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While the collective benefits of data sharing for science are clear, sharing data is not yet common practice in many 

research areas. Furthermore, there is scant knowledge on contexts and consequences of incentivising data sharing 

by funding agencies. Here, we built an abstract agent-based model to investigate the potential effect of funding 

selectivity and incentives for data sharing on the uptake of data sharing by academic teams which adapt 

strategically to resources. Our results suggest that more competitive funding schemes lead to higher rates of data 

sharing in the short run but lower uptake of data sharing in the long run than less selective funding. Attempts to 

reform systems of reward and recognition to foster Open Science practices should carefully consider the actual 

impact of measures and their potential long-term side effects. 

 

1. Introduction 

Sharing research data is considered beneficial to the community. It stimulates research 

reproducibility (Munafò et al., 2017), mitigates questionable research practices (Gopalakrishna 

et al., 2022), and can help to accelerate collective effort in response to unforeseen global events, 

such as during the COVID crisis (Tse et al., 2020). Articles which made their data available 

have been found to accrue more citations (Piwowar & Vision, 2013), and data sharing might 

lead to lower costs for accessing and using scientific data in the economy (Fell, 2019). Yet, data 

sharing is still not very common in many research areas (Serghiou et al., 2021).  

 

Funding agencies have started to increasingly mandate or incentivise data sharing for grant 

applications and research output. Tedersoo et al. (2021) recently called for clear incentives for 

data sharing by providing actual benefits for researchers sharing data in promotion or grant 

funding decisions. However, there is still little understanding of the interplay between funding 

incentives, funding selectivity, and various further contextual factors on the diffusion of data 

sharing practices. Given that empirical data are unavailable to study these dynamics, we built 

an abstract, agent-based model that examines data sharing and grant seeking among a 

population of research teams. We modelled an environment where a fictious funding agency 

would incentivise data sharing for grant decisions and simulated aggregate consequences in 

terms of rate of data sharing. Here, we report intermediate results by focusing on the effect of 

a funding agency’s level of selectivity on the uptake of data sharing among research teams 

which allocate their resources strategically.  

 

1.1. Background  

Policies for data sharing exist at multiple levels within the scientific system. Funding agencies 

increasingly encourage and sometimes mandate the sharing of primary research data (Gomes 

et al., 2022; Houtkoop et al., 2018). The European Commission is promoting FAIR (Findable, 



Accessible, Interoperable, Reusable) and Open Data in Horizon Europe, with explicit calls for 

research data management in compliance with the FAIR principles and to ensure access to 

research data following the principle of “as open as possible and as closed as necessary”1. At 

the level of journals and publishers, policies for data sharing are also becoming more common 

(Gomes et al., 2022; Vasilevsky et al., 2017). 

 

Despite the increase in policies promoting data sharing, actual rates of data sharing remain low. 

Serghiou et al. (2021) investigated various aspects of transparency related to scientific 

publishing within the biomedical literature, including data sharing. Across 2.75 million Open 

Access articles from PubMedCentral, they found an increase in the rate of articles sharing data, 

with an estimated 15% of articles published in 2020 sharing research data. Similar rates of data 

sharing have been reported by Hamilton et al. (2022), who further found compliance with key 

FAIR principles to be extremely low.  

 

However, low compliance with FAIR principles undermines the reusability of shared data. 

While journal policies mandating data sharing can increase rates of data sharing and enhance 

reusability (Hardwicke et al., 2018), offering authors to state that data were “available upon 

request” is often insufficient to ensure actual access to data (Tedersoo et al., 2021). In a study 

on all articles from Nature and Science between 2000 and 2019, Tedersoo et al. (2021) 

recommend data sharing to be associated with “real benefits such as recognition, or bonus 

points in grant and job applications”.  

 

Across countries and funding bodies, research funding is increasingly granted in the form of 

larger grants to fewer researchers, under the umbrella of “excellence” (Aagaard et al., 2020; 

Bloch & Sørensen, 2015). A systematic review of benefits and drawbacks of larger versus 

smaller grant sizes by Aagaard et al. (2020) found greater support for arguments in favour of 

smaller grants, related to aspects of efficiency, epistemology, and organisational aspects more 

broadly. Given that too small grants have been found to be inefficient as well, Aagaard and 

colleagues argue that the right “balance between concentration and dispersal” would depend on 

characteristics of scientific fields and national funding systems. In their model of the effect of 

Open Science interventions and differing funding schemes on rates of reproducibility, Smaldino 

et al. (2019) report that smaller grants are more effective at bringing about desired research 

practices. Since researchers depend on grants to survive academic competition, they would 

adhere more to the guidelines of funding agencies for small but repeated grants, whereas larger 

grants would lead to cumulative advantages (early success leading to later success), which could 

at least partly offset desired effects on research practices (Smaldino et al., 2019). 

 

2. Method 

To understand dynamics between incentives and selection standards of funding agencies, we 

built an abstract model that encapsulates the essential elements of grant allocation systems and 

scientific activities, inspired by previous models on the spread of poor methods (Higginson & 

Munafò, 2016; Smaldino & McElreath, 2016), and peer review dynamics (Bianchi et al., 2018). 

Our model consists of n = 100 academic teams that perform research and need grants. Teams 

are equipped with resources, which represent forms of capital such as available funds and 

previous publication success. Teams are initialised with a uniform distribution of resources, 

from low to high. Each round, teams receive a base-rate of resources, akin to the funding a PI 

 
1 https://research-and-innovation.ec.europa.eu/strategy/strategy-2020-2024/our-digital-future/open-science_en  

https://research-and-innovation.ec.europa.eu/strategy/strategy-2020-2024/our-digital-future/open-science_en


has for their own position. In addition, teams seek to acquire research funding from one funding 

agency.  

 

2.1. Funding allocation 

To acquire funding, teams produce proposals by using resources. The quality of proposals 

depends on their resources, but not linearly. This mimics the fact that great proposals can be 

written by resource-poor teams, but on average more resources (e.g., more funds, better 

publication track record, better skill) lead to better proposals. The strength of each teams’ 

proposal is drawn from a random normal distribution as follows: 

 

𝑛𝑜𝑟𝑚𝑎𝑙(𝜇, 𝜎), where 
𝑚𝑢 = (1 − sharing-incentive) ∗ normalised-resources + sharing-incentive

∗ sharing-effort 
𝜎 = 0.15 

 

The model has a sharing-incentive parameter set to 0.4 that reflects an exogenous rule which 

promotes data sharing among funded research teams. The normal distribution and its parameter 

sigma ensure that there is no perfect path dependency to avoid that some teams would always 

be funded while others would not. Team resources are normalised to a [0, 1] scale. Similarly, a 

sharing-effort parameter follows the inverse logit scale [0, 1]. Furthermore, submitting 

proposals is assumed to be a costly activity. We assume that teams lose 5% of their resources 

each round to prepare proposals.  

 

Based on the draws for their proposal strength, only top teams are eventually funded. The size 

of the total funding pool is twice as large as the base rate funding. Here, we vary the level of 

competition of the funding system, from a scenario where 10% of teams receiving large grants 

to a scenario where 60% of teams receive much smaller grants to mimic diverse funding 

schemes. 

 

2.2. Data sharing 

Teams are required to decide whether to share their research data. Teams are conceived as 

rational agents that face a competitive academic landscape. The probability of sharing data is 

determined in each round as follows: 

 

𝑏𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝑝), with 

𝑝 =
1

1 + exp (−sharing-effort)
 

 

Initial sharing-effort is sampled from a uniform distribution, with case (a) where there is a very 

low sharing effort, and case (b) where there is a of a uniform distribution across the scale of all 

potential efforts, thus mimicking a situation where there is an equal proportion of teams with 

low, moderate, and high sharing efforts. To adapt their sharing behaviour, teams compare 

resources between the current round (t1) with the previous round (t0).  

 

Teams increase their sharing effort if (a) they shared data at t0 and resources at t1 are higher, or 

(b) if they did not share data at t0 and resources are equal or lower at t1. Otherwise, teams 

decrease their sharing effort. 

 



Data sharing is understood as a costly activity. All teams have their resources reduced by up to 

10% of their baseline funds. The value 𝜗 subtracted from teams’ resources is calculated as 

follows: 

𝜗 = 0.1 ∗ baseline-funding ∗ inverse-sharing-effort 
 
where inverse-sharing-effort is the sharing-effort following a logit scale [0, 1]. This means if a 

team is investing a lot of effort into sharing data, their resources are reduced by 10% of their 

baseline funds. If a team does not invest any resources at all, no resources are subtracted. 

 

Each simulated condition was run 100 times, and results were analysed in R. Table 1 shows the 

initial model parameters. 

 

Table 1: Initial model parameters 

Parameter Initial value 

Number of teams 100 

Sharing-incentive 0.4 

Grant application penalty 0.05 

Initial resource distribution uniform 

𝜎  0.15 

Rate of third-party funding 

vs. base funding 
2 

Utility-change 0.03 

Maximum of initial effort 
Low initial sharing effort: -4 

Uniform initial sharing effort: 4 

 

3. Results 

We considered three outcomes: (a) the percentage of teams currently sharing data; (b) the Gini 

coefficient of the current resource distribution; and (c) the Gini coefficient of overall resources. 

Calculating the Gini coefficients allowed us to gauge the general emerging system dynamics in 

terms of funded teams, and possible path dependency in funding decisions. Our preliminary 

analysis here will be backed up by more specific analysis at the level of individual research 

teams that will be presented at the conference. 

 

We varied two input variables: (i) the share of teams receiving fundings, and (ii) the initial 

distribution of the sharing effort. Figure 1A shows that even without any exogenous variations 

of the incentives for data sharing from the fictious funding agency, sharing rate still greatly 

varied, depending on (i) the share of teams receiving funds, and (ii) the initial distribution of 

teams’ sharing effort.  

  



 

Figure 1: Effect of funding selectivity on rate of data sharing and resource distribution

 
 

When the initial sharing effort was uniform among teams, we assumed that the rate of data 

sharing started at 50%. When competitive selection for funds was high (only 10% of funded 

teams), data sharing declined to reach a stable equilibrium with only about 30% of teams 

sharing data. This would suggest that introducing sharing incentives in an academic 

environment where sharing is already quite common, but teams compete intensively for scarce 



funding opportunities, could lead to a decrease of data sharing. In less selective funding 

regimes, data sharing reached systematically higher levels, with up to 75% of teams sharing 

data. This is likely driven by the exposure of teams towards the funding agency: if more teams 

are funded, they are increasingly selected upon their data sharing practices, which in turn leads 

teams to increase their sharing effort. Inequalities in the resource distribution reached equilibria 

very quickly, reflecting the overall selective pressures set up by the fictious funding agency. 

When there is stronger competition for scarce funds, resources are distributed less equally at 

the system level. 

 

When considering low initial sharing efforts, our model generated interesting and more realistic 

dynamics about the uptake of data sharing. The uptake of data sharing was fastest under the 

most competitive funding with large grants (only 10% of teams receiving funds each round), 

whereas it was consecutively slower for less competitive schemes (Figure 1A, left panel). 

However, the uptake of data sharing tapered off quickly in contexts of stronger competition for 

funds and reached lower levels of overall sharing in the long run compared to a scenario with 

smaller but less competitive grants.  

 

In case of low initial sharing effort, dynamics related to the equity of resources as measured by 

Gini coefficients were markedly different. Although the general pattern of lower inequality with 

smaller grants was confirmed (Figure 1B left panel; Figure 1C left panel), its dynamics showed 

interesting outcomes, especially in the early stages of the simulation. More specifically, the 

Gini of total resources (Figure 1C) dropped substantially to never reach the levels of its 

counterpart of uniform sharing effort. This would suggest a higher turnover in terms of funded 

teams, and thus lower path-dependency. Therefore, this suggests that imposing policies to select 

teams partly based on their effort to share data could create multiple pathways towards success, 

where some teams would opt to share data while others would not. Our interpretation of this 

mechanism is only preliminary and will be backed up by a further analysis of individual level 

data. 

 

4. Discussion 

Our analysis tried to consider important dynamics between potential measures implemented by 

funding agencies to incentivise Open Science practices by academic teams, such as data 

sharing, an academic context where there is an existing uptake of these practices, and the 

selective pressure imposed by funding agencies upon funding competition. We found that more 

competitive funding schemes with larger grants lead to quicker uptake of data sharing but lower 

sharing in the long run, in particular when sharing is not common. In contrast, introducing 

incentives for data sharing in environments where data sharing is already common could 

decrease data sharing rates, if fund allocation is reasonably selective. 

 

Our conclusions add evidence to the larger discourse on benefits and drawbacks of selectivity 

of research funding (Aagaard et al., 2020) and align with the findings by Smaldino et al. (2019) 

on the effect of grant size on changing academic practices. Results suggest that smaller grant 

sizes would be in the long run more effective in diffusing good practices endorsed by funding 

agencies. Highly selective funding schemes might lead to quicker uptake, but data sharing 

would need further support or incentives to stabilise in the long run. Attempts to reform reward 

and recognition in terms of Open Science practices, as recommended by Tedersoo et al. (2021), 

should therefore be considered carefully both in terms of actual impact and their potential side 

effects. 

 



Of course, our results have various caveats. First, our results are only preliminary and require 

further analysis to be corroborated. Second, our results rely on a highly stylised simulation with 

certain necessarily simplified assumptions. For instance, our current analysis (a) does not 

include any networks between teams. In actual research fields, research teams are embedded in 

networks of collaboration and competition, which convey information about research and data 

sharing practices used to estimate others’ behaviour. Network embeddedness is key to draw 

inferences on the most successful strategies to adapt to the environment and reduce uncertainty. 

In addition (b), teams can observe funding requirements a priori, thus potentially adapting their 

strategies to ensure their own success in the long run. In our model, teams “learn” funding 

requirements post-hoc based on their own success. Relatedly (c), research teams usually can 

obtain funds from multiple sources and are not bound to either their baseline funds or a single 

funding agency. Furthermore (d), our model is not calibrated on any empirical data that would 

help us to estimate Open Science policies, team behaviour and potential network effects. Finally 

(e), we do not consider scaling effects regarding a team’s ability to share data. One might 

assume that research teams with more resources could more easily divert some of their own 

resources towards data sharing than smaller and/or less resourced teams. Our model currently 

does not consider such heterogeneous effects. 

  

Future iterations of the analysis will incorporate different network topologies, representing 

exemplary research fields to calibrate context-specific factors. We will analyse various settings 

for funding agencies’ incentives in more detail, also tracking individual teams’ success 

trajectories to ground our interpretation on more micro-level evidence. We aim to publish these 

analyses as an expanded preprint and present them at the conference, substantiating the 

preliminary conclusions presented in this paper. 

 

5. Conclusions 

By modelling the effect of funding selectivity on the uptake of data sharing, we highlighted 

certain important contextual factors that could inspire current reform movements aimed at 

improving scientific practice through Open Science practices. Given highly selective funding, 

funder incentives might need to be complemented by other measures to achieve widespread 

adoption of data sharing. 

 

Open science practices 

The development of the model has benefited from earlier models being publicly available. 

Although our work is not complete and we plan to update the model and analysis, we share 

model code, simulation data and analysis code to facilitate peer-review and to foster 

transparency and reproducibility. All our materials are available at (Klebel et al., 2023). 
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