhD student.

After performing RSiena analyses for each workshop separately, we carried out meta-
analyses across the workshops using the metafor package in R (Viechtbauer, 2010). First, 
we performed separate meta-analysis for each effect across all workshops in order to see if 
it was a significant predictor for the change between the social network before the work-
shop to the social network after the workshop, i.e., to answer RQs 1, 2, and 3. Together 
with these meta-analyses, we performed Cochran’s Q-tests to test if there was a significant 
homogeneity between the workshops regarding the effect. A significant Q-test indicates 
that the overall effect may not be reliable due to heterogeneity between the studies, i.e., 
there may be subgroups of workshops in the sample that have not yet been considered (see 
Hoaglin, 2016 for a detailed discussion). In the present study, a significant Q-test may be 
an indicator that the effect may be influenced by the group awareness support (RQ 4).

In a second step, we attempted to answer RQ 4 by performing meta-analyses on each effect 
that included the experimental variation of group awareness support as a moderator. In addition, 
we computed the mean value of each effect for both groups (workshops that received group-
awareness support vs. workshops that did not receive group awareness support) and tested for 
their significance. As recommended by Ripley et al. (2020) based on Viechtenbauer’s (2005) 
extensive study on different approaches for performing a meta-analysis, we applied Restricted 
Maximum Likelihood estimation (REML) for each meta-analysis.

Table 2  Overview and description of the effects on the development of intentions to collaborate analysed in 
RSIENA and in subsequent meta-analyses

Effect Description

Reciprocity Propensity to see mutual potential for collaboration
Transitivity Propensity to see collaboration potential in the collaboration 

partner of a previous collaboration partner
ego career level (PhD student) Effect of being a PhD student (in contrast to an experienced 

researcher) on identifying potential collaboration partners
alter career level (PhD student) Effect of being a PhD student (in contrast to an experienced 

researcher) on being identified as a potential collaboration 
partner

homophily career level Propensity that researchers at the same career level identify each 
other as potential collaboration partners

ego discipline (Information Technology) Effect of having a background in Information Technology (in 
contrast to a background in the Social Sciences) on identifying 
collaboration partners

alter discipline (Information Technology) Effect of having a background in Information Technology (in 
contrast to a background in the Social Sciences) on being 
identified as a potential collaboration partner

homophily discipline Propensity that researchers with the same disciplinary background 
identify each other as potential collaboration partners

contact duration Duration of face-to-face contact during the event
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Results

In this section, we will provide the results for the four research questions about which 
aspects drive the initiation of potentially new research collaborations. For each research 
question, we will first provide descriptive social network results, mostly on the work-
shop level. After providing the descriptive results, we report on the results of the RSiena 
analysis.

RQ 1: To what extent does face‑to‑face contact explain the initiation of new 
research collaborations?

Altogether, the occurrence of 1,436 face-to-face contacts between participants had been 
captured during the workshops. The descriptive results (a detailed table with descriptive 
values for each workshop can be found in appendix 1) show that participants had on aver-
age contact with 9.07 other participants of their workshop. There is no significant corre-
lation between the number of workshop participants and the average degree of face-to-
face contacts (r = .267; p = .284), indicating that participants in larger workshops did not 
have contact with more persons than participants in smaller workshops. However, there is 
noticeable variance in the number of face-to-face contact partners between the workshops 
as the average degree ranges from 4.18 to 14.35 face-to-face contact partners. Accordingly, 
the density of the face-to-face contact network varies, i.e., the portion of measured face-to-
face contacts between workshop participants in relation to possible contacts. The average 
density of all workshops is 0.581, indicating that on average about half of all possible face-
to-face contacts between participants had actually occurred. In some of the workshops, 
only about 30% of all possible face-to-face contacts were realized, while in other work-
shops, more than 80% of possible contacts were realized. The average clustering coeffi-
cients tend to be rather on the high end with an average of 0.698, indicating a good amount 
of connectedness of the participants in the face-to-face contact network. Comparing these 
values between the control and experimental condition, we see that the descriptive values 
for workshops in the experimental condition are slightly higher than for workshops in the 
control condition.

Looking at the cumulated duration of the face-to-face contacts between workshop par-
ticipants, we find durations between 20 seconds (the minimum necessary for a face-to-face 
contact to be captured) and 4 hours and 25 minutes (265 minutes in workshop I-2) and a 
median of 2.98 minutes across all workshops. The medians of face-to-face contacts dif-
fer noticeably between the workshops, with a median of 1.00 minute as the lowest to a 
median of 7.83 minutes as the highest. On average, the median and the maximum duration 
of face-to-face contacts were higher in the experimental condition compared to the control 
condition. Considerable differences between the mean and median of face-to-face contact 
durations within the workshops indicates that contact duration is not normally distributed. 
For a normal distribution, face-to-face contact durations would have centred around a given 
mean with lower and higher values being increasingly rarer the more extreme they get. 
In contrast to this assumption, Fig. 3 shows the typical distribution pattern that has been 
found for face-to-face contact duration measured with RFID badges in previous studies: 
The cumulated duration of face-to-face contacts follows a heavy-tailed distribution and is 
neither normally nor exponentially distributed. Instead, shorter face-to-face contacts are 
more common with 20 second durations being the most observed face-to-face contact 
durations, and longer contacts being increasingly rarer.
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The meta-analysis reveals that the duration of face-to-face contact during the workshop has 
a positive significant effect of 0.0002 (SE = 0.0001; p <.001, k = 12) on the initiation of new 
potential collaborations (see Table 4). In short, the longer two persons had face-to-face contact, the 
more likely it is that a researcher selects the other as a potential new collaboration partner after the 
workshop. The likelihood for finding potential collaboration is 1.0012 times higher if there was 
a face-to-face contact for 60 seconds, 1.127 times for 10 minutes, and 2.054 times for an hour of 
face-to-face contact. The Q-test is significant, indicating high variability between the workshops 
that may be to some extent due to the group-awareness intervention that may have helped partici-
pants to identify interesting persons to talk with and engage in longer face-to-face contacts with 
them, instead of using their time for small talk on finding out about potential shared interests.

RQ2: To what extent do reciprocity and transitivity as network‑driven selection 
patterns predict the initiation of new research collaborations?

To understand the role of reciprocity and transitivity for the initiation of new research col-
laborations, we first look at the descriptive results for the social composition of the workshops 
regarding previous collaborations and potential collaborations after the workshop, measured 
by the social network questionnaires (a detailed table with descriptive values for each work-
shop can be found in appendix 2). The network statistics for collaborations before the work-
shop across all workshops show that each participant had on average 4.74 previous collabora-
tion partners among the workshop participants (SD = 2.71; symmetrized degree, i.e., mutually 
reported previous collaboration partners). However, the average reciprocity value indicates that 
participants disagree quite a lot in their perception of whether they had collaborated with each 
other before (r = 0.544, SD = 0.121); only about half of the previous collaborations that were 
reported by one participant were confirmed by the indicated previous collaboration partner.

The average clustering coefficient of previous collaborations in the workshops shows 
that there is already a good amount of transitivity (C = 0.501, SD = 0.194). Network sta-
tistics for previous collaborations vary between individual workshops but there is relatively 
little variation between the two experimental conditions.

Fig. 3  Duration of face-to-face contacts
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Network statistics for potential collaborations after the workshops show with an average 
of 10.57 potential collaboration partners (SD = 3.11; symmetrized degree) a substantial 
increase compared to the average degree of collaboration partners before the workshop. 
The degree of reciprocity in indicating potential collaboration partners is on a similar level 
as for previous collaboration partners (r = 0.483, SD = 0.089). The average clustering 
coefficient in the workshops (C = 0.764, SD = 0.089), however, increased for potential col-
laboration partners, meaning that not only are specific participants part of a transitive, well 
connected network around them, but also that on average most participants have a more 
transitive, well connected network of potential future collaboration partners than of col-
laboration partners before the workshop. Again, the descriptive values show no substantial 
differences between workshops in the control and experimental condition regarding these 
network statistics, while the individual workshops varied.

The meta-analyses of the effects of reciprocity and transitivity show that both are sig-
nificant predictors for the initiation of new potential collaborations (see Table 5). For reci-
procity, the mean effect size is 0.562 (SE = 0.562; p = .023, k = 12). For transitivity, the 
mean effect size is 0.264 (SE = 0.040; p < .001; k = 12). In short, the likelihood that 
a researcher selects someone as a potential collaboration partner who was an unrecipro-
cated collaboration partner before the workshop is 1.754 times higher than that the same 
researcher selects someone with whom no previous collaboration was indicated before the 
workshop. Additionally, we see that the likelihood that a researcher selects someone who 
is a collaboration partner of one of the researcher’s previous collaboration partners is 1.302 
times higher than for selecting someone without a previous relation to their own collabora-
tion partners. The two network-driven selection patterns significantly explain the initiation 
of new research collaborations. However, the Q-test is significant for both effects (reciproc-
ity: Q (11) = 27.718, p = .004; transitivity: Q (11) = 29.096; p = .002), indicating high 
variability across the workshops that may to some extent be explained by the group-aware-
ness intervention. Having the brochure at hand may, for example, have helped participants 
to identify relevant persons right away instead of being dependent on network-driven struc-
tures such as being introduced to each other by a common previous collaboration partner.

RQ 3: To what extent do homophily, prestige, and experience regarding career level 
and disciplinary background as person‑driven selection patterns drive the initiation 
of new research collaborations?

Individual workshops vary visibly in their composition regarding participants’ career level 
and disciplinary background (see appendix 2 for details). Looking at the career level, 
we find workshops with 0 to 8 PhD students while most participants were experienced 
researchers in a later career phase, with an average of 4.3 PhD students across all work-
shops. As some of the workshops were more technology-oriented and others focussed more 
on learning aspects, the number of participants with a background in Information Technol-
ogy (in contrast to a background in Social Sciences) ranging from 1 to 16, with an average 
of 6.9 participants with a background in Information Technology per workshop. Compar-
ing the workshop compositions between the control and experimental group, we find that 
workshops in the experimental condition had a slightly higher number of PhD students (M 
= 4.6, SD = 1.6) than workshops in the control condition (M = 4.0, SD = 2.2). Workshops 
in the experimental condition had also a slightly higher number of participants with a back-
ground in Information Technology (M = 7.6, SD = 2.8) than the control condition (M = 
6.3, SD = 4.4).
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Table 3 provides an overview of percentages of the set of relations between different 
career levels and different disciplinary backgrounds compared to the set of all possible 
relations, averaged over all workshops. Looking at career level, we find that the fraction 
of previous collaborations is the lowest in dyads of two PhD students (17.9%) and much 
higher for dyads of experienced researchers (33.9%). The average number of face-to-face 
contacts during the workshop, however, does not differ substantially with respect to career 
levels. For the potential collaborations after the workshop, we see again descriptive dif-
ferences. Potential collaborations occur more often between two experienced researchers 
(73.3%) than between two PhD students (56.9 %) or between two researchers of different 
career levels (59.3%).

Focussing on participants’ disciplinary background, we see that dyads of participants 
with a background in Information Technology show the highest percentage of collabora-
tions before the workshop (36.3%), the highest percentage of face-to-face contacts (44%), 
and the highest percentage of potential collaborations after the workshop (66.3%) com-
pared to dyads of participants with a background in Social Sciences or mixed dyads.

The meta-analyses investigated three effects for career level and for disciplinary back-
ground (see Table 4). For career level, we find no significant ego and homophily effects, 
but a significant negative alter effect of -0.516 (SE = 0.221; p = 0.20, k = 12). This means 
that there is no tendency that PhD students select their potential collaboration partners 
differently than experienced researchers. Furthermore, researchers tend not to select their 
potential collaboration partners based on the aspect that they share the same career level. 
However, participants tended to select fewer PhD students as potential collaboration part-
ners, indicating their lower prestige compared to more experienced researchers. The likeli-
hood that a PhD student is selected as a potential new collaboration partner is 0.597 times 
that of an experienced researcher. The Q-test is significant, though, indicating high vari-
ability across the workshops that may at least partly be explained by the group awareness 
intervention (Q(11) = 26.467; p =.006). For example, with group-awareness support, par-
ticipants may have been able to see relevant research interests of PhD students and get in 
touch with them instead of relying on stereotypes of a PhD student not being an interesting 
potential collaboration partner.

Table 3  Percentage of observed relations between different categories of participants compared to all pos-
sible relations

Percentages were computed separately for each workshop and then averaged over workshops; only work-
shops with more than 3 persons of each category are included

Collaborations before 
workshop

Contact during 
workshop

Potential collaborations 
after workshop

Relations between career levels
PhD x PhD 17.9% 36.6% 56.9%
Experienced x Experienced 33.9% 36.1% 73.3%
PhD x Experienced 22.3% 34.2% 59.3%
Relations between backgrounds
Inf. Technology x Inf. Technology 36.3% 44.0% 66.3%
Social Sciences x Social Sciences 25.8% 38.4% 62.8%
Inf. Technology x Social Sciences 23.9% 33.0% 58.6%
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For disciplinary background, we find no significant alter and homophily effects but a signif-
icant negative ego effect of -1.262 (SE = 0.548; p = .021, k = 12). Consequently, there seems 
to be no tendency that one of the disciplinary backgrounds is more prestigious and, therefore, 
more desirable for potential future collaboration than the other. Researchers also tended not to 
stick to their own discipline. However, participants with a background in Information Technol-
ogy seem to select significantly fewer other participants for future potential collaboration. A 
researcher with a background in Information Technology is only 0.283 times as likely to select 
any new potential collaboration partner than a researcher with a background in the Social Sci-
ences. The Q-test is significant, however, showing high variability across the workshops that 
may be to some degree due to the group awareness intervention (Q(11) = 23.555; p = .015). 
The group awareness intervention may have supported participants with different disciplinary 
backgrounds in distinctive ways, as disciplinary background may be associated with prefer-
ences about how to learn about others – either in personal communication or in written form.

RQ 4: How does group awareness support influence selection patterns 
in the initiation of new research collaborations?

As reported before, the meta-analyses revealed significant effects for reciprocity, transitivity, 
alter career level, ego disciplinary background, and duration of face-to-face contact (see table 4) 
and in addition, in all of these cases there was a significant degree of unexplained heterogeneity 
between the workshops. Consequently, we conducted meta-analyses with group awareness sup-
port as a moderator between each of the effects and the selection of new potential collaboration 
partners to test if the two conditions differed from each other (a forest plot for the effects can be 
found in appendix 3). In a second step, we looked into the details of the effects within both con-
ditions by conducting separate meta-analyses for workshops in the control condition (without 
group awareness support) and workshops in the experimental condition (with group awareness 
support) for each effect (see table 4). This second step allowed us to test whether the effects 
within each condition were still significant when only studied for this subgroup of workshops.

For reciprocity, we find that group awareness support is not a significant moderator of 
this effect, i.e., control and experimental conditions do not differ (Q(1) = 0.437; p = .508, k 
= 12). Looking into the details within both conditions based on the post-hoc within-group 
meta-analyses, the reciprocity effect is positive in both conditions but only significant in 
the experimental condition. In short, group awareness support has no influence on the 
effect that researchers preferably select someone as a new potential collaboration partner 
who was already an unreciprocated collaboration partner before the workshop compared to 
someone with whom no previous collaboration was indicated before the workshop.

For transitivity, group awareness support is also not a significant moderator (Q(1) = 0.0001; 
p = .994; k = 12). In both, the control and the experimental condition, transitivity has a posi-
tive significant effect of a similar magnitude. This means that group awareness support does not 
influence the general tendency of researchers to select someone as a new potential collaboration 
partner who was already a collaboration partner of one’s own collaboration partner.

Regarding the alter effect of career level, there is no significant moderation effect of 
group awareness support either, i.e., neither condition differs from the other (Q(1) = 0.117, 
p = .733; k = 12). Looking at the estimates within the conditions, we find the negative alter 
effect of career level in both, however, it is only significant in the control group and not in 
the experimental group. This finding can be interpreted in the way that group awareness 
support has no effect on researchers’ preferences to choose experienced researchers over 
PhD students as new potential collaboration partners.
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For the ego effect of disciplinary background, there is a significant moderator effect of 
group awareness support. i.e., control and experimental condition differ significantly from 
each other (Q(1) = 4.828; p = .028; k = 12). The post-hoc meta-analyses within the con-
ditions reveal that the effect is negative in both conditions; however, it is much higher in 
the control condition than in the experimental condition. The effect is only significant in 
the control condition. This means that group awareness support reduces the effect that 
researchers with a background in Information Technology select fewer new potential col-
laboration partners than researchers with a background in Social Sciences.

The effect of face-to-face contact duration is also not moderated by group awareness 
support, i.e., no difference between control and experimental condition (Q(1) = 2.398; p = 
122; k = 12). Although the effect is positive in both conditions and significant in the exper-
imental condition, it is only marginally significant in the experimental condition. In short, 
group awareness support does not predict that longer face-to-face interactions between two 
researchers increase their likelihood for a new potential collaboration after the workshop.

Discussion

The aim of this study was to investigate the onset of scientific collaboration during scien-
tific events. We found that participation in interdisciplinary scientific events was in general 
associated with the identification of new potential collaboration partners. Network-driven 
selection patterns were more predictive for the identification of new potential collabora-
tion partners than person-driven selection patterns based on individual characteristics of 
researchers. That is, whether a researcher was a PhD student or an experienced researcher 
and researchers’ disciplinary backgrounds was less relevant than their previous network 
of collaborators before the event (although these aspects are likely to be connected to a 
certain extent). This study found no evidence for homophily effects in this respect. Nei-
ther were experienced researchers more likely to select other experienced researchers as 
collaboration partners rather than PhDs students nor were social scientists more likely to 
decide in favour of a collaboration with another social scientist instead of an information 
scientist. The reverse was also true. However, time of interaction matters: The more time 
researchers spent with each other during the scientific event, the more likely they were to 
plan a new collaboration with each other. Additional group awareness support during the 
scientific event did not lead to substantial changes in these selection patterns. One notable 
exception was that discipline-based differences disappeared with group awareness support.

The results imply that specifically providing opportunities for one-on-one face-to-face 
contact during scientific events is vital for the onset of scientific collaboration – a challenge 
for online conferences. In addition, participants coming to a scientific event with no or only 
a small existing social network and PhD students could benefit from specific support in 
another form other than group awareness support. Researchers with a background in infor-
mation technology, in contrast, can benefit from group-awareness support.

The role of face‑to‑face contact for the initiation of new research collaborations

For face-to-face contacts at the two scientific events, we found a heavy-tailed distribution 
with many short contacts. There were fewer longer face-to-face interactions between indi-
viduals and more shorter face-to-face interactions. This pattern is in line with previous 
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findings of face-to-face contacts and has been found in face-to-face contacts at confer-
ences (e.g. Barrat et al., 2010) but also in other settings such as among students in schools 
(e.g. Fournet & Barrat, 2014). Our finding, therefore, supports a stable pattern for face-
to-face contacts in communities. Regarding the role of face-to-face contacts for starting 
scientific collaborations, we found that they are highly relevant. The longer participants 
had contact with each other at the event, the more likely they were to report an intention 
to collaborate afterwards. This finding fits well with results of other studies, which found 
a close connection between face-to-face contact and online activities between researchers 
before and after scientific events (e.g., Kibanov et  al., 2015). Our finding also confirms 
that activities that conference organizers have pursued for a long time, so far only based on 
assumed relevance, are indeed important to foster scientific collaboration and the integra-
tion of newcomers. Such activities include poster presentations that allow for direct face-
to-face interaction in contrast to formal talks, but also to explicitly make room for informal 
conversations in the program during lunch, dinner, or receptions. Given the challenge for 
the upcoming years when researchers will be less able to travel and meet face-to-face in 
order to prevent the spread of diseases and due to sustainability considerations, the ques-
tion arises to what extent we can transfer this study’s results to pure on-line and hybrid 
interactions. We will need to find ways to translate opportunities for informal one-on-one 
or small group contact into online formats when face-to-face scientific events cannot be the 
standard anymore. For example, the Science of Team Science conference was held on-line 
in 2020 and used a slack channel as well as a zoom sign-up sheet to create informal and 
spontaneous spaces for “coffee-chat” discussion. How does the influence of such innova-
tions compare with direct face-to-face interaction?

All this being said, the potential of our face-to-face contact data may not have been fully 
exploited within this paper by reducing it to duration as a single, aggregated variable. As 
Malik (2018) pointed out, there may be other relevant aspects such as repetition of con-
tacts during the event or the specific time point on which face-to-face contacts occurred. 
In addition, the timing of contacts (e.g., during workshop activities vs. during social events 
such as lunch or coffee breaks) could give interesting insights. These aspects need to be 
explored in the future as including them was out of the scope of this paper.

On the methodological level, the measurement of face-to-face contacts using socio-
metric badges is a quite innovative technique for the learning sciences, although it has 
been used in other research areas for some time. Sociometric badges come with certain 
benefits but also a few disadvantages that need to be considered for the interpretation of 
study results. There are only a few methods that capture face-to-face interactions besides 
RFID badges, namely self-reports, observations, and video-recordings of social situations. 
Regarding objectivity, RFID badges were found to be superior to methods that rely on par-
ticipants’ memory, such as diaries and surveys (Mastrandea et al., 2015), and this is very 
likely true also for external ratings of observed or video-recorded social interactions, such 
as RFID badges, which eliminate human errors and biases during data collection and anal-
ysis. In addition, RFID badges allow the investigation of new research questions that have 
previously not been easy to study in a quantitative manner, specifically in field settings and 
when the object of study is face-to-face interactions between large numbers of people that 
roam between different places. However, measurement with RFID badges is not free from 
errors: There are still human-related issues that harmed accurate data collection, specifi-
cally that study participants forgot to wear their badges at all times, they placed the badges 
at unfavourable spots on their bodies (e.g., on trouser pockets), or badges simply flipped 
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when people moved and therefore did not capture every face-to-face interaction. There are 
also technical difficulties related to the badges as Elmer et al. (2019) report, namely that 
a significant number of face-to-face contacts are not captured by the sociometric badges. 
False positives (i.e., RFID measurement of contacts that did not actually take place) are 
not a problem with RFID badges. To make up for “lost” contacts and to increase measure-
ment validity, Elmer and colleagues recommend the use of aggregated face-to-face contact 
duration, as we did in this study. As the badges fail to capture face-to-face contact data 
perfectly and we probably missed a significant amount of time researchers spent in face-
to-face contacts, we conclude that it is more likely that our analysis results underestimate 
the importance of face-to-face contact for the initiation of collaboration intentions and the 
integration of newcomers than overestimating them. Nevertheless, in future studies, a com-
bination of different forms of measurement of face-to-face interaction could be a helpful 
improvement to increase validity.

The role of reciprocity and transitivity as network‑driven selection patterns 
for the initiation of new research collaborations

Reciprocity and transitivity are essential network-driven selection patterns that were previ-
ously found to explain the building of relationships in many other contexts. Our results 
show that this is also the case for building new collaboration intentions among researchers. 
The reciprocity effect in this study can be understood as a convergence in dyads’ shared 
understanding that a collaboration would be worthwhile to establish between a researcher 
who had not been aware that there was a shared research interest and a researcher who was 
already aware of the shared research interest because they remembered some kind of previ-
ous collaboration. An interesting finding is that the reciprocity effect is not positive in all 
workshops (see Appendix 3), meaning that in some workshops there is an opposite effect, 
and researchers tended to specifically not reciprocate one-sided previous collaborations. It 
is unclear why this is the case as these workshops seem not to differ from other workshops. 
However, a similar question has been discussed regarding unreciprocated friendships in 
adolescents. This discussion, unfortunately, has led to inconclusive results and no satisfy-
ing answer as well: Although an obvious explanation is that the not reciprocating person 
has a higher status in a social network and more opportunities for friendships – or in our 
case collaborations – outside of the investigated social network that would allow this per-
son to be more selective, empirical evidence suggests that this is not the case (cf. Block, 
2015). Consequently, we assume that we have found a similar phenomenon in our data that 
requires more research on the nature of reciprocity in social networks in general.

In addition, it seems noteworthy that differences in where researchers set their threshold 
of what counts as a collaboration may have added some noise to the data as they quite often 
disagreed whether there had been a previous collaboration between a given dyad before 
the workshop. We tried to counteract this problem by defining “collaboration” on the ques-
tionnaires but still some participants may have thought of formal collaborations in a joint 
project or intensive work on shared publication only, while others may also have included 
informal collaboration such as previous discussions about a topic of interest or shared co-
authorships on papers with a large number of co-authors that did not work closely together. 
In social network terms, some researchers may have interpreted the question as asking for 
weak ties and others as asking for strong ties (Granovetter, 1973). We, therefore, assume 

173



 J. Eberle et al.

1 3

that the reciprocity effect in forming new collaboration intentions, which we found in the 
meta-analysis, may to some extent be moderated by researchers’ understanding of the term 
“collaboration”. Researchers with a more formalized understanding of collaboration, came 
to the conclusion during the workshop that a formalized collaboration (a strong tie) would 
be worthwhile to establish with a person with whom they only had informally collaborated 
before (i.e. recognized and discussed shared research interests).

The transitivity effect appears in all workshops as well as in the overall meta-analysis 
as a positive effect, pointing out the importance of initial contacts for the establishment of 
collaboration intentions with other researchers. This is in line with previous research (e.g., 
Baerveldt et al., 2010) and with social capital theory (Bourdieu, 1986) as we can conclude 
that researchers, who attend a scientific event where many of their previous collaboration 
partners are, have access to more opportunities for building new collaboration intentions 
than researchers who are not well connected when attending a scientific event.

The role of homophily, prestige, and experience regarding career level 
and disciplinary background as person‑driven selection patterns for the initiation 
of new research collaborations

Previous literature had found that homophily is a widely common person-driven selection 
pattern, but heterophily would be desirable for the selection of new potential collaboration 
partners in an interdisciplinary research field. We found no evidence for homophily based 
on career level and disciplinary background in this study, indicating that the onset of inter-
disciplinary and career-level spanning collaboration in the field of technology-enhanced 
learning works quite well from this perspective.

When looking at differences between PhD students and experienced researchers, how-
ever, our findings complement previous findings on researchers’ face-to-face contacts at 
conferences that showed different contact patterns for these groups (Atzmueller et  al., 
2012). Our assumption that PhD students might lack experience in how to select potential 
new collaboration partners and would behave differently in their selection behaviour, in 
contrast, was not confirmed. PhD students, consequently, seem not to need any specific 
support on how to identify potential new collaboration partners. What we found, however, 
was a prestige effect, favouring experienced researchers as potential collaboration partners. 
This finding may to some extent be explained by other researchers’ assumptions about PhD 
students’ limited availability for collaborations in the near future, e.g., because they and 
their resources are consumed by their PhD project and they cannot yet serve as Co-PIs on 
larger research projects. Increasing the visibility of their research at a scientific event, how-
ever, may be helpful, enabling others to more easily identify their potential for future col-
laboration based on their research, either with a more long-term perspective or for smaller 
collaborative projects such as joint special issues. In particular, PhD students who cannot 
benefit from transitivity effects of a mentor or other gatekeepers to the community may 
benefit from support measures that make other participants aware of them.

For disciplinary backgrounds, we found the opposite effect. No discipline was more 
prestigious than the other, but researchers seem to show different selection patterns for 
their future potential collaboration partners. In line with previous findings that showed 
that researchers with a background in Information Technology tend to be engaged in fewer 
face-to-face interactions during scientific events (Kibanov et  al., 2015), they also select 
fewer potential collaboration partners. In comparison to the career level prestige effect, this 
effect of disciplinary background is much higher. Exploring further disciplinary differences 
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and reasons for such differences seems worthwhile, especially as researchers with a back-
ground in Information Technology have been the main sample of most studies that looked 
at contact patterns during conferences and other disciplines have received less attention.

The effect of group awareness support on selection patterns in the initiation of new 
research collaborations

Based on previous findings that information about group members leads to more active 
forms of selection (Baerveldt et al., 2010), we had assumed that group awareness support 
influences how researchers select potential future collaboration partners. Our findings show 
no such effect for most of the previously described selection patterns except for one: The 
ego effect of disciplinary background, for which we found that researchers with a back-
ground in Information Technology select fewer potential future collaboration partners than 
social scientists. For the workshops that received group awareness support, the difference 
in the selection of new potential collaboration partners between participants with different 
disciplinary backgrounds disappeared. Looking at the intended mechanism of providing 
support for group awareness, namely, to help in perceiving and understanding informa-
tion about others that can then tacitly guide collaborative processes (Bodemer et al., 2018), 
this makes sense. By increasing researchers’ awareness of the other participants’ invisible 
attributes, researchers can adapt their behaviour in accordance with the new information 
and identify more persons’ potential for future collaboration. The other effects we found to 
drive researchers’ selection behaviour, in contrast, are less accessible on the cognitive level 
of an individual person. To change these patterns, other forms of support may be needed. 
For example, mentoring or tandem programs may be helpful to reduce disadvantages of 
participants with few prior contacts in the scientific community.

All this being said, our findings on the effect of group awareness support rely on a quite 
limited sample, contrasting only six groups per condition. Further replicative studies are 
necessary to validate our findings of group awareness support on the community level. The 
findings, though, are in line with subjective positive assessment of a group awareness tool 
for conference participants (Windhager et al., 2014; Zenk et al., 2014). It seems, therefore, 
worthwhile to further develop and investigate the mechanisms of group awareness tools 
to support not only small group collaboration but also to foster the identification for col-
laboration potential within scientific communities. It seems especially relevant to continue 
to consider the question regarding what information should be shown to participants as we 
can assume that the available information will have an impact on what selection patterns 
are emphasized. Specific recommendations of relevant researchers based on previous pub-
lications as suggested by Alshareef et al., (2018) may support homophilous selection. Spe-
cific recommendations based on current research interests as implemented by Windhager 
et al., (2014) may, in contrast, allow for more diverse selection and be especially helpful 
to participants with a very clear focus on what future collaboration they want to pursue. 
Very broad information, such as used in the present study, may also allow for diverse and 
focused selection and also help spur situational interest in specific persons while browsing 
their profiles, but be less helpful in settings with a very large number of participants as 
browsing so many profiles is time consuming. So far, this can only be speculated upon and 
needs further research.

175



 J. Eberle et al.

1 3

Limitations of the study

In addition to previously discussed limitations, it is likely that this study suffers from the 
common problem that some relevant variables have not been taken in to account. Espe-
cially the amount of unexplained variance between the workshops indicates that, indeed, 
some relevant aspects have not been included. This may include variables related to per-
sonality, e.g. extraversion of researchers may be relevant, prestige of certain workgroups, 
or workshop design, which may allow for more or less interaction and insights about the 
other participants. To understand the role of these variables demands further investigation 
that was beyond the scope of the current study.

Due to the study’s design, we also need to be careful with causal interpretations. Most 
of the investigated effects and variables were not experimentally induced but either resulted 
from the measured social networks (reciprocity and transitivity) or were of quasi-exper-
imental nature and given by the nature of the participants or their behaviour during the 
workshops (career level, disciplinary background, and face-to-face contact duration). 
Consequently, we cannot be sure whether these variables actually caused the initiation of 
future collaboration intentions. Group awareness support was the only experimental var-
ied variable, being qualified to be causally interpreted with the given limitations discussed 
previously.

Finally, as we aimed at understanding the onset of scientific collaborations, looking only 
at the identified potential future collaborations is a big limitation. In a next step, data that 
indicates if the identified potential was actually put into practice needs to be looked at. In 
addition, we did not take into account what role social media may have played for the ini-
tiation of new collaborations among researchers in this study. As the use of social media 
has increased in the last couple of years, it may not only be relevant for the initiation of 
distant collaborations but also affect the initiation of research collaborations at face-to-face 
events, pointing at a need for replication of our findings with specific focus on the role of 
social media.

Conclusion and future research

In this paper, we explored factors that influence the onset of scientific collaborations at two 
scientific events for research on technology-enhanced learning. We aimed at understand-
ing how scientific communities can support their members in finding new collaboration 
partners and in that way including newcomers to the scientific community. In addition, we 
found that the overall duration of face-to-face contact during the scientific event is highly 
predictive for establishing potential for future collaborations. Important mechanisms are 
transitivity and reciprocity as they shape researchers’ selection patterns. Both basically 
rely on the benefits of a previously existing network before attending a scientific event. We 
found differences between subgroups of participants, specifically that PhD students are less 
prestigious future collaboration partners than experienced researchers and that researchers 
with a background in Information Technology select fewer future collaboration partners. 
However, we found no homophily effects on career level or disciplinary background. This 
finding indicates that subgroups of scientific communities may benefit from different types 
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of support during scientific events. Group awareness support was experimentally varied 
in this study and we found that researchers with a background in Information Technology 
changed their selection patterns and identified more potential future collaboration partners 
with the support than without. In addition, this study gives a first example of how using 
RFID badges to measure face-to-face interactions can be used to investigate “collaboration 
in the wild” and provide new types of data for research on collaborative learning.

These findings show a need for further research in several directions. On the one hand, 
a more detailed investigation of face-to-face interaction time during scientific events may 
be fruitful as face-to-face interaction in formal or informal settings of a scientific event 
may have different effects. On the other hand, it seems worthwhile to further explore 
how and to what extent researchers realize their collaboration intentions, e.g., by looking 
at joint publications and other scientific artefacts co-created after the event. Of specific 
interest for understanding the realization of collaboration intentions may be the role of 
researchers’ early face-to-face interaction patterns during the scientific event, the role of 
technologies for maintaining longstanding collaborations after the event (e.g. social net-
working tools), and the identification of potentially different types of research collabora-
tions that could be followed up in more longitudinal studies. Also, further basic research 
on additional factors influencing the onset of collaboration is needed, such as factors that 
explain when people will not be successful in initiating new collaborations and what role 
researchers’ personality plays in this process. Another rather practical research direction 
within and beyond the CSCL community is the question how digital and hybrid envi-
ronments for scientific events can be designed to allow for “face-to-face-like” interaction 
between participants as well as for interactions that allow the powerful transitivity effects 
to happen. Also unique benefits of digital and hybrid environments need to be explored 
that can even improve interaction during (partially) technology mediated scientific events, 
such as sophisticated group awareness tools.

Notes

1. For more information on KALEIDOSCOPE see here: https:// cordis. europa. eu/ proje ct/ 
rcn/ 71192_ en. html

2. For more information on STELLAR see here: https:// cordis. europa. eu/ proje ct/ rcn/ 
89455_ en. html

3. Alpine Rendez-Vous 2011’s outcome is the book Grand Challenges in Technology 
Enhanced Learning (Fischer et al., 2014); The outcome of the Alpine Rendez-Vous 
2013 is Grand Challenge Problems in Technology-Enhanced Learning II: MOOCs and 
Beyond (Eberle et al., 2016).

4. For more information about the Alpine Rendez-Vous 2011, please see here: http:// web. 
archi ve. org/ web/ 20110 51310 5838/ http:// www. stell arnet. eu: 80/ progr amme/ wp3/ rendez- 
vous

5. For more information about the Alpine Rendez-Vous 2013, please see here: http:// web. 
archi ve. org/ web/ 20141 02200 2451/ https:// metah. imag. fr/ alpine- rendez- vous/ home/? 
lang= fr
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Appendix 1 

Appendix 2

See Table 6

Table 5  Descriptive statistics for face-to-face contacts

Workshops are labelled from “I-1” to “II-10” with “I” referring to workshops at the Alpine Rendez-Vous 
2011 and “II” referring to workshops at the Alpine Rendez-Vous 2013. Within the events, workshops were 
randomly numbered from 1 to 8 and 1 to 10, respectively
*Average degree within a workshop is computed as number of observed face-to-face contacts between 
individual participants within a workshop. Density of the workshops’ face-to-face contact network is com-
puted as the ratio of observed relations to possible relations in the workshop. Average clustering of each 
workshop indicates whether the participants of a workshop were all evenly connected or rather split in sub-
groups; **For these workshops, RSiena analyses did not converge. Consequently, these workshops were not 
included in the meta-analyses

workshop N average 
degree*

density* average 
clustering*

mean duration 
(in min)

median duration 
(in min)

maximum 
duration
(in min)

Control Condition
I-1** 15 8.93 0.638 0.762 6.92 2.33 76.33
I-3 17 5.18 0.324 0.439 6.22 1.67 80.00
I-4 24 6.48 0.324 0.529 5.65 1.67 41.00
I-6** 17 6.25 0.417 0.513 2.70 1.00 21.00
I-7 21 8.10 0.426 0.482 6.63 2.33 86.00
II-2 21 10.19 0.510 0.695 17.65 3.33 198.00
II-4** 10 5.20 0.578 0.715 14.50 2.67 73.00
II-6 22 14.00 0.667 0.753 9.35 2.67 193.00
II-8 17 12.35 0.772 0.880 13.37 5.67 167.67
II-10** 9 6.00 0.750 0.852 13.75 4.00 118.67
Overall Mean 17.3 8.27 0.541 0.662 9.87 2.73 106.47
Experimental Condition
I-2 23 7.09 0.338 0.553 28.37 2.33 265.00
I-5** 13 4.18 0.418 0.717 4.80 2.00 21.67
I-8 25 7.92 0.344 0.511 3.80 1.33 25.67
II-1** 17 12.71 0.794 0.828 15.73 5.00 113.33
II-3 18 14.35 0.897 0.911 21.07 7.83 149.00
II-5 16 10.67 0.762 0.793 13.53 4.00 171.33
II-7 19 11.22 0.660 0.781 10.18 2.00 198.67
II-9 17 12.50 0.833 0.847 6.82 2.00 74.67
Overall Mean 18.5 10.08 0.631 0.743 13.03 3.32 127.42
All Workshops
Mean 17.8 9.07 0.581 0.698 11.28 2.98 115.78
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Appendix 3
See Fig. 4.
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