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FACTORS INFLUENCING OPEN SCIENCE PARTICIPATION THROUGH 
RESEARCH DATA SHARING AND REUSE AMONG RESEARCHERS:  

A SYSTEMATIC LITERATURE REVIEW 
 

ABSTRACT 

This systematic literature review investigates the influential factors guiding researchers' active engagement in open 
science through research data sharing and subsequent reuse, spanning various scientific disciplines. The review 
addresses key objectives and questions, including identifying distinct sample types, data collection methods, 
critical factors, and existing gaps within the body of literature concerning data sharing and reuse in open science. 
The methodology employed in the review was detailed, outlining a series of systematic steps. These steps 
encompass the systematic search and selection of relevant studies, rigorous data extraction and analysis, 
comprehensive evaluation of selected studies, and transparent reporting of the resulting findings. The review's 
evaluation process was governed by well-defined inclusion and exclusion criteria, encompassing publication dates, 
language, study design, and research outcomes. Furthermore, it adheres to the PRISMA 2020 flow diagram, 
effectively illustrating the progression of records through the review stages, highlighting the number of records 
identified, screened, included, and excluded. The findings include a concise tabular representation summarising 
data extracted from the 51 carefully selected studies incorporated within the review. The table provides essential 
details, including study citations, sample sizes, data collection methodologies, and key factors influencing open 
science data sharing and reuse. Additionally, common themes and categories among these influential factors are 
identified, shedding light on overarching trends in the field. In conclusion, this systematic literature review offers 
valuable insights into the multifaceted landscape of open science participation, emphasising the critical role of 
research data sharing and reuse. It is a comprehensive resource for researchers and practitioners interested in 
further understanding the dynamics and factors shaping the open science ecosystem. 
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INTRODUCTION 

Open science is a movement toward greater transparency, reproducibility, and accessibility in 
scientific research [1]. It aims to make research data and related findings available to other 
researchers and the public, enabling them to verify research findings, build upon existing 
knowledge, and promote greater collaboration in scientific research [2]. Open science involves 
a range of practices, including open-access publishing, open data sharing, pre-registration of 
research designs, and open peer review, all intended to promote transparency, accountability, 
and reproducibility in scientific research. This practice has enabled and provided a means for 
global scientists and researchers to collaborate and contribute to all research processes and share 
many valuable scientific discoveries beneficial to different aspects of human life [3].  
Data sharing has become crucial to the advancement of science because it facilitates 
collaboration, transparency, reproducibility, criticism, and re-analysis [4]. This is why research 
data, lab notes, and other research processes are made freely available to the public to reuse, 
redistribute, and reproduce along with the fundamental data and methods [5]. In a nutshell, 
many research communities now practice a transparent and open knowledge development 
system mostly shared through a collaborative platform [6]. The European University 
Association (EUA) was identified as one of the early global drivers in open science initiatives 
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as the result of its new approach to the scientific processes, based on cooperative work and new 
ways of disseminating knowledge using digital technologies and other new collaborative tools 
[7]. Data sharing is a key component of open science, enabling other researchers and the public 
to access and use research data. Despite data sharing and reusing benefits in advancing scientific 
knowledge, researchers remain hesitant to participate in open science practices [8]. 
Understanding the factors influencing researchers’ willingness to participate in open science 
through research data sharing and reuse is crucial for promoting greater transparency and 
collaboration in scientific research [9]. In recent years, there has been growing interest in 
understanding the barriers and facilitators to data sharing in the context of open science 
practices. Researchers have identified several factors that may influence data sharing and reuse 
practices, some of which include cultural norms [10], legal and ethical considerations from 
either the institution, funding agencies or journals [11], social impact to contribute to scientific 
knowledge that can benefit society [12], technological infrastructure or the open science 
platform for sharing the research data [3], and funding or institutional policies [13] to facilitate 
collaboration and knowledge exchange among the researchers. However, a systematic literature 
review is needed to comprehensively understand the factors influencing open science data 
sharing and reuse practices across scientific disciplines. 
 

 

 
Figure 1. Factors influencing open science practice source: illustrated by the researcher 

(Source: Illustrated by the Authors). 
 

The open science movement has also introduced a range of principles to influence its 
implementation among researchers from various disciplines [14]. This could be due to the 
speedy technological advancement and the internet, which has also led to rapid advancement in 
almost all social sectors. Seeing the numerous benefits of open science practices, several 
research institutions and journal publishers have included one or more open science practices 
in their publication policies. Although, different factors have motivated the researcher’s 
participation in this practice since its inception. This systematic literature review aims to 
identify the key factors influencing researchers’ participation in open science practice through 
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research data sharing and reuse and the overlapping terminologies/concepts used to explain 
these factors.  
By systematically analysing the existing literature, this research seeks to provide an explicit 
statement of the objectives and questions this review addresses. In doing so, it aims to better 
understand the barriers and facilitators to data sharing and reuse in the context of open science 
practices and identify best practices for promoting greater transparency and collaboration in 
scientific research. To achieve these objectives, this section of the research followed the 
detailed and practical guidance on the methodology, steps, and best practices involved in 
conducting systematic reviews recommended by Cochrane. It covers topics such as formulating 
the review objectives, searching and selecting relevant studies, data extraction and analysis, 
assessing the risk of bias, and interpreting and reporting findings [15].  
 

 
 

Figure 2. Open science principles, Source: [14]  
 

Formulating the Review Objectives 
Per the guidelines set by Cochrane, initiating a systematic literature review necessitates the 
establishment of well-articulated research objectives. These objectives should encapsulate 
clearly defined parameters such as the types of patients/illnesses, sample under consideration, 
and interventions [15]. These determinants aid in the decision-making process for selecting 
which articles to include in the review. Accordingly, the objectives for the current review are 
set as follows: 

i. To identify the most common categories of samples and data collection methods used 
in studies examining the factors influencing researchers’ participation in open science 
through research data sharing and reuse.  

ii. To identify key factors that influence researchers’ participation in open science 
practices, especially in research data sharing and reuse, as derived from the literature. 

iii. To find existing gaps in the literature that necessitate further research. 
 

 

 

METHODOLOGY 
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Searching and Selecting Relevant Studies 
To search and locate all relevant studies to the review topic, a compressive search was 
conducted in an Elicit search engine (https://elicit.org/). An AI research assistant that uses 
language models to help automate research workflows, most especially parts of literature 
review. Elicit can find relevant papers without perfect keyword matches, summarise takeaways 
from the paper specific to a search question, and extract key information from the papers. Other 
research tasks also help with brainstorming, summarisation, and text classification [16]. 
 

 
Figure 3. Elicit search interface (Source: https://elicit.org/). 

 

Using the search query (the formulated review questions) as “What are the key factors 
influencing researchers’ willingness to participate in open science practices through research 
data sharing and reuse?”. The search was refined using the Elicit advanced search features, 
including filters for keywords, publication dates, study types, and citation graphs, as in Table 1 
below. 
 

Table 1. Search refinement using the Elicit advanced search features. 

S/N Features Results 

1. Keywords 
(Abstract 
contains the 
keywords) 

Open science practices 

Research data sharing 

Data reuse 

Research data management 
Data sharing incentives 

Data sharing barriers 

Data sharing attitudes 

Data sharing motivations Data 
sharing culture 

Data sharing policies 

Data accessibility 

Research data transparency 

Open access data 

Research data collaboration 

2. Publication dates Studies published between 2017 and 2023. 
3. Study types Include (randomised control 

trials and longitudinal 
studies).  

Exclude (reviews, systematic 
reviews, and meta-analyses).  

4. Citation graphs Relevant citations from the top included papers are included in 
the review. 
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Figure 4. Search refinement using the Elicit advanced search features (Source: 
https://elicit.org/). 

 

After identifying potentially relevant studies through the search, the results were carefully 
screened by reading the article title, abstract, and keywords from the elicit window, as in Figure 
4. To identify potentially relevant studies. All the relevant studies were then retrieved to read 
the full text of the remaining studies to assess whether they met the inclusion/exclusion criteria. 
The flowchart in Figure 5 presents the steps followed in the Elicit Literature Review workflow. 
 

 
Figure 5 Elicit Literature Review workflow chart (Source: Illustrated by the Authors). 

 

DATA EXTRACTION AND ANALYSIS  

Data extraction represents another vital stage in the systematic literature review, wherein 
significant information is methodically gathered from each included study. This involves the 
creation of a standardised data extraction table to record essential details from the selected 
studies. The data extraction form encompasses various aspects, including study characteristics, 
sample size, study design, data collection methods, key findings, and other relevant 
information. The extraction process was facilitated using Table 2, enabling the extraction of 
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selected study samples, data collection methods, and key findings. Additionally, the review 
employed the PRISMA 2020 flow diagram for systematic literature reviews, as [17] Page et al., 
(2021) proposed. The integration of this diagram aids in presenting a comprehensive report of 
the findings, allowing potential readers to assess the appropriateness of the methods and the 
credibility of the study’s conclusions. Figure 6 below visually illustrates the flow of information 
through the different phases of the review, depicting the number of records identified, included, 
and excluded, alongside the reasons for exclusions. 

 
Figure 6. PRISMA 2020 flow diagram  

 

The PRISMA chart shows the number of records or studies identified, screened, included, and 
excluded at each stage of the systematic review process. The Identification column shows how 
many records were found by the search. The screening column shows how many records were 
screened by reading their titles and abstracts and how many were excluded based on predefined 
criteria, such as relevance, language, or publication date. The Eligibility column shows how 
many full-text articles were assessed for eligibility by reading their methods and results and 
how many were excluded based on predefined criteria, such as study design, quality, or 
outcomes. The Included column shows how many studies were included in the final review and 
synthesis. While the PRISMA chart has helped ensure transparency and completeness of the 
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review methods and results, the following criteria were also followed to help the readers assess 
the validity and reliability of the review findings. 

Evaluation of the Studies 
To evaluate all the relevant studies from the search result, specific criteria to determine the 
validity of the selected studies were followed. This approach facilitates decision-making in 
deciding which articles should be included in the literature review. The studies that are not 
included in the literature review were also cited and have a rationale for the exclusion. 

Eligibility Criteria 
The inclusion and exclusion criteria were essential in determining the articles for analysis in 
this systematic review. The criteria used to select these articles were as follows: 
Inclusion Criteria: 

i. Studies that explored the factors influencing researchers' engagement in open science 
practices, specifically through research data sharing and reuse. 

ii. Publications dated between 2017 and 2023. 
iii. Studies written exclusively in English. 
iv. Only studies involving human subjects or samples. 
v. Original empirical research articles (i.e., excluding review articles, secondary data 

usage, and commentaries). 

Exclusion Criteria: 
i. Articles that do not address the factors affecting researchers’ involvement in open 

science via data sharing and reuse. 
ii. Studies without empirical or primary data. 

iii. Non-English studies. 

By adhering to these eligibility guidelines, the review ensured a focus on relevant studies 
concerning the factors affecting researchers’ engagement in open science, specifically studies 
providing original empirical insights written in English and published between 2017 and 2023. 
Advanced search functionalities in Elicit.org were utilised to refine the search to retain only the 
relevant articles. Table 2 below presents all the included studies collected for the review, in 
which relevant data from each study were extracted through a standardised form, capturing 
details such as study citations, sample size, data gathering methods, and the key factors 
influencing the open science practice. 
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Table 2 Studies collected for the review with a summary of the evaluation. 
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Review objective one: To identify the most common categories of samples and data 
collection methods used in studies examining the factors influencing researchers’ 
participation in open science through research data sharing and reuse. 
Referring to Table 2 detailing the studies included in this review, over 90% of the studies 
specifically target a particular group of researchers or academics. Their study fields, 
affiliations, or countries often define these groups. For instance, numerous studies explore 
influences on researchers from fields like Materials Science and Engineering [18], [19], 
Biological Sciences [20]–[22], and others such as Health, Dentistry, Social Sciences, Natural 
Sciences, Psychology, and Agriculture. 
Another set of studies links to specific institutions or countries. Some focus on institutions like 
the Zambia Agricultural Research Institute (ZARI) [23], [24], the German Psychological 
Society, and more, while others centre on national contexts such as Spanish, UK, or Malaysian 
researchers. 
Yet, fewer studies have a wider lens, like those targeting global scientists [25] or those from 
low/middle-income countries [26]. A unique batch looks beyond the typical researcher focus, 
shining light on professionals like Data Repository Curators, Funding Agency staff, and Early 
Career Researchers. 
Seeing as roughly 90% of the reviewed studies focus on specific research groups, this review 
suggests there might be a literature gap. Different researcher categories might be driven 
differently by various factors towards open science participation.  
Regarding data collection, 34 out of 51 studies lean on quantitative methods, collecting 
numerical data to analyse the findings using surveys [27]. These studies aim for statistical 
insights. Only 10 out of 51 used qualitative methods, capturing in-depth insights and relying 
on techniques such as interviews [27]. Meanwhile, 7 out of the 51 take a mixed-method route, 
merging both the quantitative and qualitative studies. 
 

Review objective two: To identify key factors influencing researchers’ participation in 
open science practices, especially in research data sharing and reuse, as derived from the 
literature. 
The thematic analysis method was employed for this analysis, which involves breaking down 
and organising data from qualitative research. This method tags individual observations and 
quotations with appropriate codes, facilitating the discovery of meaningful themes. The six 
fundamental stages of thematic analysis, as outlined by Rosala (2022) [28], were carefully 
followed, as illustrated in Figure 7 below. These stages encompass data gathering, thorough 
reading of the data, text coding based on its content, developing new codes that signify potential 
themes, pausing and revisiting the analysis after a short break, and lastly, evaluating the derived 
themes for their relevance and fit [28].  
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Figure 7. Steps to Conduct a Thematic Analysis, Source: [28] 

 

Upon collecting all the studies that met the inclusion criteria, the analysis software ATLAS.ti, 
designed for computer-assisted qualitative data, was employed to aid the evaluation process. 
The key factors affecting open science participation were extracted thematically from the 
articles to address the review objectives. This approach involved systematic data categorisation 
to identify common themes regarding the key determinants influencing researchers’ 
willingness to participate in open science, primarily through sharing and reusing research data. 
Nine central factors were identified from the selected studies for this review, detailed in Figure 
8 below, accompanied by their respective frequencies within the data. 
 

 
Figure 8. Key factors generated from the entire selected studies with Atlas.ti (Source: 

Illustrated by the Authors). 
 

Rewards and Other Benefits 

As defined by [29], rewards can be tangible or intangible returns granted in acknowledgement 
of an individual’s effort, work, behaviour, or achievement. Such rewards act as positive 
reinforcement, spurring the recipient to sustain or replicate the commendable behaviour. For 
example, tangible rewards could be seen as research grants, monetary incentives, certificates, 
trophies, or bonuses in the research context. In contrast, intangible rewards might entail 
advanced recognition, enhanced reputation within the scholarly community, or a profound 
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sense of accomplishment [30]. On the other hand, ‘other benefits’ can be interpreted as any 
favourable outcomes or gains that emanate from a specific action or given conditions. 
Most studies incorporated in this review have identified rewards and other benefits as vital 
motivators driving researchers to engage in open science practices. However, it’s notable that 
these studies often use diverse terminologies while presenting the concept. A comprehensive 
list of these terminologies quoted from the literature is outlined in Table 3 below. 
 

Table 3. Rewards and other benefits quotes from the findings 
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According to the above table, it could be noticed that the authors have used different 
terminologies to describe the possible types of rewards researchers might receive by 
participating in open science practices, such as formal recognition from institutions, being 
favoured in grant applications for promoting transparency, or even win awards for their 
collaborative efforts. Other related benefits could also lead to a broader audience for one's 
work, more collaboration opportunities, faster scientific progress due to reduced replication of 
efforts, and the intrinsic satisfaction of knowing one’s data is helping the larger scientific 
community. In essence, rewards are often direct responses to an action, while other benefits 
are positive outcomes that might not be directly handed out but naturally result from that action. 
Awareness and Capacity Building 

Awareness and capacity building refers to two connected concepts that aim to enhance 
individuals, groups, or institutions' knowledge, skills, and abilities and ensure they are well-
informed about specific topics, issues, or developments. At the same time, awareness involves 
informing researchers, academic institutions, policymakers, and the public about the 
importance and benefits of open science practices [31]. It's about making them aware of how 
sharing and reusing research data can advance scientific discovery, improve transparency, and 
foster collaboration [32]. By raising awareness, researchers might be more willing to share and 
use data shared by others. 
On the other hand, capacity building goes beyond just informing the stakeholders. It involves 
providing them with the skills, tools, and infrastructure necessary to effectively share and reuse 
research data [33]. This can either be through training programs, workshops, or tool 
development. 
By promoting both awareness and capacity building on the importance of open science through 
the sharing and reuse of research data, stakeholders can understand its significance, and they 
can be equipped with all the necessary tools and skills to participate in these open science 
practices effectively [34], [35]. The studies from the review that quoted awareness and capacity 
building as a factor that could motivate open science practice are presented in Table 4 with 
their different terminologies as follows. 
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Table 4. Awareness and capacity-building quotes from the findings 
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Policies and Regulations 

Policies and regulations are mostly the guidelines and rules organisations, institutions, or 
governments set to govern or direct specific behaviours, actions, or practices. These can be 
applied at different levels – from corporate or institutional policies to national or international 
regulations. Most institution policies and regulations aim to ensure consistency, uphold 
standards, protect rights, and maintain order. They provide a framework for evaluating actions 
for their legality, appropriateness, or conformity [36]. 
In open science and the sharing and reuse of research data, "policies and regulations" primarily 
refer to the guidelines and rules guiding the behaviour and actions of researchers, institutions, 
publishers, and related stakeholders in the scientific community [37]. Such policies aim to 
promote the transparency, reproducibility, and accessibility of research while ensuring the 
protection of sensitive information and intellectual property [38]. Different terminology has 
been used to describe policies and regulations in open science. Some of the most used phrases 
are quoted in Table 5. below from the review. 
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Table 5. Policies and regulation quotes from the findings 
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According to Table 5 above, it could be noticed that several terminologies have been used to 
describe the term policy and regulatory issues in open science, among which are data sharing 
mandates, which are mostly funding agencies or journals enforcement policies requiring 
researchers to share the raw data supporting their publications. Such mandates aim mostly to 
enhance scientific findings' transparency and reproducibility [39]. Ethical and privacy 
regulations, mostly from medical and health researchers, given that some research data might 
involve human participants, regulations related to ethical considerations and data privacy, such 
as anonymising participant data, become imperative. This ensures that while data is shared, the 
rights and privacy of participants are safeguarded [40]. Metadata and data standards to ensure 
the efficient reuse of shared data. These policies mostly prescribe standards for metadata, the 
descriptive information about datasets to aid in understanding, searching, and utilising the 
shared datasets [41], and the infrastructure or repository guidelines, which are also set of 
standards for the archival and accessibility of shared datasets, specifying which repositories to 
use or how long data should be retained [42]. 
 

Culture and Perceived Norms 

Culture and perceived norms are interrelated concepts deeply rooted in sociology and social 
psychology that shape behaviours, attitudes, and practices within various societal and 
organisational contexts [43]. Culture encompasses shared beliefs, values, customs, behaviours, 
and artefacts that a society uses to cope with the world and one another. It's transmitted from 
generation to generation through learning. In comparison, perceived norms refer to an 
individual’s beliefs about a group's standard behaviours or attitudes and how these beliefs can 
influence their behaviours [44].  
However, culture and perceived norms are crucial in research and open science practice. 
Research culture is mostly referred to as the shared values, beliefs, and practices among 
researchers in a particular field or institution [45]. For instance, specific disciplines might have 
a deep-rooted collaborative work culture, while others might place a high value on independent 
discovery. On the other hand, perceived norms can influence various aspects of research 
conduct. For instance, if a researcher perceives that their peers prioritise publishing quantity 
over quality, they might feel pressured to publish more often, even if this goes against their 
beliefs or broader institutional guidelines [46]. 
In this context, the existing culture and perceived norms can either facilitate or hinder the shift 
towards more transparent research practices. If researchers perceive that sharing their data is a 
norm valued by their peers, they are more likely to participate in open science initiatives. 
Conversely, the transition to open science can be more challenging if the prevailing culture 
doesn't prioritise transparency or if there’s a perceived norm against data sharing [47]. Several 
studies from the review that have also indicated culture and perceived norms as factors 
motivating open science practice through research data sharing and reuse are presented in Table 
6 below. 
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Table 6. Culture and perceived norm quotes from the findings 

 



30 

 

 

 

Available tools and repositories 

In open science, tools and repositories are instrumental in equipping researchers with the means 
to store, share, access, and reuse data effectively [48]. Their presence not only strengthens 
scientific transparency and reproducibility but also fosters collaboration. Typically, in the open 
science context, tools are interpreted as software, platforms, or any utilities supporting the 
various research facets, from data collection, analysis, visualisation, and sharing to citation 
[49]. Incorporating appropriate open science tools can enhance research workflows, improve 
the quality and integrity of data, and promote collaborative activities. For example, data 
collection and analysis tools or software such as Jupyter notebooks, R, and Python libraries 
pave the way for transparent and reproducible data analyses. Platforms tailored for 
collaboration, like GitHub or GitLab, enable version-controlled teamwork on research 
undertakings, while data citation utilities such as Zotero or Mendeley guide researchers in 
adeptly managing and citing research artefacts. 
Repositories function as digital platforms or databases wherein research products (such as 
datasets, scholarly articles, or code) are organised, administered, and presented to a broader 
audience. They can be linked with a discipline-specific focus, affiliated with institutions, or 
designed for universal applicability [49]. Repositories guarantee that research outputs remain 
within the grasp of fellow researchers, decision-makers, and the broader public. They provide 
a robust framework for the continuing storage and maintenance of research products, ensuring 
the continuity and applicability of data for later generations. Notably, repositories frequently 
allocate constant identifiers (like DOIs) to datasets, ensuring researchers are acknowledged for 
their contributions upon reusing their work. For instance, the Protein Data Bank (PDB) focuses 
on biological macromolecular structures, while platforms like Zenodo or Figshare 
accommodate diverse research products. Additionally, university-affiliated repositories stand 
as custodians of academic research outputs. Table 7, as shown below, enumerates quotes from 
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various reviews, highlighting how the availability of tools and repositories can strongly 
influence open science practice, especially in data sharing and reuse. 
 

Table 7. Available tools and repository quotes from the findings 
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Trust and Confidence 

Trust and confidence are critical in open science to ensure robust scientific practices and 
knowledge dissemination. As researchers increasingly share their data, methodologies, and 
findings, maintaining trust within and outside the scientific community becomes paramount 
[50]. Trust in this context refers to reliance on the integrity, strength, and ability of data, 
methodologies, and research findings [22]. It's a fundamental cornerstone for the 
reproducibility and validation of scientific results. When data is shared openly, its integrity 
seems to be paramount. Researchers rely on the fact that any primary research data shared on 
an open platform hasn't been tampered with, ensuring its authenticity [51]. Trust also facilitates 
collaboration; researchers are more likely to collaborate when they have confidence in their 
colleagues’ transparency and honesty. While public trust can influence policy decisions, public 
behaviour, and even funding opportunities.  
Confidence pertains to the belief in the reliability and validity of shared scientific data, 
methods, and conclusions. One of the qualities of open scientific research is reproducibility. 
Researchers must have confidence that shared or reused data and methodologies can be reused 
to obtain similar results [52]. Scientific conclusions drawn from data analyses are only as good 
as the data. When data is shared openly, other researchers can have confidence in the findings 
if they trust the data's source and integrity. Table 8 below presents the list of quotes from the 
review where trust and confidence are seen as factors that can motivate open science practice 
through research data sharing and reuse. 
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Table 8. Trust and confidence quotes from the findings 
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Researchers’ Characteristics and Background 

Researchers are central to the science world. Their traits, past experiences, and backgrounds 
can shape how they see and participate in open science through data sharing and reuse. 
Identifying these factors is important to build a strong open science culture. For instance, 
researchers might have learned different research methods depending on their academic 
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background, including how they gather, study, and share their applicable research data [53]. 
Researchers from areas like biology often share their data. The subject a researcher studies can 
tell a lot about how willing they are to share or use others’ data [20], [21].  
Early career researchers might also be more open to new open science ways but might feel 
pushed to follow the old publishing style. On the other hand, senior researchers might feel freer 
but could stick to the old habits [54]. and researchers who have previously engaged in 
collaborative, multi-institutional, or interdisciplinary projects might be more familiar and 
comfortable with data sharing and reuse [30]. Depending on the location, researchers might 
follow different open science rules. For instance, European researchers might be influenced by 
mandates from Horizon 2020, while those in other regions may operate under different 
guidelines [55]. Some cultures value group knowledge, while others value individual work, 
affecting how they view open sharing. 
Those who know their way around digital tools and online storage places are probably more 
into open science because they can handle the tech side of sharing data [56]. Some researchers 
might want to share data because they believe in being open and working together, while others 
might do it because a journal says so or to get more people to cite their work [8]. Then, some 
worry about intellectual property, misuse of data, or being scooped when they share their data 
openly. Suppose a university or research centre has good open science support, like training or 
storage places. In that case, its researchers might be more ready to share and use open data, and 
places with clear data-sharing rules can better guide their researchers [33]. Table 9 below shows 
some quotes from studies about how a researcher's traits shape their open science actions. 
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Table 9. Researchers’ characteristics and background quotes from the findings 
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Efforts and Other Sacrifices 

Researchers often struggle with various efforts and sacrifices to ensure their data is accessible 
and reusable. For instance, making data ready for sharing requires several preparations. This 
includes cleaning, structuring, and annotating the data to ensure it's comprehensible to others 
[57]. Some of the related efforts that are needed from a researcher to share or reuse research 
data are proper documentation, such as metadata and accompanying explanatory notes, to 
ensure that others can understand and use the shared data correctly, but generating this can be 
time-consuming [33]. Some data repositories may charge fees for data storage, especially if 
large datasets or specialised storage features are involved or require specialised software, which 
can entail additional costs [23]. In sensitive or personal data cases, researchers must invest 
effort into anonymising or de-identifying the data to protect participants, which can be a 
complex process [33]. One may also want to ensure that all participants have informed consent 
to share their data openly, which can be challenging, especially for older datasets. Different 
fields, journals, or repositories might have varying standards for data sharing, which can 
require additional effort to meet specific requirements, and all these can be classified as 
additional efforts and sacrifices from the researcher’s side to share or reuse data in the context 
of open science. The table 10 also highlight some of the quotes according to the review. 
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Table 10. Efforts and other sacrifice quotes from the findings 

 

 

Data Characteristics 

Open science champions the sharing and reuse of data, emphasising transparency, 
reproducibility, and collaboration. However, the very nature and characteristics of the shared 
data can influence how and if it's shared and reused. Here's an exploration of various data 
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characteristics and their implications for open science. Sensitivity and Privacy: any data tied to 
individuals, especially without explicit consent, can have ethical, legal, and privacy 
implications [33]. Some data may lose its relevance or accuracy with time, impacting its utility 
when shared later. Handling and sharing vast amounts of data can also be challenging due to 
storage, transfer, and computational constraints. Complex datasets with numerous variables 
might require specialised tools and expertise to analyse, process, and share. While structured 
data (like databases) are more straightforward to share and reuse, unstructured data (like free-
text notes) might pose challenges. More references from the quotes in Table 11 shed light on 
the intricacies of data characteristics and their implications for sharing and reusing data in the 
open science framework. 
 

Table 11. Data characteristics are quoted from the findings. 
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Review objective three: To find existing gaps in the literature that necessitate further 
research. 
Having explored the most common categories of samples and data collection methods and 
identifying the key factors influencing researchers’ participation in open science practices 
through research data sharing and reuse, it has become apparent that there are some literature 
gaps. 
From the first objective of the review, it was observed that many of the studies have relied 
heavily on surveys and questionnaires (quantitative methods) directed toward specific 
academic disciplines, primarily in the biological sciences and humanities. However, 
observational and experimental data collection methods were notably less frequent in the 
existing literature. This over-reliance on survey-based methods could imply a potential gap. 
This suggests that a more diverse methodological approach might yield additional insights into 
researchers’ attitudes and practices regarding open science through research data sharing and 
reuse. 
The findings from the second objective also emphasised several factors, including rewards and 
other benefits, awareness and capacity building, institutional policies and regulation, 
technological infrastructure, and individual researcher characteristics, which all play crucial 
roles in shaping open science practices. Yet, it was evident that roughly 90% of the reviewed 
studies focused predominantly on specific researcher groups. This concentration raises 
questions about the generalizability of the identified factors to a broader researcher population. 
It suggests a significant literature gap about how different researcher categories might be 
differently driven toward open science practice [58]. 
Considering these observations, this review recommends a more inclusive approach by 
focusing on groups less represented in the literature. Taking specific researchers or 
academicians from a known institution as a prime example, a deeper examination of such a 
medical and health research institution could bridge the existing knowledge gaps. Exploring 
their unique challenges, motivations, and behaviours in relation to open science could provide 
a richer understanding of the global open science landscape. 

Assessing the Risk of Bias 
The reliability and credibility of an SLR mainly depend on the quality and objectivity of the 
comprised studies. An assessment of the risk of bias in these studies is crucial as it aids in 
observing the degree of trustworthiness of the results. This process facilitates the identification 
of potential shortcomings, limitations, or biases that could impact the review's findings [59]. 
Criteria for Assessment: Systematic literature reviews can exhibit risks of bias at both the 
review level (i.e., analysis of studies) and the outcome level (i.e., reporting bias). To mitigate 
these risks in this review, the subsequent measures were undertaken: 

i. Transparency was maintained by providing detailed methods for collecting, assessing, 
and analysing the studies. 

ii. All included studies were examined to have been published in esteemed journals or 
indexed in recognised databases since the retrieval was executed via Elicit, equipped 
to extract pertinent results from diverse online sources. 

iii. Openly sharing the review data used for the analysis enabled peers to validate the 
findings and explore alternate interpretations. 
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iv. Notably, certain factors influencing the adoption of open research data were only 
identified in a single study. This calls for additional evidence to enhance 
comprehension of these factors, especially in diverse contexts, and lastly. 

v. Multiple reviewers were involved in approving the included and excluded studies in 
the review. 

Tools Used for the Assessment: A standardised Excel form facilitated the inclusion of relevant 
data from each study, capturing crucial details like study citations, sample size, data collection 
methods, and key factors influencing open science practice. Utilising this tool, each study in 
the SLR was assessed against the criteria. Studies that failed to meet these criteria were omitted 
from the review. Table 12 below lists some studies that were subsequently excluded from the 
review and the rationale for their exclusion. 
A significant percentage of these studies were excluded because the risk of bias can pose 
challenges in deriving concrete conclusions from the SLR. Nonetheless, acknowledging these 
limitations and endorsing transparency in the assessment augments the review’s 
trustworthiness. It's also indicative that further research may be instrumental in corroborating 
or complementing insights from studies with pronounced or ambiguous biases. A precise bias 
assessment gives the reviewer a refined perspective to interpret the SLR’s outcomes, ensuring 
that the conclusions are rooted in robust and dependable evidence. 
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Table 12. Excluded studies from the review with reasons for exclusion. 

 

 



43 

 

 
 

DISCUSSION AND CONCLUSION 

Interpreting and Reporting Findings 
The advancement of open science, enabled by research data sharing and reuse, has helped in a 
new era of collaborative and transparent scientific inquiry. Framed by well-defined objectives, 
this SLR delves into the multifaceted dimensions surrounding researchers’ participation in this 
evolving landscape. This section interprets and articulates the central findings derived from the 
analysed literature. 

 
Figure 9. Factors influencing open science participation through research data sharing and 
reuse among researchers, illustrated by the researcher (Source: Illustrated by the Authors). 
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The Major Findings 

1. Categories of Samples and Data Collection Methods: The reviewed studies 
showcased a variety of sampling strategies. Many focused on specific fields, 
institutions, or countries. A limited number adopted a broader approach, targeting 
early career researchers or random selections from specified databases and funding 
agencies. At the same time, most of the studies reviewed leaned towards quantitative 
methodologies, with surveys being the predominant tool due to their comprehensive 
reach. In contrast, only a few adopted qualitative or mixed-method research 
approaches. 

2. Factors Influencing Participation in Open Science Practices:  
a. Rewards and Other Benefits: Researchers were inclined towards data sharing 

when they discerned direct benefits, including elevated collaboration, increased 
visibility, and subsequent citations.  

b. Awareness and Capacity Building: Open science's benefits, practices, and 
potential were significant enablers. Training workshops and seminars further 
support this awareness.  

c. Policies and Regulations: Directives from institutions, funding bodies, and 
publishers prominently influence decisions. When data sharing was mandated, 
compliance was naturally higher.  

d. Culture and Perceived Norms: The prevailing culture within a research 
community or laboratory significantly shapes behaviour. Environments supportive 
of open science naturally witnessed increased participation.  

e. Available Tools and Repositories: User-friendly and secure repositories 
facilitated data sharing and reuse, lowering technical barriers.  

f. Trust and Confidence: Assurances regarding data security, proper attribution, and 
no misuse were crucial. When researchers felt their data was secure and would be 
credited appropriately, they were more willing to share.  

g. Researchers’ Characteristics and Background: Individual attributes, including 
academic background, prior exposure to open science, and personal beliefs, 
dictated participation levels.  

h. Efforts and Other Sacrifices: Researchers weighed the time and effort required 
for data curation against potential benefits. If perceived efforts were excessive, 
participation waned.  

i. Data Characteristics: The nature of the data, whether sensitive, proprietary, or 
complex, affected sharing decisions. Standardised and easily interpretable data 
witnessed higher sharing rates. 

 

Implications for Stakeholders 

1. For Researchers: Recognising these multifaceted factors offers researchers a 
comprehensive framework to guide their engagement with open science practices. 
Being aware of both advantages and challenges is instrumental in informed decision-
making.  
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2. For Policy Makers and Institutions: These insights provide a roadmap for forming 
policies that balance promoting open science with researchers’ legitimate concerns. 
They underscore the importance of fostering a supportive ecosystem through training 
and incentives.  

3. For Publishers: As custodians of scientific discourse, publishers can proactively 
champion open science by weaving in data-sharing mandates and providing 
reasonable guidelines.  

Open science represents a transformative path for modern scientific practice, and this SLR has 
illustrated the multitude of factors and challenges influencing this shift. By addressing these 
dynamics, we can shape a future where open, transparent, and collaborative research becomes 
the gold standard. 
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