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ABSTRACT  
Previous studies on the use of secondary data – or data reuse – found 
that researchers confront considerable (un)foreseen challenges 
related to finding, accessing, decoding, and recontextualizing 
secondary data. However, why some researchers persist in this 
endeavor while others do not is unclear. We develop a plausible 
theoretical explanatory model – the data-reuse mechanism of this 
phenomenon. This model captures the relational aspects of the 
different elements involved in the process, i.e. scientific horizon 
and reward system, researcher’s cognitive frameworks and 
relational structures, the properties and relational structure of data, 
specific conditions, and time. We argue that it is the interaction 
among these elements that ultimately allows the researcher to 
decide about data reuse. Guided by this model, we analyze the 
data reuse process in ten molecular/computational biology and 
epidemiology case studies. The results of our analysis show how 
the intertwined synchronic and diachronic relations among these 
elements add considerable uncertainty to the reuse process. It is 
precisely this uncertainty combined with researchers’ tenacity, 
scientific horizon, and flexibility in changing this horizon that 
enable data reuse. Our findings demonstrate also that while some 
data properties such as open access may facilitate data reuse, they 
do not fully determine whether data are reused.
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Knowledge that has been codified […] can be reconstituted at a later time, in a different 
place, or by a different group of individuals with varying degrees of effectiveness depending 
upon the ‘cognitive framework’ of those attempting to use this information. (Cohendet and 
Steinmueller 2000, 197)
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1. Introduction

More than two decades ago, Ed Steinmueller, together with other colleagues, anticipated 
some of the effects of knowledge codification and the influence in science of information 
and communication technologies (ICTs) (Cohendet and Steinmueller 2000; David and 
Steinmueller 2003). According to these authors, ICTs promised to ‘boost research pro
ductivity, particularly in the processing, storage and exchange of information’ (David 
and Steinmueller 2003, 2), which, in turn, would facilitate path-breaking research 
advancements. These authors were visionaries since ‘the explosion of computer proces
sing power and storage capacity has transformed the sciences’ ability to find, use, coor
dinate, and reuse […] data’ (Edwards et al. 2011, 668). Indeed, recent science policy 
requirements related to data sharing and open data under the auspices of Open 
Science (Huang and Soete 2025) have contributed to the increasing codification of knowl
edge and growing requirements for investment in the design, development, and main
tenance of modern complex socio-technical ‘collaboratories’ (Finholt 2003) such as data 
infrastructures, data repositories, and codification and inscripting efforts of those who 
share data (Borgman 2012).

These investments and efforts are justified only if data are actually reused and if the 
results of this reuse are beneficial to science in particular and to society in general 
(Borgman 2015; Cohendet and Steinmueller 2000; Pasquetto, Randles, and Borgman 
2017). In this context, Steinmueller and co-authors have long called for research into 
the social processes and mechanisms that contribute to ‘reproducing “tacit” capabilities 
to make codification or decoding [of knowledge] feasible’ (Cohendet and Steinmueller 
2000, 206). They have called also for ‘empirical work to discover the heuristics that indi
viduals and groups use to manage the growing complexity of the information flux associ
ated with knowledge codification’ (Steinmueller 2000, 373–374) which often requires 
increased division of labor (Caldas 2003; Foray and Steinmueller 2003).

In this inductive qualitative study of the socio-technical processes involved in reuse 
of research data in two health disciplines, we take up the baton and focus on the ‘level 
of the individual’ (Steinmueller 2000, 374) by examining the problems related to 
decoding and using information (Cohendet and Steinmueller 2000). We conceive of 
data as ‘knowledge reduced to messages that can be transmitted to decision agents’ 
(Ancori, Bureth, and Cohendet 2000, 256) that involve ‘a large tacit component of 
skill[s] and capabilities that is embodied in people, products, and procedures’ (Wolfe 
and Lucas 2001, 174–175). We define reuse of data or use of secondary data as the appli
cation of data to answer a novel research question by a researcher working within the 
institutional norms of science who did not participate in the original collection or gen
eration of the data. This inductive study is guided by findings from recent research that 
shows that use of encoded knowledge – in the form of research data – entails a range of 
challenges whose ‘costs and complexities’ could outweigh codification efforts (Cohen
det and Steinmueller 2000, 206). Cohendet and Steinmueller (2000, 197) argue that 

[k]nowledge that has been codified […] can be reconstituted at a later time, in a different 
place, or by a different group of individuals with varying degrees of effectiveness depending 
upon the ‘cognitive framework’ of those attempting to use this information,

suggesting that the cognitive framework influences how reusers assign different mean
ings to data (Cowan, David, and Foray 2000).
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However, the different reinterpretations depend not only on the researcher’s cognitive 
framework (Ansbacher 1950; Borgman 2015; Leonelli 2016) but also on their training, 
skills, and tenacity (Hyman 1972; Irwin and Winterton 2011). Recent research shows 
that some of the difficulties (i.e. understanding, analyzing, or repurposing data) associ
ated with decoding research data are cognitive (see e.g. Curty 2015; Curty et al. 2017; 
Faniel, Frank, and Yakel 2019; Gregory et al. 2020; Hemphill et al. 2022; Kim and Yoon 
2017; Murillo 2016; Pienta et al. 2018; Yoon 2016b) and contingent on the situated and 
contextualized nature of data collection or creation (Borgman 2007; Foray and Steinmuel
ler 2003; Leonelli 2016). The situatedness of the data creation and data collection pro
cesses may be better captured in synchronous collaboration between data producer 
and data reuser (Olson and Olson 2003). However, if such collaboration is impossible, 
context can be transmitted by means of metadata (Pasquetto 2018), codebooks (David 
and Steinmueller 1991; Garmon Bibb 2007; Niu 2009a), standards or dictionaries 
(Cowan, David, and Foray 2000; Zimmerman 2008), or by asynchronously contacting 
the original data collectors (Yoon 2017). Additionally, as Zimmerman (2007; 2008) 
showed in her study of data reuse by ecologists, researchers can use their field experience 
to compensate for lack of contextual detail related to data collected by others.

Researchers reusing data can also face some more practical and technical issues, 
including accessing, retrieving, storing, manipulating, and cleaning the data, which in 
turn may depend on legal and ethical considerations. Most previous studies found that 
these challenges can be anticipated at any stage in the data reuse process and may 
deter reuse of the data (Yoon 2016b). However, in many cases, the expected problems 
and the significant perceived effort required to overcome them do not prevent the 
reuse of data by researchers. For instance, Niu (2009b) showed that if the data meet 
their particular information needs, social scientists will make considerable efforts to over
come inadequate documentation. Similarly, Zuiderwijk and Spiers (2019) found that if ‘the 
data is important for [their] analysis,’ astrophysics researchers will expend great efforts to 
overcome data reuse problems (238). Kim and Yoon’s (2017) statistical analysis of data 
reuse behaviour in several disciplines indicates a statistically significant relationship 
between researchers’ intentions to reuse data and the perceived efforts connected to 
their reuse. They conclude that ‘[p]erhaps the needs of the scientist and the usefulness 
of the data are more important than any effort’ (Kim and Yoon 2017, 2716) and 
suggest further exploration of this finding.

These inconclusive findings inform the present study’s research question: What factors 
underpin continuation of the data reuse process to completion in the face of the possible 
challenges the researcher might anticipate and encounter?

To address this question, we theorize an explanatory model, the data-reuse mechanism 
where use of secondary data is a socially embedded process that incorporates a broad 
range of behavioural and social elements such as researcher’s goal-oriented work and 
researcher’s reward system, and where artifacts and practices strongly influence the 
social-technical process (Latour 1987, 2005; Latour and Woolgar 1986). The data-reuse 
mechanism serves as a tool for our analysis of ten case studies of the use of secondary 
data: four cases in molecular/computational biology and six cases in epidemiology. Our 
findings show that it is mainly the uncertainty originating in the relational-dependent 
(a)synchronous conditions combined with researchers’ tenacity and flexibility in sacrifi
cing their scientific horizon which sustain the data reuse process to its conclusion.
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2. The theorized data-reuse mechanism

In this study, we draw on ‘social mechanisms’ as useful and pragmatic intellectual prac
tices to cope with the demonstrated limitations of ‘grand theory’ for capturing the com
plexity of the social world (Rojas 2017). Social mechanisms can be understood as 
theoretical models for aspects of social life that cannot be explained by grand theories 
(Beach and Pedersen 2013; Gläser 2012; Mayntz 2004; Rojas 2017). A social mechanism 
can be defined empirically as ‘a sequence of causally linked events that occur repeatedly 
in reality if certain conditions are given and link specified initial conditions to a specific 
outcome’ (Gläser and Laudel 2013, 5).

Social mechanisms can be theorized inductively or on the basis of existing theory and 
plausible theoretical hypotheses (Beach and Pedersen 2013). We adopt the latter 
approach to theorizing the data-reuse mechanism in an attempt to provide an account 
of the conditions, additional to the researcher’s cognitive capacity, under which research
ers reuse research data, and why researchers reuse data under unfavorable conditions. 
The data-reuse mechanism rests on four presumptions. First, data reuse is embedded 
in a wider situated epistemic inquiry process in which the researcher works towards a 
future rewardable goal or a scientific contribution horizon. Aleixos-Borrás and López 
(2025, 4) consider that ‘a scientific contribution emerges as a clear orientation towards 
the future, a horizon or intention in a web of social, material, and institutional relations’, 
i.e. a researcher’s bounded individual horizon (BIH). Researchers’ contributions are con
ditioned by both their scientific and social circumstances that govern the resources avail
able to them, and their personal and professional circumstances, values, beliefs, and 
relations with others. Second, although acknowledged by most previous studies that 
data reuse is not the goal per se (Borgman 2015; Pasquetto, Randles, and Borgman 
2017) but rather the means enabling the production of knowledge, their empirical 
methods neglect the fact that the ultimate and intrinsic goal of the data reuse process 
might be the creation of knowledge. We take this fact into account and theorize the 
data-reuse mechanism as a process that mediates between the need or willingness to 
address a research gap and the solution to that gap that is ‘worthy of scholarly recog
nition’ (Borgman 2015, xviii). Third, data reuse depends heavily on both myriad legal, 
ethical, and technical – digital and analogical – aspects of the data as well as the 
reuser’s available infrastructure (Mansell and Edward Steinmueller 2000). Fourth, data 
reusers cannot fully foresee the challenges that they will encounter when reusing the 
data (Faniel, Kriesberg, and Yakel 2012; Hyman 1972; Yoon 2016a; Zimmerman 2007) 
and thus, cannot calculate in advance the effort that will be required to overcome 
these challenges. According to Simon (1955, 1957; 2000) individual capacity to make 
decisions is bounded, and therefore rather than the best choice, the individual will 
select the one that is satisficing or good enough.

Although in what follows the data-reuse mechanism is presented as involving four 
sharp, linear, and orderly steps, in reality and empirically it is likely to be cyclical, overlap
ping, and messy (Marshall and Rossman 2011; Reichenbach 1938). Moreover, the 
researcher’s agency in terms of fitting the data to the research gap(s) is continuous 
throughout the entire process (Aleixos-Borrás and López 2025).

Step 1. The researcher identifies a research gap and envisions a scientific contribution, 
to be transmitted usually in the form of ‘[a] journal article, book, conference paper, or 
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other products worthy of scholarly recognition’ (Borgman 2015, xviii), which triggers the 
data reuse process. The data themselves might be the source of new research questions, 
setting in motion a process of data reuse.

Step 2. The researcher searches for and obtains satisficing data whose codification may 
or may not be standardized within the epistemic community that collected or created the 
data (Cowan 2001; Cowan, David, and Foray 2000). Satisficing data are those data that a 
priori are perceived by the researcher as fitting the envisioned scientific contribution (SC), 
and are reusable according to an initial quality check of their integrity, reliability, validity, 
trustworthiness, and/or provenance. In step 2, researchers may encounter unexpected 
technical, ethical, and legal issues related to accessing or analyzing the data which may 
make secondary data less satisficing than initially foreseen. That is, the subjective 
fitness between the data and the envisioned SC may change throughout the process.

Step 3. The researcher can adopt different strategies to overcome the problems that 
arise when accessing, analyzing, interpreting, and using the data to support their scientific 
claims. Aleixos-Borrás and López (2025, 12) maintain that the researcher’s agency plays an 
essential role in the ‘fitting process’ that involves interaction with the properties and attri
butes of the data and the ‘fus[ing] [of] concepts, constructs, theoretical elements, vari
ables, etc’. These authors’ claims concur with Hyman’s (1972) argument that 
researchers must have not just a cognitive framework but a specific ‘style of work’ and 
‘distinctive qualities’ (Hyman 1972, 78) in order to ‘convert’ imperfect data into valuable 
material (Ansbacher 1950; Cohendet and Steinmueller 2000; Hyman 1972) suited to repur
posing the data.

Step 4. The data reuse process concludes, and the scientific contribution is achieved by 
employing secondary data.

In what follows, we propose an operational data-reuse mechanism model based on 
Sayer’s explanatory structure of social phenomena (Sayer 2000; 2010).

Sayer (2000, 2010) proposed five constituent elements of a mechanism: an object or 
subject that belongs to a relational structure and has causal powers and liabilities or 
‘capacities to behave in particular ways, and […] specific susceptibilities to certain 
kinds of change’ (Sayer 2000, 11), conditions which activate these capacities and suscep
tibilities, and events which are the mechanism’s outcomes. Thus, in Sayer’s terminology, 
the data-reuse mechanism (Figure 1) is one that provides an individual with the necessary 
causal powers and liabilities, the ability to make a decision about the use of secondary 
data – an object with its own causal powers and liabilities – in the context of all the indi
vidual’s structural relationships (relational structure), and under certain specific conditions 
(conditions) in order to make a scientific contribution (event) (Sayer 2010, 70–79).

Based on Sayer’s structure of explanations, we theorize five sine qua non conditions of 
the data-reuse mechanism. The researcher knows that secondary data exist (condition 
C1); the data have to be accessed or obtained by the researcher (condition C2); secondary 
data are a satisficing option for the researcher’s objective of making a scientific contri
bution (condition C3); the idea of collecting particular primary data is not a satisficing 
option (condition C4). Although it is well known that researchers may combine both 
primary and secondary data in order to produce new knowledge, we have theorized 
this mechanism to explain the use of secondary data, allowing a simpler operationaliza
tion. Moreover, primary data do not require decodification and recontextualization pro
cesses by the researcher who collects or produces them. Condition C5 is that an 
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expected scientific contribution exists and the researcher finds its potential rewards 
satisficing for their scientific career. Researchers’ theorized causal powers and liabilities 
consist mainly in having the cognitive capacity, training, and skills to interpret and 
thus, repurpose data which in turn, allow them to decode and reuse data. Also, research
ers belong to a relational structure with specific organizational and epistemic norms and a 
reward system that may condition data reuse.

Also, research data are data-reuse mechanism objects with a relational structure and 
causal powers and liabilities. Data may have several interpretations and serve as evidence 
of scientific claims; data curation can change the ‘state’ of data, e.g. from unprocessed to 
processed state; data can become conceptually or technologically obsolete; and data 
availability (e.g. open, closed-but-available-for-use, proprietary) and data ownership can 
change.

All parts of the mechanism (Figure 1) have an initial and final value because the values 
of the elements, relational structure, and any of the mechanism’s conditions can change 
across time (Sayer 2000, 2010). For the data-reuse mechanism, we have theorized three 
outcomes. Outcome (1): after consideration/trial use, secondary data are not used; 
Outcome (2): use of secondary data happens, but reuse is not shared with the research 
community, and the data are not used to support scientific claims but serve to widen 
the researcher’s background knowledge or cognitive framework and potentially could 
trigger new research hypotheses; Outcome (3): use of secondary data happens, and sec
ondary data are used exclusively as evidence of the scientific claim.

In this study, data represent phenomena in any kind of organizational setting, whether 
scholarly or not, that the individual or group of researchers regard as potential or 

Figure 1. The theorized data-reuse mechanism based on Sayer’s structure of (causal) explanations 
(2000; 2010, 74).
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definitive evidence of the scientific claims in the context of a concrete scientific inquiry 
(Leonelli 2016, 2015). Reuse of data or use of secondary data is defined as the process 
of employing data to answer a novel research question by a researcher working within 
the institutional norms of science, who did not participate in the collection or generation 
of the particular data. Since data reuse is a contextually embedded phenomenon, case 
study is an appropriate study approach (Baxter and Jack 2008; Yin 2003). In the present 
paper, the case study is an attempted use of secondary data as ‘evidence of phenomena’ 
(Borgman 2015, xviii) and support for scientific claims to be shared with the scientific com
munity via publication or other means, or exploited as background knowledge. Back
ground knowledge or cognitive framework can be either tacit or explicit knowledge 
created by the researcher because it is ‘important to [the researcher’s] research activities 
but … not […] reported in publications’ (Wallis, Rolando, and Borgman 2013, 4). Although 
the mechanism is theorized to work only if the research horizon is a scientific contribution, 
the inclusion of background knowledge as a potential output allows comparison of the 
mechanism conditions for each of the outcomes.

3. Methods

Our choice to focus on bio-health sciences is justified by data reuse in these fields becom
ing increasingly relevant for the production of scientific knowledge as integration and 
combination of data from different repositories and scientific disciplines has the potential 
to improve human health in previously unforeseen ways (Leonelli 2016). We chose a mul
tiple-case approach since multiple cases enable theory confirmation (Gerring 2004; Stake 
2006). In the context of our analysis, the case studies rather than being relevant per se are 
instrumental based on their support and contribution to answering our research question 
(Stake 2005).

3.1. Sampling

We chose ‘purposive, rather than random’ sampling (Miles and Huberman 1994, 27) based 
mainly on data access regimes and the data curation services which are conducted mainly 
by ‘professionals familiar with the datafile structures and with the population of current 
users’ (David and Steinmueller 1991, 53). Our rationale for comparing data reuse with 
different access regimes and different levels of curation (Figure 2) is that reusers may 
abandon reuse of poorly curated or uncurated data and data with more restrictive 
access. The data access regimes considered are: open data, closed-but-available-for-use 
(CAU) data, and proprietary data. Despite definitional disagreements related to open 
data (Borgman 2015), we consider open data as publicly released data in repositories 
with no restrictive access by pecuniary, confidentiality, or technical barriers. CAU refers 
to data deposited in a repository and available for reuse on request but not publicly 
released or shared. These data can be mediated also by ethical, economic, or technical 
walls. Finally, proprietary data are not publicly released data whose availability for 
reuse is thus a priori uncertain since they remain private to the data collector or producer, 
and are curated and packaged only on request by a potential reuser.

Following Hyman’s (1972) approach, we also compare reuse of the same data by 
different reusers and how the same researchers reuse different data (Figure 2). The 
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open and CAU case studies allow us to compare how data from the same repositories 
(GEO Profiles, TCGA, BORN Ontario) are used by different researchers and how the 
same researcher reuses data from different repositories (case studies 1, 2, 3, 4 and 5). 
The case studies of proprietary data allow us to compare the location of and the 
request for data from multiple clinical trial studies by three different researchers. Unlike 
Hyman (1972), who only studied completed data reuse processes, we include ongoing 
cases of data reuse in order to track changes to the mechanism conditions and the 
sequence of events over time (Abbott 2001; Pettigrew 1990; Saldaña 2003). This was 
also aimed at minimizing participant bias in retrospective accounts of their actions 
(Tsoukas 2010). We also recruited cases of completed data reuse which allowed us to 
ensure that data reuse had occurred either as evidence for a scientific contribution or cre
ation of background knowledge.

3.2. Case studies

All case studies comply with our definition of data reuse and are from the field of bio- 
health sciences. Four cases correspond to molecular and computational biology – three 
molecular biology in ovarian cancer and one computational biology in breast cancer. 
The researchers concerned reused data from GTEx (Genotype-Tissue Expression), GEO 
(Gene Expression Omnibus) Profiles, and TCGA (The Cancer Genome Atlas). All three repo
sitories store curated genomic, epigenomic, transcriptomic, and proteomic data, and 
gene expression profiles. Curation of the data in these repositories is ongoing. Access 
is open but requires some identification and registration details to access clinical 
variables.

The other six cases are in the area of epidemiology and differ in terms of data access 
regime and institutional setting of primary data collection. Three cases reused CAU health 
administrative data from the BORN (Better Outcomes Registry & Network) Ontario data 
repository, and three reused proprietary individual participant or patient data (IPD) col
lected in randomized clinical trials (RCT). The IPD consist of meta-analysis addressing 
the same health issue but not the same research question(s) that motivated the original 

Figure 2. Purposive sampling.
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data collection for each of the RCTs. According to our participants, curation levels differed 
across the six epidemiology case studies (see Figure 2 and Table 1). Table 1 summarizes 
the characteristics of each case study.

3.3. Data collection and analysis

With the exception of one case study in Spain included to increase variability, most data 
were collected in Canada. After obtaining ethics clearance, a recruitment message was 
sent to the directors of different Ottawa Hospital Research Institute health units and a 
BORN Ontario data repository knowledge translation specialist, asking them to forward 
the message to researchers in their units. We checked that all those who responded to 
our recruitment message met the sampling criteria. We also used the snowballing 
method to find cases.

Data collection involved 25 semi-structured open-ended interviews, lasting 
between 30 and 60 min, mainly but not exclusively with data reusers. With the excep
tion of one reuser who did not respond to our request for a second interview, all 
reusers were interviewed at least twice. Data collection and analysis were conducted 
simultaneously at different stages (see Figure 3 corresponding to case study #4 and 
Analysis pp. 51 to 61 in the supplemental material). Ongoing cases were analyzed dia
chronically at two moments in the data reuse process – the beginning (time 1) and the 
end (time 2). In the cases of a completed data reuse process, we asked participants to 
provide us with a retrospective narrative detailing progression through their data 
reuse process (which might last months or years) from beginning (time 1) to the 
end (time 2).

The interpretive qualitative analysis was grounded in a ‘systemic’ approach to under
standing the interaction of the variables in a complex environment (Miles and Huberman 
1994), focused on reusers’ decision-making with respect to their horizon – or scientific 
goal – and all the elements of the data-reuse mechanism. Decision-making is not obser
vable directly (Tsoukas 2010); thus, our units of observation and analysis were constituted 
by the sequence of events prompted by the researcher’s data reuse. Using process-tracing 
methods (Beach 2017; Beach and Pedersen 2013; Bril-Mascarenhas, Maillet, and Mayaux 
2017) we translated the occurrences or actual happenings (Abbott 2001) in the data 
reuse process into researcher decisions. In their first interview, the researchers were 
asked to describe the data reuse process and detail the related challenges and why 
they chose to overcome them. Based on this information we constructed data reuse 
process workflow diagrams that participants could validate in the second interview 
(e.g. Figure 4 and Analysis pp 40–50 in the supplemental material). These diagrams sup
ported a proper understanding of both the process and the researcher’s decision-making 
logic.

Publications can be used to complement the analysis of data reuse by providing details 
perhaps overlooked by interviewees (Hyman 1972); therefore, we also analyzed intervie
wees’ publications that used secondary data. In addition, we examined the characteristics 
of the data repositories and some of the data sets from the randomized clinical trials and 
conducted within and across case analyses. Each individual condition and element was 
compared against the other conditions and elements in order to identify patterns in 
the data.
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Figure 3. Details of data collection and analysis (case study #4).

Figure 4. Workflow diagram of the data reuse process reviewed by the participant (red handwritten 
text). Case study #9.

ECONOMICS OF INNOVATION AND NEW TECHNOLOGY 11



4. Findings and discussion

Our discussion and findings are presented in bulleted paragraphs in subsections 4.1 to 
4.4. Whenever appropriate in each section, we refer to the specific access regime and 
level of data curation.

4.1. (Un)anticipated challenges

Although our participants had engaged with data sets that they believed they would be 
able to access and use, they made decisions and initiated courses of action without 
knowing many of the actual costs and challenges that would be involved when accessing 
and analyzing the data.

4.1.1. Locating, finding, and obtaining data from different access regimes
All participants knew about the data that they thought they could use for their contri
butions and their source. However, in the case of proprietary data, although clinical 
trial studies were relatively easy to identify from publications, as Argie (Areti Angeliki Ver
oniki) explained, it was not always easy to identify the holder of the data set or to obtain 
the data owner’s contact details or the specific study identification number (ID): 

I was surprised but we couldn’t locate the specific study ID that the sponsor required, and, on 
the other hand, I was really surprised that some of the sponsors could not locate the studies 
and they were provided with the title, with the journal, even the publication, the authors, all 
these details we were able to identify, […] but they weren’t able to identify the study in their 
database. (case #10)

It took Argie nearly three years to obtain enough, though not all, of the proprietary 
data from the clinical trials sponsors – mostly pharmaceutical companies – to make a 
scientific contribution. This prolonged process caused conflict among the team’s 
members, with some favoring waiting to obtain more data before publishing the contri
bution, and some who felt that they had waited long enough since there was no certainty 
about how many more data sets they would be able to obtain.

Among the researchers involved in the six epidemiology cases, compared to research
ers accessing CAU and open data, those involving especially individual patient or partici
pant data (IPD) experienced even greater difficulties when trying to obtain data. Claire 
Johnson explained that there was uncertainty about the amount of IPD that her team 
could obtain: 

But we’re optimistic that we will have enough. We won’t have a full … we definitely won’t 
have all of them. And we won’t have a lot from before 2000, so it’ll be a limitation … (case #9)

Deshane Fell was unable to obtain all the variables she needed for her study, a limit
ation that, similar to Claire’s team, she acknowledged and later addressed in the manu
script. In one case where there was agreement about sharing proprietary data, the first 
author of one clinical trial data set died before the data were shared – an unexpected 
event which resulted in the team working on thrombophilia having to conduct the IPD 
meta-analysis without the deceased author’s data. Also, open and CAU data came with 
some access costs. Jaume Forés and David Cook could not have anticipated encountering 
restrictive-access walls in an open access data repository to access less unprocessed data 
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and clinical variables from TCGA. Although Sarah Wilson was very familiar with BORN 
Ontario data, it took her some time to realize that the repository did not contain the vari
ables she had expected to find.

4.1.2. Decoding and interpreting data with different levels of curation
All the interviewees had excellent cognitive capabilities as a result of their education and 
training and the skills they had acquired. Nevertheless, all of them referred to problems 
related to interpreting and understanding some of the variables, and especially those 
representing the facts or objects that the data represented. Deshayne told us that under
standing data hosted at the Institute for Clinical Evaluative Sciences (ICES) was harder 
than doing the statistical analysis: 

I would say 80%, easily 80%, of the work is just in understanding those various databases, 
manipulating them, linking them all together, and getting a data set that you can actually 
analyze. Only 20% is the analysis. That’s kind of the easy part. The hard part is understanding 
and synthesizing these big data. (case #5)

Although GTEX data had a higher level of data curation than ICES data, David found the 
interpretation of GTEX data equally difficult: 

Format is tricky […] when you are looking at these types of data you never know what you are 
looking at. […] uhh … so … understanding the data is more than just a formatting thing. 
What am I looking at? You know, what did the numbers in every cell, what exactly do 
these mean […]? (case #1)

4.1.3. Ethical, legal, and bureaucratic challenges
The data also presented ethical, bureaucratic, and legal hurdles. In trying to obtain indi
vidual patient data (IPD) from clinical trials, Claire Johnson (case #9) realized that she 
would probably be unable to get access to some of the data sets due to differences in 
the study ethical review process before and after 1990. Studies published before 1990 
did not require an ethics certificate number or a consent form. Deshayne Fell needed 
to link data from two different institutions, and told us that she got ‘caught in the legal 
and administrative negotiations between the two organizations that had to happen in 
order to allow that transfer of data … ’. She could never have anticipated the length of 
time it would take for BORN Ontario and ICES to sign a data sharing agreement: 

But what’s interesting is that there was never a point prospectively at which I knew how long I 
was going to have to wait. Like it wasn’t like they said to me: ‘This data sharing agreement will 
take 18 months’ […] And so you never – like I never knew when I would ultimately [obtain the 
data-sharing agreement]. (case #5)

Argie and her team also experienced a delay of a few months to allow their ‘lawyer to 
make several amendments to the data-sharing agreements’ (case #10).

4.1.4. Technical obstacles
While there are no legal impediments to using open data, the process involved some 
technical issues, which have made decoding the data a huge task requiring huge compu
tational capacity to process TCGA data: 
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I got access to [data]. But then only to find that it was completely unprocessed data that we 
would have to do, and we’re talking of a very, very large collection that, like I said, wouldn’t be 
easy to do on a single computer. We would have to probably spend a lot of time finding out 
how to do this, the computation, in an efficient way. (case #3)

In Claire’s case, the problems were software-related; the team needed a range of different 
software to open the data files, and some members did not ‘have the right software’ for a 
particular file. They also ‘[did] not know which file [had] the data [they] want[ed] so that 
[was] a little bit more challenging’ (case #9). For Mary Smith (case #6), the problem was 
related to obtaining secondary data in the format she needed.

4.2. (A)synchronic interdependencies among conditions and resulting 
uncertainty

In this subsection, we show how changes to one of the elements or conditions affect 
other elements and conditions. In most cases, the data reuse process was lengthy. The 
most extreme case was case study #10: it took Argie nearly three years to obtain not 
all but just enough proprietary data from the clinical trials’ sponsors to make a scientific 
contribution. Supplemental material Analysis pp. 35 and 36 provides a summary of the 
temporal analysis, which shows that changes to/impacts on all elements and conditions 
of the theorized data-reuse mechanism are likely to occur during such a prolonged 
process. As discussed in subsection 4.1, most of the problems encountered could not 
have been anticipated; they mainly emerged asynchronously and introduced a high 
level of uncertainty into the data reuse process.

4.2.1. Changes to researchers and data
To our knowledge, researchers’ cognitive frameworks, training, and skills to obtain, inter
pret, and thus repurpose data remained constant in every case study. However, over time, 
the researchers inevitably developed a better understanding of the data as they obtained 
more variables, metadata, or data codebooks.

In case study #7, the researcher’s relational structure changed. Initially, Sarah Wilson as 
a public health officer whose performance was not driven by the reward system in science 
began reusing BORN Ontario data. Thus, at the beginning of the data reuse process, con
ditions C3 (data are an initial satisficing option) and C5 (an expected scientific contri
bution exists) were not met because Sarah’s goal was not to make a scientific 
contribution but to produce data-backed knowledge as the basis for an epidemiological 
surveillance report for the public health office. This affected how Sarah Wilson could 
access data and the types of recommendations and claims she could make based on 
her findings. When the public health office decided to stop the study, Sarah decided to 
continue working on the same area as a researcher affiliated to a research institution. 
This changed her relational structure and meant that conditions C3 and C5 were met. 
When we asked her for more detail on how her relational structure affected her causal 
powers and liabilities, she responded: 

Yeah, okay. Well, I’ll start with the transfer. So, a transfer can happen between BORN and the 
[public health] agency, but the amount of paperwork and process involved is at a very high 
level. So, it would be the hospital – I don’t actually understand the BORN process, but in our 
place it would be senior management negotiating like memorandums of agreement and 
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understanding. […] For the purposes of why I joined BORN [as a public health officer], 
that data transfer didn’t quite exist because that’s institution to institution, right?. […] 
When I work with the government and we’re trying to find something in surveillance, 
we don’t make policy recommendations. I’m not a policy analyst. I’m a surveillance 
analyst or an epidemiologist. So, what I say is the rates of diabetes are increasing, con
tinued surveillance is important, and rates of diabetes are increasing in this province 
and this province. […]. I never make the policy recommendation. I don’t make the inter
vention recommendation. […] And so I don’t do that in my role because that’s just not 
my role and that’s just not how we operate. If I’m doing this outside in academia I can 
say whatever I want because now I can say, ‘Okay, the rates are going up. We need to 
weight management interventions. We need earlier screening’. And I can be very pre
scriptive with what I think is important based on the research I’ve done because I’m 
no longer coming from the agency because there’s a lot of implications there, right? 
(case #7)

Sarah finally published a scientific contribution related to maternal and neonatal health 
with BORN Ontario data as a researcher and not as a public health officer.

In case study #3, the data properties changed, and this affected condition C3 (data 
are an initial satisficing option). Initially, the TCGA project data were satisficing (C3 
was met) and were expected to be sufficient to provide background knowledge to 
help David’s lab with its experiments. However, it was soon realized that the TCGA 
data were unprocessed (raw data). David and the rest of the team decided that 
the information that they expected to obtain to support their experimentation 
with primary data did not justify the time and extra effort that would be required 
to process the data. They lost interest in TCGA data due to their lack of technological 
and computing capacity required to process the data (C3 was unmet). However, 
sometime later, David revisited the data in the TCGA repository and found that 
the data collectors had now released processed data, which made the TCGA data 
satisficing (C3 was now met again).

4.2.2. How access regimes determine the sequence of conditions C1, C2, and C3
With open data, conditions C1 (researcher knows the data exist), C2 (data are obtained), 
and C3 (data are an initial satisficing option) may occur almost simultaneously. However, 
in the case of CAU data, condition C2 is not necessarily met before the researcher finds the 
data satisficing (C3). For instance, in case #6, after Mary obtained the data (C2), the value 
of condition C3 changed and the data were no longer a satisficing option. Mary requested 
record-level data from BORN staff for a student project due to begin in the summer for a 
four-month period. However, Mary and her student were able to access only data rates 
and not even aggregated data. Obtaining record-level data would have taken between 
12 and 18 months.

In the case of proprietary data, there is constant uncertainty about obtaining all the 
data required. Our findings show that this uncertainty can persist over several years. 
While initially, before the data are obtained, they may seem satisficing (C3), if the 
researcher manages to obtain the data, this can change the value of this condition 
(C3). Once data are obtained, they can stop being satisficing. In cases #8, #9, and #10, 
the researchers needed multiple data sets from several different clinical trial studies. 
Obtaining the data was impeded by legal and ethical requirements related to the data- 
sharing process. Conditions C1, C4 (the idea of collecting primary data is not a satisficing 
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option), and C5 were met. However, condition C3 could be met or unmet only after data 
were obtained (C2).

Our analysis shows that despite not having all the data sets and all the values, the inter
viewees had enough to allow them to write and publish their scientific contributions, 
meaning that condition C2 (data are obtained) was met in part. The (long) wait for 
access to the data was sustained by the researcher’s horizon (see discussion in section 4.3).

4.3. Scientific horizon and researcher tenacity

Uncertainty about eventually obtaining the data and whether the variables and their 
format would be usable meant that the interviewees were forced to exercise patience 
or abandon the data reuse process. Argie described how the decision to be patient 
was often accompanied by serious doubts: 

Of course I’ve thought about [giving up]. I was desperate at some point. I said, Oh my god. 
Especially for the Type I diabetes that we needed that license. I said, Yeah, ‘it’s not worth it’. 
Something that I have to give up. But then, I said, one last try […] The systematic review is 
already outdated. So, we have to rerun everything from the beginning. I was thinking, is 
this helpful for someone? The results will be helpful for someone or not? So, yeah, I 
thought about it. Now, I have a hope again that they are going to give us the data. 
Fingers crossed. So we probably won’t hear back from them this month. We will contact 
them again, yeah. (case #10)

In most cases, the long wait was sustained by the researcher’s willingness or need to 
pursue a particular scientific horizon i.e. to make a publishable scientific contribution, 
obtain a PhD degree, etc. Only in case #1 did David Cook abandon pursuing his research 
goal after considering his personal network of social, material, and institutional relations 
in the context of his bounded individual horizon and deciding that other scientific goals 
were more important: 

As for the GTEx project, I kind of gave up on writing [the perspectives article with GTEx data]. I 
thought the work I was doing on the project was informative, but I ended up prioritizing 
some other projects [in the lab] that I figured may be more beneficial to me [for his research 
career]. (case #1)

Case study #3 exemplifies how background knowledge can trigger data reuse but may 
not be sufficient to sustain the process if the problems that arise are considered too 
great to try to overcome. Initially, TCGA data were to be used as background knowledge 
to help the lab with its experiments, but when the team realized the scale of the barriers 
to reuse, they stopped the process. David explained that: 

We jumped ship and were like, okay, maybe this isn’t going to be the best opportunity for us. 
It was nice that the project didn’t require us to have this information, it was more this extra 
information to add to the story. So, that made it easier for us to abandon it. (case #3)

Not all decisions and actions were related to uncertainty about waiting times. Researchers 
were required continuously to make decisions and take action to adjust an initially envi
sioned contribution to the data they were able to locate, access, decode, and recontextua
lize. These changes depended on the researcher’s flexibility in relation to sacrificing an 
initial scientific horizon as discussed below.
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4.4. Sacrificing the initial scientific horizon with cognitive flexibility and 
practical actions

On reaching a self-imposed or required scientific horizon deadline, the researchers reas
sessed their expectations about the research goal and research method based on con
stant dialogue related to fitting secondary data and research questions in a dialogical 
way. These proactive and flexible cognitive-related actions included tweaking the 
research questions based on the limitations encountered or use of a different research 
method. For instance, when Deshayne realized that she had missing information on 
influenza for one of the five women in her study, she ‘had to drop that outcome comple
tely’ from the peer-reviewed paper (case #5). Mary originally requested individual BORN 
Ontario data, but due to BORN staff time constraints and work overload, was given 
access to only some aggregated data. She and her master’s student then ‘modified 
[their initial research question] based on the data [they] were able to obtain in the time
frame that [they] needed [to carry out the study]’ (case #6).

On finding that data on patients taking insulin and those not taking it were poorly cap
tured due to the many unknowns in the variable, Sarah’s (case #7) solution was to tweak 
her research question. She also adapted the research method by regrouping the variable 
values. Similarly, in the case of GTEX data, David said that he: 

revaluate[d] how [he] was looking at, and it kind of inspired a new research question. […] So, 
[he] had to rework the way [he] was kind of looking at the data, rather than saying let’s look at 
the expression gene A or gene B.

When we asked him to define his research question, he responded that: 

I have a pretty good rough idea … what my question is right now, but after all the data comes 
together, I mean, the question might shape and change a little bit. (case #1)

Argie, who was frustrated by the tedious and slow process of obtaining or accessing 
data from pharmaceutical companies, considered adapting the research questions or 
adapting ‘the protocol that [they] published in the beginning to what [they] ha[d] at 
hand so far’. When we told her that our understanding was that protocols could not be 
modified, she agreed and responded: 

But in an appendix, let’s say, we will say what are the differences from the protocol and the 
current paper, current complications. So we have to be clear and transparent, and we will 
mention all the differences […]. And expect them to be all. For example, even from the meth
odology part, I was hoping they would apply in one-stage analysis, but now I’m forced to 
apply two-stage analysis because I don’t have all the data in my computer. I have access 
to specific platforms for specific data, and so this actually forces me to do a case analysis. 
So, these differences should be clearly reported in the [appendix]. (case #10)

Other respondents resorted to alternative practical and managerial resources and 
actions. Claire’s employment of purposive actions to overcome a wide range of practical 
problems associated with early phases of secondary data collection is illustrative: 

[…] then we wrote to the last author and the first author of every team, and then we wrote to 
all the authors of every team so we had to find the email of every author. And then for those 
that we didn’t find, we phoned the institutions to ask, ‘Do you know what happened to this 
author?’ And then we have studies going back to 1975 and so some of them have moved on. 
So, one of them had retired, one of them has gone with no forwarding address, and there are 
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still 10 that we haven’t identified a contact. […] These people aren’t usually in their office, 
right? So, that has been difficult to fit in, but that’s just part of the process of following 
through. […] It’s messy. That’s how it goes like this. […] Another one, we offered support, 
she didn’t take us up on it. She’s the dean, so she’s very busy and the data [are] at another 
institution. She finally wrote to the other institution because we asked her, we put some 
pressure on her from friends and colleagues. […] And then, the third one, we offered 
support. Oh, because she was having a terrible crisis in her country and had to deal with 
it, and we said that we could provide some of the support if that would help to get the 
data, ‘cause it’s a recent study and we know she has the data, and she said, ‘It’s just too 
much of a crisis, that won’t help’. Finally, we put some pressure on her from higher pro
fessionals than me and she sent the data. (case #9)

Even in the case of authors who were willing to share their (proprietary) data, the 
re-use process was not straightforward. Some authors lacked the resources and time 
to curate and reformat the data. Claire ‘offer[ed] [them] a stipend to support like 
research assistant time to prepare the data or whatever’. Another impediment to 
sharing data was the pre-1990 RCT ethical review process. Claire ‘asked for an adden
dum to [their] ethics and they granted it, that authors could simply write [them] a 
letter to explain what ethical procedures were followed and why they [couldn’t] 
provide it’.

Cognitive and practical actions were complementary, intertwined, and often concur
rent. Only in retrospect did Argie realize that her contribution had probably not been 
worth the effort, time, funding, and energy invested. She explained the relevance of 
her scientific horizon for supporting her efforts to reuse the data: 

So, what I would say is that I believe it depends on the clinical field, on the clinical question, so 
sometimes we’re desperate and we need answers. Questions that have not been answered 
and cannot be answered using aggregated data. So in this case, I would say that, ‘yeah, it’s 
worth all this effort’. But now I still can’t answer the clinical question using the aggregated 
data. No, I wouldn’t try that again. So, it depends on what you’re trying to do, what you’re 
trying to answer. (case #10)

Without the willingness to sacrifice initial scientific horizons and without the cognitive 
capacity and tenacity to make multiple adjustments, such as tweaking research questions 
or employing different methods to the available data and variables, our interviewees’ data 
reuse process would have stopped at an early state, and the outcome would have been #1 
of the theorized data-reuse mechanism; that is, no use of secondary data after trying or 
considering the options.

5. Conclusion

This study seeks to contribute to a longstanding debate about the codification, circula
tion, and reuse of knowledge in scientific research. Specifically, our focus was the 
debate highlighted by Prof. Steinmueller and colleagues more than 20 years ago (Cohen
det and Steinmueller 2000; David and Steinmueller 1991; Foray and Steinmueller 2003) 
over the challenges associated with effective codification and decodification of knowl
edge, which are necessary to realize the full potential of knowledge sharing and data 
reuse in science. We suggest that this debate is even more relevant today when so 
much scientific knowledge is produced and codified in the form of research data that, 
in principle, is available for reuse by others.
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We examined ten cases across molecular/computational biology and epidemiology 
and showed that data reuse is a dynamic, socially embedded process shaped by the inter
play of both synchronic and diachronic relations among different elements and con
ditions that significantly increase the uncertainty involved in the process. It is precisely 
this uncertainty in combination with researchers’ tenacity, scientific horizon, and flexibility 
in sacrificing a horizon that enable reuse of data. Our analysis highlighted the centrality of 
the researcher’s bounded horizon (Aleixos-Borrás and López 2025) in sustaining reuse. 
Limited time, limited resources, and institutional conditions, for example, as well as the 
researcher’s relational structure can be constraints, but determination to contribute to 
science can result in purposive actions – either practical actions such as negotiating 
access or cognitive actions such as redefining the research questions. This dual role of 
agency underscores that data reuse is neither merely technical nor solely cognitive but 
is a dialogic process of fitting the data context to the researcher’s scientific goals 
(Aleixos-Borrás and López 2025).

Our findings demonstrate also that while access regimes, curation levels, and other 
socio-technical aspects are important, they do not fully determine whether or how 
data are reused. In particular, our evidence challenges the assumption that restrictive 
access regimes and poorly curated data deter reuse. In our study, in the case of proprie
tary or poorly curated data (case studies #8, #9 and #10) and CAU data (case studies #5, #6 
and #7), participants did not abandon the data reuse process. In fact, when the goal is a 
significant scientific contribution, researchers invest considerable efforts to overcome 
even very costly obstacles. Open data (case studies #1, #2, #3 and #4) allow a data 
reuse process that is more efficient in terms of the time and effort spent on accessing 
data.

It would seem that the researcher’s determination to achieve a meaningful scientific 
contribution is a decisive factor in pursuit of data reuse. That is, the scientific goal is 
more important than the convenience or availability of (non-)curated data, and what ulti
mately triggers and sustains data reuse. Researchers persist despite unanticipated costs, 
uncertainties, and technical or legal barriers, and mobilize both practical/managerial and 
cognitive strategies to adjust their project and expectations to what the data afford. This 
is explained by the theorized data-reuse mechanism that also shows that uncertainty, 
intertwined relations with a scientific horizon, and satisficing decision-making rather 
than optimal calculation often underpin sustained efforts over time.

These insights contribute to the literature both conceptually and methodologically. 
Conceptually, we have highlighted the need to reinsert researcher agency in contempor
ary discussion of open science, data infrastructures, and the so-called FAIR – findable, 
accessible, interoperable, and reusable principles, which show that data reuse depends 
as much on human motivation and capacity as on technical systems. Methodologically, 
the data-reuse mechanism offers a useful framework for future inquiries in other disci
plines and contexts. The mechanism is conceived as the result of the researcher’s 
ongoing decisions to achieve a prospective goal (a scientific contribution) for which 
the researcher expects to be rewarded. The mechanism draws attention to the extent 
to which it is the envisioned scientific contribution that motivates and fosters the 
process of data reuse which is often given sparse attention in existing accounts. In 
other words, the theorized explanatory model is underpinned by an understanding of 
causation deriving from teleological decision-making theory, in which X (the cause) 

ECONOMICS OF INNOVATION AND NEW TECHNOLOGY 19



does not lead to Y (the effect). Rather, it is Y (the effect) that triggers, impels, and sustains 
X (the cause). It is the researchers’ scientific horizon that ‘puts the process [of reusing data] 
in motion’ (Poole and Van de Ven 2010, 551). Thus, the data-reuse mechanism captures 
the process of calculating a bounded decision which ultimately allows the researcher 
to reuse data in order to create knowledge and make a scientific contribution.

Our study focused on two health-related subfields and a small number of cases. Future 
research should aim to broaden the empirical base by exploring how the data-reuse 
mechanism operates in other domains, under different institutional conditions, and 
under different reward structures. This might reveal alternative or conjunctural mechan
isms that sustain data reuse in science.

In sum, data reuse can be understood as a satisficing process in which the researcher’s 
agency is mobilized in pursuit of a scientific contribution. Data, infrastructure, and insti
tutional context matter and the findings from this study stress the need for policy 
support for accessibility to and robust curation of data. We also show that ultimately it 
is the researcher’s vision of making a knowledge contribution that sets the reuse 
process in motion and sustains it over time.
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