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ABSTRACT
Proper research data management facilitates collaboration and promotes research 
progress through the synergetic process of publishing and reusing research data. 
Despite these advantages, extant literature reveals that researchers often struggle 
to manage their research data. In this article, we investigate the relation between 
research data management practices and collaboration in a context that was made 
to spark or intensify collaboration—a European Universities alliance. We conducted 
39 semi-structured interviews addressing the whole research data lifecycle 
predominantly with researchers, but also support staff, from six universities that were 
or were shortly to become part of a European Universities alliance. Our findings show 
that researchers’ practices affect their collaboration in various ways. For example, we 
find that sharing data within research teams constitutes an obstacle to collaboration 
due to international differences and technical impediments. Publishing data openly is 
also associated with certain reservations, such as a lack of knowledge. Furthermore, 
doubts toward existing data hinder researchers from reusing other researchers’ data. 
International higher education alliances such as European Universities alliance should 
keep these impediments in mind and offer solutions which foster collaboration.
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INTRODUCTION
Research data management (RDM) increases the success prospects of research projects (Briney, 
2015; Kanza and Knight, 2022) and is essential for fruitful research collaborations (Borgman, 
Wallis and Mayernik, 2012; Zuiderwijk, Türk and Brazier, 2024). Recognizing these advantages, 
the European Commission advocates responsible RDM in line with the FAIR principles (being 
findable, accessible, interoperable, and reusable; Wilkinson et al., 2016), data deposition in 
repositories, as well as measures that advance RDM skills as part of its Open Science policy 
(European Commission, n.d.). What is more, the European Commission and many other 
funding bodies have made good RDM a requirement for obtaining funding (forschungsdaten.
info, 2023). Turning to the education sector, another priority of the European Commission is 
European Universities alliance established as part of the European Universities initiative, a key 
element of the European strategy for universities (European Commission Directorate-General 
for Education, Youth, Sport and Culture, 2024). As a result of its fifth call, 64 alliances involving 
higher education institutions in 35 European countries are, at the time of writing, forwarding 
international research collaborations, developing joint strategies, and creating seamless 
mobility offers for diverse status groups (ibid).

Extant literature addresses challenges regarding RDM in consortia, collaborative projects, and 
partnerships (Bishop et al., 2020; Jäckel and Lehmann, 2023; Mittal et al., 2023) but has not 
shed light on European Universities alliance yet. In contrast, there is much literature on RDM 
needs along the research data lifecycle, which underlines the topic’s relevance. Scholars have 
discovered needs in the planning phase (Bellgard et al., 2023; Lefebvre, Bakhtiari and Spruit, 
2020), the collection phase (Chen and Wu, 2017; Gownaris et al., 2022), the processing phase 
(Anderson et al., 2007; Bishop et al., 2020), the analysis phase (Anderson et al., 2007; Borghi 
and Van Gulick, 2021), the sharing and publishing phase (Tenopir et al., 2020; Syn and Kim, 
2022), the preserving phase (Anderson et al., 2007; Donaldson and Koepke, 2022), as well as 
the reusing phase (Gownaris et al., 2022; Mathiak et al., 2023). To our knowledge, processing, 
publishing, and reusing are best researched, while the beginning of the research data lifecycle 
seems especially underrepresented.

Our study addresses the following research question: how do the RDM practices of researchers 
at universities, having just joined a European Universities alliance, affect these researchers’ 
future research or RDM-related collaborations? We answer this question by examining 
researchers’ needs across the research data lifecycle. Our study illuminates a wide range of 
RDM practices and differential starting points for collaboration across the universities, which 
provides an overview of the potential complexities for institutions considering joining an 
international higher education network such as a European Universities alliance. Furthermore, 
our study is beneficial for the European Commission, European University alliances, as well as 
members of the studied alliance, as they can build on our findings to improve current processes 
and infrastructure. Besides, our study extends and deepens existing knowledge on researchers’ 
RDM practices and needs across the research data lifecycle. We heed Perrier et al.’s (2017) call 
to study the full research data lifecycle and thus shed light on its less-researched stages.

In the following sections, we will look at the importance of RDM for collaboration and give a 
brief overview of RDM needs across the research data lifecycle.

LITERATURE OVERVIEW
Collaboration is associated with certain RDM-related obstacles for partners in a consortium, 
which Schmitt and Burchinal (2011) summarize as a double challenge consisting of RDM 
coordination and ensuring data integrity. In addition to general obstacles to RDM, such as 
lack of time and resources, incentives, institutional support, or training (Borghi and Van Gulick, 
2021), challenges can arise across the whole research data lifecycle.

Good planning advances successful collaboration (Mittal et al., 2023). According to Lefebvre, 
Bakhtiari and Spruit (2020), however, RDM planning is still incipient. According to the authors, 
researchers invest little effort in the data management plan (DMP) and struggle to include 
consortial partners’ information. Collaborators may need to formulate DMPs in more detail to 
capture each one’s approach (Jäckel and Lehmann, 2023). What is more, some researchers 
do not seem to take DMPs seriously enough (Bellgard et al., 2023), which may bear the risk of 
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conflicts, miscommunication, and a lack of accountability in collaborations. In terms of data 
collection, researchers often have institution-specific standard collection procedures, which 
may be difficult to adapt for different collaborations (Schmitt and Burchinal, 2011). Chen and 
Wu (2017), in turn, find that researchers lack methods and standards for collecting data, which 
may diminish their potential for successful contributions in collaborations. Furthermore, it is 
important to define a common vocabulary so that the partners generate comparable data 
(Urbano and Cagnacci, 2021).

In the processing phase, challenges arise based on integrating numerous data types collected 
in collaborative projects, data protection and security issues, as well as discrepancies between 
institutional and consortial processing workflows, policies, and regulations (Bishop et al., 2020; 
Mittal et al., 2023; Schmitt and Burchinal, 2011). Many studies imply improvable data processing 
preconditions for collaboration. For example, biomedical researchers and psychologists struggle 
with organizing their data, which is aggravated by a lack of standards (Anderson et al., 2007; Borghi 
and Van Gulick, 2021; Syn and Kim, 2022). Moreover, storage is a complex task in collaborative 
projects on which researchers lack clarity (Bishop et al., 2020). Researchers also use unfavorable 
storage options like personal computers (Chen and Wu, 2017; Tenopir et al., 2020), while Reichmann 
et al. (2021) advocate for more investments in improving institutional storage services. In the data 
analysis phase, literature identifies a lack of standardized analysis approaches and institutional 
support, as well as special software needs as critical (Anderson et al., 2007; Mittal et al., 2023).

Sharing data is a crucial element of collaboration, and publishing data may spark new ones. 
According to Mittal et al. (2023), sharing data with collaborators requires additional effort to fulfill 
data protection requirements, especially in the case of sensitive data. The authors postulate 
that a lack of quality control and time decrease sharing even in the case of a central sharing 
infrastructure. Insufficient metadata may decrease the data’s usefulness for others (Mittal et 
al., 2023; Syn and Kim, 2022). Moreover, a lack of time or rights is another barrier to publishing 
data (Tenopir et al., 2020) and Mittal et al. (2023) acknowledge that publishing data is still not a 
standard procedure, as some researchers lack motivation and choosing the repository may be 
challenging.

Archiving data enhances integrity and reproducibility as a foundation for collaboration. However, 
researchers are concerned about the long-term availability and stability of their data (Donaldson 
and Koepke, 2022); they are dissatisfied with available solutions and lack training and assistance 
(Tenopir et al., 2020). Reusing data published by other researchers fosters a collaborative culture, 
may spark new partnerships, and saves resources, but findability issues, lack of metadata, and 
worries about data quality impede reuse (Gownaris et al., 2022; Mathiak et al., 2023). Kim and 
Yoon (2017) find significant effects of repository availability, perceived usefulness, perceived 
concern, as well as the availability of internal resources on researchers’ data reuse intention.

METHOD
In this section, we describe our data collection and analysis process. Following extant studies 
using interviews (Bishop et al., 2020; Zuiderwijk, Türk and Brazier, 2024), we designed our study 
as qualitative to be able to get in-depth insights. Our sample consists of researchers and support 
staff working at six universities in six countries (see Appendix 1). Five universities were members of 
the European Reform University Alliance (https://erua-eui.eu) in its first funding phase (meaning 
that this alliance was new), one university was not a member of this alliance yet at the time of 
data collection but became a member in the alliance’s second funding phase (starting shortly after 
data collection). Even though it was not an official member yet, the sixth university had expressed 
interest in Open Science and openness toward participation in activities in the time before it became 
a member, so we deemed it reasonable to include this university. None of the universities had 
been a member of another European Universities alliance before. According to the guidelines of the 
University of Konstanz, an ethics vote did not need to be obtained for the study.

We recruited our sample with the help of our board member colleagues at the partner 
universities. Our sampling was purposive, as we were looking for researchers with different 
academic backgrounds and experience levels, as well as support staff (e.g., research data 
managers, librarians). In total, we conducted 39 interviews with 40 informants (one interview 
was conducted with two informants; see Appendix 2). Among these informants, 31 were 
researchers and nine were support staff. The average length of an interview was 43 minutes 

https://erua-eui.eu
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and 45% of our informants were female. Thirty-one interviews were conducted on-site at 
the respective universities, while seven were conducted online, and one was conducted in a 
written way. Two researchers, who were thoroughly briefed, assisted the principal investigator 
in collecting the data. All on-site and online interviews were recorded with a voice recorder 
and transcribed verbatim. Subsequently, all interviews were depersonalized by substituting 
informants’ names with pseudonyms or removing project-specific paragraphs.

Our interviews were of a structured nature with two separate but similar guides for researchers 
and support staff (see Appendix 3). The interviews with researchers started with the latter’s 
general understanding of RDM, followed by the main part, which comprised questions related to 
all research data lifecycle phases. A picture of the research data lifecycle served as visual support. 
In each phase, the first question related to actual practices, while the second question addressed 
needs. At the end, the interviewer asked about critical situations with regard to research data. 
The interviews with support staff included questions on their involvement and the support they 
give researchers in each lifecycle phase. We asked which opportunities and threats they see and 
which RDM elements they identify as critical. The interviews with support staff included questions 
on the communication with researchers and the infrastructure at their institution, too.

We analyzed the data using QDA Miner. We defined our codes during analysis and derived them 
from the data (Hsieh and Shannon, 2005), using the lifecycle phases as overarching categories. 
The process resembles Sendra, Late and Kumpulainen’s (2025) work, but with more codes in 
total. The first author coded all interview transcripts. To ensure reliability and transparency, 
the coding was independently reviewed by the second author, and any discrepancies were 
discussed until consensus was reached. Besides the codes included in the findings, topics such 
as managing expectations and differences between generations and disciplines emerged. 
Next, we present our results regarding the question of how well-prepared researchers newly 
working in a European Universities alliance are for future collaborations.

FINDINGS
PLANNING PHASE

In the planning phase, we identify three blocks of needs for collaborating successfully: more 
awareness, DMPs, and planning other lifecycle phases.

In order for RDM to initiate or support collaboration from the beginning, it needs to be planned 
thoroughly. Our data show that researchers are sometimes not aware of that. For example, for 
Victor (assistant professor, information sciences), RDM ‘starts from the point that we gather 
data.’ He admits later on, ‘actually, yes, you are right. I tend to forget the planning phase.’ 
William (postdoc, social sciences) reckons, ‘it’s such a counterintuitive field. Because you’re 
looking at your own practice sort of from a side perspective. You don’t think about this stuff 
when you’re planning research.’ Additionally, some researchers plan projects to avoid RDM by 
eschewing funding. Opening up a contrast between old and new European Union members, 
Elizabeth (professor, political science) states, ‘Central Europe works slightly different than all 
the old EU. And we can manage research very frequently without funding, based, for example, 
on the relations with other institutions and colleagues at other universities.’

Another aspect reflecting a lack of awareness in collaborative projects is the missing role 
allocation. William (postdoc, social sciences) laments that RDM responsibility is assigned to the 
project coordinator who may not primarily identify with this role:

When you do have these collaborative projects and you are actually trying to 
coordinate them …, the management capacity for this data dimension of the project, 
it’s just integrated into the coordinator role completely or almost completely. 
We have this advisory function, but there’s not a separate person who has that 
responsibility. … So in that sense, I mean, there would be some good dynamics in 
separating those roles.

Another big issue in the planning phase is DMPs. Some researchers are unfamiliar with 
them, such as Caroline (doctoral candidate, humanities), who has heard of DMPs, but has no 
experience with them due to a lack of cooperation in project consortia:
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We’ve never actually planned the data management per se. So we never planned 
how would we store the data, how would we share the data. … I do believe that in 
Horizon 2020 such a plan is done. But it was probably made by the leaders and as we 
are not the leaders, we just follow what they say to us.

This raises the question of whether the answers given by the leaders really suit all partner 
institutions. A hierarchical approach is unlikely to contribute to sustainable RDM practices and 
may generate confusion, which may impede collaboration. Others see DMPs as a burden. 
Nicolas (professor, law) admits, ‘we usually do copy and paste. … We treat it like a tiresome 
necessity.’ In the same vein, Charles (assistant professor, economics) remembers,

The first encounter was that it’s a lot of bureaucracy. … So, I still don’t really know 
what it [DMP] is, to be honest. I know I have some boxes to tick and stuff to say. And 
I mean, I understand that it’s basically making sure that the data is stored properly, 
but the properly is probably a bit vague.

Moreover, Oscar (associate professor, humanities) identifies the problem that researchers and 
support staff often misunderstand each other when writing DMPs:

What I find interesting with the law expert is that they can be very picky, but they are 
able to adapt or to interpret the law according to the situation. And what I encounter 
in the data advisor is that it’s very difficult for them to adapt their protocol to the 
scientific needs or the researcher’s needs. It’s the same with engineers who develop 
tools for researchers. They don’t communicate in the same words, they don’t have 
the same language.

Planning other phases of the research data lifecycle emerged as important as well. For 
example, planning data analysis seems especially relevant in international project consortia. In 
Christina’s (professor, engineering) opinion:

This has to be done from the proposal phase because after you get the project, it’s 
impossible to start, you know, fighting. This is my data, no, this is your data or you do 
the analysis of ten cities, when you know, I have only the budget, you know, to do one 
or two cities. So data management is really critical for the success of the projects.

COLLECTION PHASE

Data protection issues are carried over from the planning phase into the data collection phase, 
where they must be resolved in practice to kick off a successful collaborative collection. Also, 
existing data sources represent a challenge.

Lucy (assistant professor, humanities) exemplifies a lack of concern with ethical and legal issues. 
When asked how she dealt with data protection in her interview study, she replied, ‘you mean if 
I had to ask the people to sign a paper? No. … Maybe because some of these people are people 
I know. And because they were willing to help me. And I never thought of something to ask.’ All 
other informants are familiar with obtaining consent but often struggle with how to handle it. 
Oliver (professor, humanities) sees a conflict between respecting privacy and funders’ demands:

If I interview a 19-year-old and, okay, this person is very young and I got her consent, 
but I’m not fully, you know, sure that she’s aware of all possible consequences. … 
We need to be very, you know, protective about people, but at the same time, I think 
that in the past, mostly the answer was, okay, we won’t publish it because, you know, 
it’s safer this way. But, you know, in terms of science or public funding, it’s not the 
perfect answer.

Louise (support staff, cross-disciplinary) underlines this need:

There are a lot of questions with regard to consent forms. That’s developing consent 
forms. It’s more a GDPR [General Data Protection Regulation] issue. So it’s not so 
much that I’m involved in that, but I can see that, their cases. And I discussed that 
yesterday as well when I gave a course at [university] on those consent forms. If the 
consent forms are five pages, even the researchers who get that to contribute to a 
specific project say ‘no, I don’t want to participate.’
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Oscar (associate professor, humanities) laments that the process of obtaining consent is 
restrictive and may, in the case of doing research across borders, prolong the research process:

For simply interviewing people from organizations, we had to fill different forms that 
were validated through different commissions. It took months just to do a simple 
interview. So these ethical aspects are probably very necessary in certain aspects, but 
in certain projects, research, it’s just, I would say, useless.

When it comes to existing data sources, cooperation could help. For instance, for collecting 
media articles, David (professor, humanities) would like to have ‘an overview of the types of 
databases that I could access. Because it seems we have a rather limited access to international 
databases from my university.’ Monica’s (support staff, cross-disciplinary) idea for improvement 
is collaborative and involves ‘some sort of database that could tell new researchers who has 
already access to the databases they want to get access to’, as ‘it would be nice for them also 
to be able to contact other researchers using the same databases.’

PROCESSING AND ANALYZING PHASE

In the processing and analyzing phase, in addition to data protection, storage and organization 
emerged as the main areas in which researchers have needs to be able to collaborate 
successfully. The infrastructure for data storage represents one of the biggest needs.

Christina (professor, engineering) and her collaborators are worried about data security:

We are now having the data usually in the cloud of our university. But this is also 
a big discussion among, you know, different partners. Where should the data be 
stored? Is it safe to have it only in the cloud, or is it safe to have it in the servers of 
the university? What will happen if, you know, something, you know, an attack, for 
example, a cyberattack happened?

She also identifies a possible reason for researchers’ preference for their own infrastructure: 
‘The problem that we have with the funding of the European projects as well as the national 
projects is that they do not pay for cloud services.’ Besides, insufficient institutional support leads 
researchers in our sample to set up their own storage facilities, like Benjamin (professor, biology):

I don’t know how IT understands itself but they are very busy with the general 
infrastructure. … So we actually bought two servers for my lab. … And we also have 
them in our own room basically (laughs) because putting them into their server 
room, which would make sure they are climate controlled, that they have, whatever, 
emergency electricity and so on, was also not without hick-ups.

David (professor, humanities) expresses the need for more funding of the humanities and 
social sciences. He advocates:

Some sort of capacity building to store data and to collect large numbers of data 
which is becoming, I mean which is becoming, at least in the digital humanities, 
more and more the way to go. … At least in my country, the humanities and social 
sciences are less funded basically because we don’t need equipment. I mean, we’re 
supposed to basically do our research with this (points to laptop), this is even too 
sophisticated. This should be a pencil, right? And then some deep thought. … Pencil, 
deep thought and perhaps chocolate.

Another critical element of the processing phase is depersonalization for safe collaboration. 
Oliver (professor, humanities) reckons that interdisciplinary experience exchange might help:

Anonymizing data is a challenge. I think that it’s not always possible, but I can 
assume that people with some experience from other disciplines, maybe they have, 
you know, some new ideas how to do it, some clever tricks, and to do it transparently, 
ethically, but also, you know, to make those data usable.

Cross-country differences play a role in data protection efforts in international consortia as well, 
which may be, according to William (postdoc, social sciences), related to national differences 
in trust levels:
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One of our participants is from Hungary and, you know, there’s a lot of difference 
across Europe. … We sign the things, but that’s mainly because it’s legal, right. 
Consent forms, you have to do it. And of course there is some kind of respect that 
you don’t cite people in ways that could get them in trouble or whatever, but it’s 
not a big problem to work with public sectors. But in Hungary it’s something quite, 
quite different. I mean, they are expecting that they will probably have requests for 
anonymization and depersonalization at a level where the data really begins.

Furthermore, researchers working alone are struggling with organizing their data, especially in 
the case of large qualitative data. Hannah (postdoc, social sciences) is completely overwhelmed 
and would appreciate sharing experiences:

I’m realizing that I have so much data. So perhaps I could have had a better way 
of organizing already in the collect and capture phase because I was kind of relying 
on the methods that I was using before. And I can just see now, you know, my 
overview. I’m lost in data, basically. So yeah, well, what I’ve needed, I’m not sure. But 
perhaps, you know, just a collection of inspiration. How do other people work with 
ethnographic fieldwork?

Gabrielle (assistant professor, information science) is worried about the lack of control over how 
collaborators process the data. She desires transparent procedures, as the process currently 
entails asking ‘how they will process the data … because you don’t know the systems they have, 
the policies they have, you don’t know what kind of people are working, are they specialized or 
not? Are they going to harm this data or not?’ Analyzing data collaboratively is another area 
researchers have needs in. Oliver (professor, humanities) had the following negative experience 
when using an analysis software: ‘A few people used the same program, I think it was MaxQDA. 
And we had some problems with, you know, using by the whole team the same document. And 
it didn’t always work the way we expected.’

Gabrielle (assistant professor, information sciences) also sees a need for an integrative tool 
regarding data protection issues, not just in the analysis phase, but also in earlier lifecycle 
phases. She laments differing national requirements and the corresponding coordination of 
partners:

In European projects, things are a bit complicated because there are a lot of partners 
from different countries with different backgrounds. I mean, now we have the 
General Data Protection Regulation, the GDPR, but this regulation somehow has been 
interpreted differently in various EU countries. So in some countries like Germany, 
there would be stricter requirements than any other EU country. So you have to 
orchestrate, let’s say, the partners that are responsible for the corresponding tools, 
let’s say, or for the processing, for the collection, for the storing, for the processing, 
for the analysis and so on.

SHARING PHASE

This paragraph will first illuminate practices regarding sharing research data with collaborators, 
followed by sharing data with the public. Sharing data with people from other (international) 
institutions constitutes a source of concern for researchers because of different national 
regulations, worries about data protection, and a need for convenient tools. Referring to a 
multi-country study, David (professor, humanities) reports, ‘the data files are so big that we 
don’t actually have very good ways of sending them. So, either we send our partners smaller 
files and then some data sharing is okay in my country, but then not okay in theirs.’ Kevin 
(postdoc, health sciences) is not completely happy with his team’s practice either:

We send each other download links, which is not very convenient. So yeah, having 
easier common cloud sharing possibilities would be much better. For internal people 
it works fine. But with external collaborators, it’s really, I would say, very old school.

Frank (professor, chemistry) disapproves of the multitude of sharing platforms:

The main other frustration that I have with data is that in this university and many 
of the at least the universities in my country use different types. I mean, we have all 
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these, like, cloud platforms, but it’s not easy to share outside of the university. So it 
would be really great if we would have like a, what’s it called, an Eduroam, uh, an edu 
cloud or whatever.

Kevin (postdoc, health sciences) emphasizes the importance of usability in light of data 
protection requirements:

I won’t download a tool to implement encryption and decryption and then think 
about how I can share data with collaborators somewhere else who need to analyze 
part of the data and so on. And this is something, quite frankly, if this is not provided 
in an easy, accessible way, so one that has little extra work, then I won’t do it. It’s 
quite simple.

William (postdoc, social sciences) has witnessed a transformation over the past years, which 
requires adequate ways of sharing:

I suppose one thing that has changed a lot is the sharing of the raw data. Ten years 
ago, you would just put it up in some kind of shared cloud folder. Or it wasn’t even a 
cloud then, you know. Maybe a Google Drive or something. You would just put it up 
there and people would just access it, all partners. I was working in EU projects back 
then also. So I have witnessed a little bit of that transformation. You would just share 
it anyway you could really.

Some researchers already benefit from collaborations, which raises hopes that new 
collaborations within the scope of the European Universities alliance will prove valuable. When 
talking about where she learned about ways of sharing data in an international project, Belinda 
(assistant professor, psychology) admits: ‘My PI [principal investigator]. She is like a source of 
information, especially about these, like, more contemporary practices. Because here in my 
country, I don’t have a lot of resources for that.’

In terms of publishing, the main issues are a lack of knowledge, trust, and incentives, as well 
as licensing, insufficient metadata, and a diversification of infrastructures. Caroline (doctoral 
candidate, humanities) admits she lacks clarity in different areas of Open Science, including 
publishing data: ‘I’m really completely lost in these ways of making articles, data or other stuff 
open. I do believe that I need some time with someone who would be patient and … in an 
easily to understand way describe how to do it.’ Referring to the current societal and political 
climate, David (professor, humanities) is concerned that some data may, if published, entail 
negative consequences. In his opinion, ‘all the ideas of sharing data exist in a more apolitical 
space than research actually exists in and I think we’ll be existing for the foreseeable future 
and perhaps in an even more polarized environment.’ He raises the point that publishing certain 
data might endanger researchers:

Some types of data are becoming more and more controversial, which means people 
might access data, misunderstand it, misuse it, misrepresent it, and then blame you. 
So, to some extent, making our data available to citizen science is a good idea. But 
what about people out there whose sole job would be to, sort of, make researchers 
look stupid and basically make fake research, just like fake news.

On a national level, Stella (professor, social sciences) refers to a lack of trust: ‘We do not have a 
culture of sharing data with different researchers. And so I think this is the issue. And I think it’s really 
related to trust also because maybe we are afraid of somebody.’ Furthermore, William (postdoc, 
social sciences) alludes to the issue of different funding agencies having different requirements, as 
he views publishing data as an asset in obtaining funding by the European Commission. However, 
researchers can easily circumvent the requirements, reflecting a lack of incentives:

It’s a selling point when you’re doing the proposal. … The Commission has a very sort 
of culture-shaping role in European research. And then I guess some countries need 
the money more than others. So that effect is probably stronger in some countries 
than others. In my country, where people have ample access to other funding, 
there’s a little bit of a (snorts) dismissive attitude sometimes. But I do think, I mean, 
even if you compare it to national funding agencies, they are really raising the bar in 
terms of following contemporary standards of ethics and data management. … It’s 
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a little bit of a secret, but I’m a little bit of a fan of the European Commission in that 
sense. You shouldn’t say that too loud in my country because it’s really not a popular 
viewpoint (laughs).

In addition, two big areas of insecurities which hinder cooperation are licensing and metadata. 
Kim (support staff, cross-disciplinary) considers licensing ‘a big topic. People usually don’t 
know about it. And then sometimes they shy away because they don’t know. Once they see 
the options and get explained in simple language what everything means, then they are 
ready to go forward with it.’ Christina (professor, engineering) mentions interdepartmental 
misunderstandings which hinder the flow of information:

Data licensing, this would be extremely helpful. We do not have experts. We have 
IT experts who are supposed to know about data management. … I think also that 
we speak a different language. … We use the same notation, but it means totally 
(laughing) different things for them and for us.

In terms of metadata, Benjamin (professor, biology) laments some of his colleagues’ practices: 
‘You can literally make it accessible in a way that it is completely useless to the majority of 
people.’ He provides an example:

A GPS location, okay? It sounds trivial but it actually gives you access to satellite data 
and that gives you access to long-term climate, sunlight, whatever, temperature and 
so on. Alone from a precise location where the stuff was collected you get tons of 
data for free out of it associated with. … Incentivize it. You should show people what 
you can do with it if they provide it. … So that’s a pretty low bar. Usually, you kind of 
know what months and year you are in, too. So it’s two things that are really simple.

Beliefs about their data’s uselessness may hinder researchers’ collaboration, too. Working with 
social scientists, Louise (support staff, cross-disciplinary) has witnessed:

A narrative in the sense that other researchers will not be able to use my data 
because it’s in a specific context, specific period with specific people, and they won’t 
be able to transfer it just. And they can’t be FAIR because they’re sensitive or they’re 
personal, so we have a lot of information, providing information to do and that’s a 
long-term process, repeating and explaining.

Another issue hindering collaboration is the diversification of repositories instead of using 
existing ones. Referring to institutional repositories, Benjamin (professor, biology) reckons 
‘Nobody will know they exist.’ He encourages to ‘upload it to something that exists already and 
that allows you to cross-connect it. … The more there is common repositories for stuff, I think, 
the easier it will get for people to access it, too.’

ARCHIVING PHASE

Researchers’ needs in terms of archiving data are related to tools, data format, and 
maintenance. With regard to tools, Natalie (doctoral candidate, biology) has a plan for the 
long-term preservation of her physical samples, but less so for her digital data: ‘For all my 
physical material I have a good plan, but for the virtual, the digital, I am a bit more uncertain 
because I basically just can’t remember where I’m supposed to store it at the moment.’ Fiona 
(support staff, cross-disciplinary) considers sustainable solutions most critical:

Finding the long-term storage solutions. Especially we haven’t had that case yet, but 
if someone really collects big data, we would have to think how to do that. It’s not 
very efficient to have each time the same discussion and, you know, finding solutions 
for one particular researcher. We would have to come up with one idea.

Stella (professor, social sciences) is concerned about a lack of responsibility after the end of 
collaborative projects:

I feel it is very sad because I do not feel that we archived correctly our research data. 
We had some cloud and we shared some information on a cloud, but I am not sure 
what happens with this information after finishing the research project. And I think 
that the principal investigators do not feel responsibility for the issue of archiving 
data. If they didn’t have a direct obligation to do it from the institution of funding.
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Regarding the data format, updating the data continuously represents a need. Kim (support 
staff, cross-disciplinary) delineates:

making sure that in ten years’ time, you can still open them and use them. And not 
even the professors from the computer science department have an answer to that. 
So even they have a problem with ‘I tried opening this program that my PhD student 
did eight years ago but I can’t.’

REUSING PHASE

One reason which hinders collaboration in our alliance is that researchers are not reusing 
others’ research data because of worries about their quality. Kevin (postdoc, health sciences) 
has quite a determined standpoint against reusing data about which or about whose collectors 
he lacks knowledge:

If I don’t know the lab, if I don’t know the people, if I can’t ask anyone, I don’t think 
I would really use anonymous or data from other labs. … It’s not just the quality. It’s 
also, just to give a small example, often in a dataset, you know, in our field, it’s not 
that the instructions to the subject, for example, are that clean. So if you ask them, 
what did you tell them, and that can change the behavior of the subjects. Then 
there are small things. I mean, either they had breaks in between or they didn’t have 
breaks in between recordings that can cause fatigue and all these little details.

Stella (professor, social sciences) is ‘wondering about qualitative data. And probably it is more 
challenging to understand correctly existing qualitative data than quantitative. They are more 
complex.’ Oliver (professor, humanities) reports incentives for collecting instead of reusing 
data: ‘If you prepare your grant proposal, you can get money for new interviews.’ Elizabeth 
(professor, political science), in turn, would like a virtual research environment which supports 
preceding lifecycle phases, too, but she is not familiar with the term:

The most needed help from my perspective is to have a … space where I can store 
data, but at the same time I can get access to the data established by somebody 
else. … What I mean, I think that I would like to have a general system, you know like 
we have academia.edu or ResearchGate, for data. … So I have a secure place where I 
can upload my data. I can reuse them, being 100% sure that everything’s okay, and I 
can reuse somebody else’s data and provide my data to other people.

DISCUSSION AND RECOMMENDATIONS
In this section, we give recommendations on how RDM may encourage collaboration. Our paper 
addresses the research question of how the RDM practices and needs of researchers who work 
at new European Universities alliance member universities affect their future collaborations by 
providing insights on all research data lifecycle phases. Most researchers in our sample who 
already do collaborative research perceive it as fruitful in general. While many already engage 
in beneficial practices, they also have various needs which pertain to the individual (e.g., lack 
of knowledge), institutional (e.g., inadequate infrastructural support), national (e.g., perceived 
collective lack of trust), and consortial (e.g., lack of role allocation) levels. It is important to 
sharpen and define the kinds of collaboration our study is conducive to, as in our case, the first 
funding phase of the European Reform University Alliance primarily served to explore general 
possibilities of cooperation.

Many researchers in our sample consider RDM only partially an integral part of the research 
process (Bellgard et al., 2023). We confirm a disregard of planning and unequal contributions 
to DMPs reported by extant literature (Lefebvre, Bakhtiari and Spruit 2020). Structures like 
European Universities alliance should set up DMP meetings for collaborating researchers and 
encourage project-specific DMPs (Jäckel and Lehmann, 2023), as well as the usage of tools 
like ARGOS (https://argos.openaire.eu/home) or Data Stewardship Wizard (Pergl et al., 2019). 
This would enhance and simplify contribution by all partners. Our findings also convey the risk 
that researchers avoid DMPs by applying for specific funding and escape the radar if they do 
not have international partners. Collaborations, which are, in our case, sparked by the new 
membership in the European Universities alliance, may thus entail that more researchers 

https://argos.openaire.eu/home
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apply RDM. Clarity in DMPs may also solve the problem of dealing with inconsistencies in data 
protection regulations in many lifecycle stages by setting clear guidelines.

Another important topic which emerged from our data and which goes hand in hand with 
collaboration is exchange. Our data show that peer exchange can be powerful and possibly of 
higher value to researchers than help which comes solely from support staff. We encourage 
formats which foster experience exchange among collaborators, but also beyond—for 
instance, through an ambassador program (Kralj, Heber and Helmecke, 2025). Besides, not just 
researchers but also support staff of collaborating universities should exchange best practices. 
Furthermore, rather than possibly discrepant vocabulary between collaboration partners 
(Urbano and Cagnacci, 2021), our informants report intrainstitutional misunderstandings (e.g., 
between researchers and the IT department). Institutions should find ways to overcome this 
issue—for instance, by encouraging regular exchange and needs assessment.

Collaboration can hardly be enforced, but diligently, ethically, and soundly designed 
collaborative tools could, after clarifying potential licensing requirements, address the reported 
needs in integrating, storing, sharing, and jointly analyzing data while at the same time saving 
resources. Examples are research infrastructures or platforms like CLARIAH (https://clariah.
nl/), Coscine (https://about.coscine.de/en/), EOSC (https://open-science-cloud.ec.europa.eu/), 
or virtual research environments like openBIS (Plass et al., 2023). Collaboration should point 
researchers to adequate existing infrastructure or tools. From an institutional perspective, while 
university and/or government policies are a valuable framework, our study finds that they are 
yet to become an important influencing factor. Policies may regulate important parameters 
and thus provide a common basis on which collaboration can take place more effectively, 
which is why further research is needed on their specific effect on collaboration.

As to limitations, there may be a light bias in our sample, as members of support staff (mostly 
our board members) recruited the interviewees at our partner universities. There might possibly 
be cases in which the researchers who were contacted had already been in touch with our 
board members. We also have a slight majority of humanities and social sciences scholars, 
since those are the core fields of many European Reform University Alliance universities. As 
we only provide a temporal snapshot, longitudinal research is needed to study changes in 
practices and needs over time. Future research could also accompany and evaluate formats 
such as ambassador or mentoring programs.

CONCLUSION
To sum up, our study provides rich insights into how the RDM practices and needs of researchers 
from different disciplines and career levels who work at six universities in a European Universities 
alliance prepare them for future collaborations. We show that researchers have various needs 
and that many needs appear across the participating universities. Often, such RDM needs 
come in the way of successful research collaborations. Therefore, it is crucial to address these 
needs at the university, country, and European levels. Overall, RDM is a topic to which European 
Universities alliance can make a valuable contribution—for instance, by fostering formats of 
experience exchange on an alliance or even cross-alliance level.
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