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Abstract

A cornerstone of the scientific method, the ability to reproduce and replicate the results of
research has gained widespread attention across the sciences in recent years. A corresponding
burst of energy into how to make research more reproducible and replicable has led to numerous
innovations. This article outlines some of the opportunities for geospatial researchers to
contribute to and learn from the broader reproducibility literature. We review practices developed
in related disciplines to improve the reproducibility and replicability of research and outline
current efforts to adapt those practices to geospatial analyses. The article then highlights the open
guestions, opportunities, and potential new directions in geospatial research related to R&R. We
stress that the path ahead will likely require a mixture of computational, geospatial, and
behavioral research that collectively addresses the many sides of reproducibility and replicability

issues.
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1. Introduction: a paradox and an opportunity

The ability to reproduce and replicate the work of other researchers has always been an
essential part of scientific inquiry (Merton 1976, NASEM 2019). Reproducibility—obtaining
results consistent with a prior study using the same materials, procedures, and conditions of
analysis—and Replicability—obtaining consistent findings across studies that aim to answer the
same question but with each study collecting and using its own data—are central to the
skeptical evaluation of claims, the identification and correction of errors, and the appraisal of
scientific explanations (Bollen et al. 2015, NASEM 2019)%. Repeated replication of a result
contributes to the credibility of the underlying claims. When researchers can replicate results
across time, space, or populations, they build toward the generalizability of an explanation.
Reproducible and replicable research can also accelerate scientific progress by making it easier
for researchers to build on the work of others. Across a range of scientific fields, work to
improve the reproducibility and replicability (R&R) of research is already underway (NASEM
2019). This article outlines some of the opportunities for geospatial researchers to contribute to
and learn from those ongoing efforts.

As with other forms of scientific inquiry, geospatial research currently faces a challenge
when it comes to the reproducibility and replicability (R&R) of research. To facilitate self-
correction, researchers must document the provenance of data and results and make that
information available to others. However, as geospatial research becomes more collaborative,
computationally intensive, and data-intensive, it can be challenging to maintain transparency.
Geospatial researchers as a community and GlScience as a field are ideally positioned to address
this challenge since both groups examine the issues that arise during the production and
analysis of geospatial information and the use of geospatial technologies (Goodchild 1992,
Duckham et al. 2003). It is somewhat surprising then that work on the R&R of geospatial
research is only beginning (Brunsdon 2016, Kedron et al. 2019, Kedron 2020, Singleton et al.
2016). Analyses of the geospatial literature suggest that it is currently challenging to reproduce
published work (Konkol et al. 2019a, Nust et al. 2018, Ostermann & Granell 2017), which has led
geospatial scholars to call for changes in research and teaching practices (Arribas-Bel & Reades
2018, Brunsdon & Singleton 2015, Holler 2019, Muenchow et al. 2019).

This paper is organized into four remaining sections. The following section describes how
changes in the practice of science have made it more challenging to reproduce and replicate

geospatial research. The third section reviews practices developed in related disciplines to

1 A detailed discussion of the definition and use of terms can be found in Barba (2018) and Plesser (2018).
We adopt the most common definitions and those used by the National Academy of Science, Engineering,
and Medicine (2019) in their consensus study report on reproducibility and replicability.



improve the R&R of research and outlines current efforts to adapt those practices to geospatial
analysis. The paper then highlights the open questions, opportunities, and potential new

directions in geospatial research before concluding with a discussion of the path ahead.

2. Collaboration, computation, big data, and scientific paradigms

The ability to reproduce or replicate research minimally requires the existence and
availability of the provenance of that research—an adequate record of how researchers
produced a result. For research involving computation, that record forms a research
compendium made up of a set of research artifacts that include details about research design,
data collection and transformation, analytical workflow, and computational environment, along
with the original data and code (Nust et al. 2017). Indeed, there is growing recognition that it is
the combination of these artifacts, along with the published manuscript, that collectively
comprises the scientific contribution of a study (Buckheit & Donoho 1995, Brinkman et al. 2019).
However, tracking and recording research provenance can be a time-consuming and challenging
task, and sharing all elements of a research compendium is not the norm in most disciplines
(NASEM 2019).

At least two changes in the practice of science, broadly, and geospatial research, specifically,
have brought the need to track and share research provenance to the forefront. First, research
has become a collaborative enterprise that often involves teams of researchers with specialized
knowledge working on problems that cross traditional disciplinary boundaries. Labeled
convergence research by the National Science Foundation (Roco and Bainbridge 2013,
Bainbridge and Roco 2016), these collaborations encourage scientists to integrate theories,
methods, and data to create new conceptual and analytical frameworks.

Existing at the intersection of geography, information science, computer science, and
numerous other disciplines, geospatial researchers have always engaged in convergence
research. However, working in teams presents a need to coordinate workflows in a way that
can make it challenging to document research provenance, particularly when collaborations
cross disciplines. The more people who work on a project, the more opportunities exist for
someone to fail to record a change made to data or an analytical decision. When the results of a
study depend on combining outputs from instruments or models in which only some members
of the team have expertise, it can be similarly challenging to develop a record-keeping strategy
or to recognize when team members are failing to fulfil their roles. Similar issues can arise when
researchers include groups not traditionally involved in the research process (e.g., citizen
scientists). Those groups may lack experience in recording provenance, or their involvement in

research may restrict the components of the research compendium that can be shared. At the



same time, these challenges may also create the pressure and environment needed to cultivate
innovation and develop of practices that foster R&R. Those developing convergence knowledge
may recognize that making research reproducible is one way to resolve the communication
challenges that inhibit their progress and work toward practice improvements. That process
might be facilitated by the co-development of research objectives, plans, and practices by
researchers, practitioners, and stakeholders that lies at the heart of convergence research. For
example, in geospatial research involving public participation, members of the public might
participate with the team in all aspects of the research, from the initial problem definition and
planning to the final analysis and inference. These interactions could create an environment for
the development of research practices that are domain-spanning and reproducible.

Second, the expanding amount and availability of data coupled with rising computing power
have changed traditional research processes. Presented as the third and fourth scientific
paradigms by Hey et al. (2009), researchers now use computing resources to numerically model
complex systems (3rd paradigm), or combine data- and computationally-intensive techniques
(e.g., deep learning) to identify patterns in large, complex datasets (4th paradigm). Using
computers has moved many of the details related to data acquisition, transformation, and
analysis out of publications and into code. Similarly, studies now regularly involve a
heterogeneous mixture of computational environments and quantities of data and code that are
too large to share through traditional publishing mechanisms. Reproducing and replicating
research relies on the tracking and availability of this information, which makes sharing code
essential. Even when code is shared, a researcher may find it challenging to recreate the
computational environment used during analysis without details about system and software
parameters. Technical solutions such as containers, which package code together with libraries
and dependencies so they can be run in different computer environments, can help mitigate
these issues. However, in many instances, code and information about the computational
environment(s) are not shared, as researchers responding to academic incentive systems may
view this information as a resource or product and seek to maximize the value they derive from
their work through publication (Baker 2016).

More broadly, computation is a tool that has reduced the cost and time to complete many
forms of analysis and made it easy to run many alternative analyses. How we use computing
power will determine its impact on R&R. As a negative, computation can be used to facilitate
specification searching (Leamer 1983, Humphreys et al. 2013) and selective reporting (Rosenthal
1979). A specification search occurs when a researcher, seeking to explain a phenomenon

through the construction of a model, tests alternative variable combinations and functional



forms. It remains common practice for that same researcher to report some, or only one, of
these many analyses. Selective reporting means that only a portion of the evidence generated
by that researcher is included in the published record. Combined with review-based incentives
to publish results that meet certain thresholds (e.g., statistical significance), omitting the
alternative results that did not reach those thresholds increases the chances that a reported
result is a false-positive (loannidis 2005). Geospatial research is susceptible to specification
search because spatial analyses require a well-documented set of apriori decisions that set the
parameters of analysis (e.g., the scale of analysis, representation of spatial relationships). While
those parameters can affect the results of a study, researchers typically do not have complete
knowledge of their actual values. This lack of knowledge widens the range of reasonable
specifications a researcher might explore.

As a concrete example, consider an analysis of the relationship between urbanization and
air quality in 289 Chinese cities conducted by Fang et al. (2015). Using a spatial regression
approach, the authors model air pollution levels as a function of several urbanization variables.
To conduct this analysis, the authors not only needed to select the set and combination of
explanatory variables; they also needed to choose a weight matrix that defines the spatial
relationships that exist among neighboring cities and which variables are subject to those spatial
relationships. Ultimately, Fang et al. report single specifications for an ordinary least squares, a
spatial lag, and a geographically weighted regression model, each executed with a single spatial
weights scheme. While the authors may have only examined this small set of specifications
during their analysis, it is also possible that they explored several other variable combinations
and spatial weights matrices. Such an approach would be reasonable if the authors did not have
strong prior beliefs about the appropriate structure of the spatial weights matrix. However, if
multiple matrices were tested, each iteration represents an additional set of hypothesis tests
conducted under slightly different functional forms. If only one of these many spatial regression
specifications is reported, these many other tests are not included in the literature and cannot
be replicated or reproduced. Two points stand out. First, from the published result, we have no
way of knowing if other analyses were conducted and not reported. Second, without that
knowledge, we cannot adequately assess the published result and, if additional analyses were
conducted, we cannot reproduce the research.

Alternatively, the development and increased use of computation in research can improve
R&R in at least two ways. First, computational power reduces the effort needed to conduct and
record some analysis, which makes it easier to conduct and share exploratory analyses.

Extending the above example, if Fang et al. did test numerous specifications, adding those



analyses to the published knowledge base could be accomplished by sharing the relevant code
and data. Second, computational power facilitates repeated analysis, which can also provide
insight into why reproductions and replications fail. For example, by repeating the air pollution
analysis for different sets of cities, researchers could detect changes in context that impact
observed relationships. Similarly, re-running the analysis with minor variations can help

researchers identify ambiguities within their workflow that hinder reproduction.

3. Existing efforts to improve the reproducibility and replicability

Efforts to improve the R&R of scientific research have taken different forms in different
disciplinary and institutional contexts. Nonetheless, all efforts focus on the two central causes
of non-reproducibility and non-replicability: the inadequate tracking of research provenance and
the need to share that record along with all artifacts of the research compendium. We organize
our discussion of existing efforts along these two dimensions and highlight how geospatial

researchers are beginning to adapt or mirror these developments.

3.1 Practices developed to improve the documentation of research provenance

Experimental science has a well-established procedure to record and share research
information dating back to Francis Bacon and the development of the written article (Stodden et
al. 2014). However, in areas such as geospatial research, where computation is an essential part
of the analysis, it is often difficult to document the provenance of research in a written article
alone. As an alternative, this information can be captured and shared as code. Consequently,
efforts to address R&R in computationally-intensive fields related to geospatial research have
focused on improving the capture of research provenance in code and the other digital artifacts
that collectively make up the research compendium of an analysis.

The development of interactive computational notebooks that allow researchers to combine
code and descriptive text is one change that has made it easier to record and share code in a
format interpretable by those without expert knowledge. Two of the most popular applications
supporting computational notebooks, Jupyter Notebooks and RMarkdown, have seen broad
adoption within the geospatial research community. CyberGIS-Jupyter (Yin et al. 2017) is
adapting the Jupyter framework to spatial analysis applications in a scalable, cloud-based
computing environment. This effort is one part of a more extensive project to address
computational sources of non-reproducibility through the development of scalable
cyberinfrastructure and the conceptualization of geospatial software standards (Wang 2010,

2016). Esri’s 2019 release of ArcGIS Notebooks (MacDonald and Kalisky 2019) and the



development of various GRASS GIS Notebooks (see GRASS WiKi 2020) mirror these efforts and
are attempts to improve the reproducibility in commercial and industrial practice.

While computational notebooks facilitate the recording and communication of research
provenance, they do not themselves contain the materials (e.g., data) needed to re-execute an
analysis. To compile all the digital artifacts and provenance information required to reproduce a
computational result together with a snapshot of the computational research environment,
researchers have developed programs to generate executable research compendia, colloquially
known as ‘containers’ (Boettiger 2015, Nust et al. 2017). When containers are correctly

compiled using applications such as Binder (http://mybinder.org) or WholeTale

(http://wholetale.org), researchers can re-execute an initial study under the exact conditions in

which the original study was computed with minimal additional effort. Konkol et al. (2020)
provide a concise review of ten such applications and how to integrate these tools into the
academic publication process. Within the geospatial community, the Opening Reproducible
Research project (http://o2r.info) is leading the development of open standards and software to
create executable research compendia for reproducible research. In a similar stream of work,

the Open Geospatial Consortium (OGC, https://www.ogc.org/) continues to develop and release

community standards for web-based geospatial data sharing and data processing designed to
facilitate interoperability across geospatial processing systems. These efforts are fundamental
to R&R because they promote interoperability among distributed and heterogeneous systems
through standardization and facilitate the reuse of research artifacts. The ability to reuse
research artifacts is the foundation for the cumulative progression of geospatial research and
our understanding of geospatial phenomena. By linking code to an API that follows certain
standards, the OGC makes it possible for a second user to invoke a function and parse the
results. The benefit of doing this is that even if the second user does not have the original code,
the user can call a module remotely and reproduce the results. Moreover, this invocation does
not require any configuration of the software environment by that second user, because these
details are already set in the cloud by the API provider.

While executable notebooks and containers can improve the recording of computational
components of research, they may not capture non-computational steps in the broader
scientific workflow of a project. As Bowers and Ludascher (2005) note, tracking scientific
workflows requires not only a record of dataflow but also a record of task coordination and
conceptual decision-making. Some of this information can be tracked using version control

systems like Git (https://git-scm.com/), or through the Open Science Framework (http://osf.io).

However, how well those systems map to different forms of computationally-intensive spatial
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analysis has not been systematically examined and is one avenue for future geospatial research.
As one way forward, researchers could test the adequacy of these systems by scrutinizing the
provenance records they create for geospatial workflows that involve multiple locations, diverse
research groups, and mixed methodologies that use both computational and non-computational
analyses. Examining this type of geospatial research may be particularly fruitful because it is
likely to present challenges the systems may not have been designed to address. Such workflow
studies could be built on an adaptation of the Open Provenance (PROV) Model

(https://www.opmw.org/model/OPMW/), which organizes workflow tracking within a formal

data model designed to accommodate information produced in heterogeneous research
environments. Accommodating agent-, entity-, and activity-centered provenance information,
the PROV Model may be well suited to recording geospatial workflows. Outlining and tracking
geospatial workflows with the PROV Model offers an opportunity to extend and operationalize
research into geospatial ontologies.

As an example, the PROV Model could be used to communicate the workflow procedures
captured in the geospatial cyberinfrastructure (GeoCl) platform recently introduced by Shao et
al. (2020). GeoCl links the web-based and open-source Python Spatial Analysis Library
(WebPySAL) with existing geospatial data search engines like PolarHub (Li et al. 2016) and allows
users to execute spatial analyses using non-local computing resources while also recovering
provenance information. Specifically, GeoCl automatically records software versioning,
analytical parameters, and metadata following the standards of the Open Geospatial
Consortium and returns that information to users in a bundle with results. Features that are
particularly useful for researchers using open software undergoing continuous development.
The entity, activity, agent types, and relationship definitions of the PROV Model could be used
to organize information recorded by GeoCl as part of a larger workflow that also captures team
member roles and actions outside the computer environment. For example, a Moran's | statistic
derived from a census dataset (entity) could be linked to the processing functions of WebPySAL
(activity), to the research assistant (agent) that executed the procedures, and to the investigator
(agent) that oversaw the production. Highlighting some of the key relationships of this
workflow, the PROV model could link the Moran's | statistic to the original dataset through the
wasDerivedFrom relation, the statistic to the research assistant through wasAttributedTo
relation, and the research assistant to the investigator through the actedOnBehalfOf relation.
Because the PROV Model can capture information that exists outside of the computational
environment, this approach can be extended to more complex spatial analyses. For example,

who collected and performed what forms of processing on samples during a field visit could be


https://www.opmw.org/model/OPMW/

modeled using the relationships of the model along with any analysis. Interview information
could be similarly recorded, as could information about the process of coding and theme
extraction common in many qualitative studies.

An alternative approach to the documentation of research provenance is to present in as
much detail as possible the steps and decision criteria of a scientific workflow in the form of a
pre-analysis plan. No single agreed-upon template exists that outlines the information that
should be included in a pre-analysis plan (Glennerster and Takavarasha 2012), but Christensen
et al. (2019) present a list of ten items around which consensus appears to be forming. This list
includes details about study design, sampling procedures, adjustments for multiple hypothesis
testing, statistical methods, and a registered timestamp of when the plan was created. Pre-
analysis plans perform their function best when they are placed in registries or filed with
funding agencies. The pre-registration of experimental design, data protocols, and analysis
plans is now the norm in medical research, and this practice is becoming more regular in other
fields (Christensen et al. 2019). Pre-registration facilitates replicability by limiting specification
searching and selective reporting, but presents the negative trade-off of constraining the
chances of unexpected and useful results emerging during exploratory analysis. Olken (2015)
reviews other positives and negatives of pre-registration for experimental designs, and Dal-Re et
al. (2014) offer similar treatment for the pre-registration of observational research. Both
authors also address practical questions related to the design of pre-analysis plans.

To our knowledge, the geospatial community has yet to deeply explore the possibilities of
pre-analysis plans and pre-registration or the practicalities of their implementation. The
existence of spatial autocorrelation and spatial non-stationarity in nearly all forms of geographic
data and processes will likely place additional demands on any geographic pre-analysis plan (see
Anselin et al. 2014 for some related results). For example, a geographic pre-analysis plan would
likely need to include an explicit statement of the scale(s) used in the analysis to restrict the
possibility of MAUP-induced false-positives. Similarly, research using spatial statistical methods
to explore or adjust for the impacts of spatial autocorrelation would need to outline and justify
the range of spatial weights matrices examined. Geographic analyses also face uncertainty
related to the conceptualization, measurement, and representation of phenomena in space.
When possible, an estimate of the spatial uncertainty expected in an analysis and how the
researchers plan to account for this issue should be included in any pre-analysis plan.

Geospatial researchers may be able to draw inspiration from the computer science
community, which has already begun to discuss pre-analysis standards and study registries. The

examination by Cockburn et al. (2018) of the pre-registration of research that investigates the



human—computer interface may be a fruitful starting point for geospatial researchers as the
field share features; with studies of spatial cognition. Several psychology journals have taken
pre-analysis plans a step further and have adopted a result-blind, peer-review process
(Chambers 2013). During this process, the pre-analysis plan is peer-reviewed before the authors
undertake any data collection or analysis. If reviewers decide the project has sufficient
scientific merit, the research receives in-principle acceptance and is published irrespective of the
results as long as the authors follow the original plan. Result-blind peer-review facilitates R&R
by simultaneously ensuring the transparency of research decisions and the full reporting of the
findings and evidence. The closest practice we are aware of in geospatial research is the peer
review of funded research proposals. However, in most cases, the plan of work set out in
proposals is not made publicly available, and funding, of course, does not guarantee adherence

to the plan or publication of results.

3.2 Practices to improve the transparency and availability of research artifacts

Many of the applications and practices created to track and record research provenance
also enhance the availability of research artifacts. Github can automatically render any
Markdown file produced using an executable notebook and share the detailed history of
development through its version-control system. The Open Science Framework provides an
open-source project management software that researchers can use to record the provenance
of their project. More broadly, digital repositories allow researchers to share the digital artifacts
and workflow information. There is no single set of guidelines and standards for the content of
digital repositories (Sandve et al. 2013, Stodden et al. 2014). However, one widely adopted set
of criteria is the FAIR standard, which requires that research artifacts be findable, accessible,
interoperable, and reusable (Wilkenson et al. 2016). Individual repositories generally house
discipline- or organization-specific content and can be searched through the Directory of Open
Access Repositories (OpenDOAR) and the Registry of Open Access Repositories (ROAR).

Subject searches of OpenDOAR and ROAR for repositories containing the artifacts of
geospatial research identified a total of 198 and 105 repositories, respectively, suggesting some
level of adoption within the discipline. However, a cursory review of these repositories indicates
that they currently appear to primarily house geographic datasets, digital copies of physical
artifacts (e.g., scanned copies of maps), and manuscripts. Provenance models, code, and pre-
analysis plans appear to be lacking. A systematic evaluation of the contents of digital
repositories housing geographic data could clarify what they contain and support an
investigation of the extent to which these repositories can be used to facilitate successful

reproductions and replications of geospatial research. Such a review does not currently exist.



While repositories facilitate the sharing of research artifacts, their impact on R&R can be
limited when privacy and ethical considerations restrict data sharing. It may not be feasible to
share data in some areas of geospatial research. Geospatial analyses involving human subjects
often requires that collected data not only be anonymized but that data also not be shared to
preserve confidentiality. For example, cognitive research focused on understanding spatial
reasoning and improving the usability of geographic information systems collects individual
performance on mapping tasks (Montello 2005), eye movements (Kiefer et al. 2017), and even
functional Magnetic Resonance Imaging of brain activity during spatial reasoning tasks (Moen et
al. 2020) that cannot be easily shared for privacy reasons. Participatory mapping exercises
conducted during a study may similarly create datasets that could adversely impact participants
if they were shared. The need to protect research subjects can be particularly difficult in a
geospatial analysis because even when the names and other identifying characteristics of
participants are removed, spatial attributes can often be used to identify research subjects
(Armstrong and Ruggles 2005, Giannotti and Pedreschi 2008).

Research artifacts needed to reproduce a result may also be unavailable because of a direct
prohibition on sharing by a data provider or research partner. Geospatial researchers studying
the spatial organization of industry or patterns of disease often rely on data sourced from
companies or healthcare organizations that not only prohibit data sharing but never allow data
to leave their secure sites. Stodden (2014) suggests that dual-licensing agreements that
distinguish between commercial and research uses of code and data may be one way to
overcome industry-imposed restrictions on sharing for competitive reasons. However, these
types of agreements may not apply to data whose release is restricted by HIPAA.

When geospatial data sharing is restricted for any of the reasons outlined above,
reproduction may not be possible. However, researchers in other disciplines have proposed
several different approaches to improve the reproducibility of research that relies on
confidential data. It may be possible to adapt those practices for geospatial analysis. When
geospatial data is held by a large institution; such as a government agency or large healthcare
provider network, one approach is to grant data access to a designated third party to conduct
certified reproductions on behalf of the geospatial research community. Perignon et al. (2019)
outline such a third-party certification scheme being implemented in France by the Certification

Agency for Scientific Code and Data (CASCAD, www.cascad.tech). Under this scheme, research

conducted using confidential data maintained by the French Statistical Institute and several
French ministries can be reproduced and reviewed by CASCAD and awarded a reproducibility

certificate backed by these ministries. An author can then include this certificate with their
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publication as proof of reproducibility. A similar scheme could be implemented with industry
partners. Alternatively, geospatial researchers working with industry partners to develop code
or analytical procedures could adapt existing systems used to check the robustness and
scalability of computer code as part of the commercial software development process.

Another approach is to increase the accessibility of confidential data by creating schemes
that grant individual researchers access to selected data stored in repositories. In collaboration
with the University of Michigan’s Inter-university Consortium for Political and Social Research
(ICPSR), Richardson and Kwan (funded by NSF award BCS-1832465) are developing standards,
practices, and a Geospatial Virtual Data Enclave that will allow individual researchers to access
and analyze remotely hosted, confidential spatial data (Richardson 2019). As important, these
researchers are creating a credential system that will allow researchers to access different types
of restricted data and track their access. These efforts represent a first step toward overcoming
an impediment to R&R: access to original, confidential data. However, both the ICPRS and CASD
initiatives only address situations in which data is stored in a repository.

Researchers have also developed strategies for situations in which confidential data cannot
be shared for ethical reasons. For example, Sheppard et al. (2017) propose that researchers
release the code used in an analysis, but rather than releasing the original data, create and
release a simulated dataset with characteristics that match the original data and an analysis of
that dataset using the original code. The authors argue that another researcher could then
reproduce the analysis of the matched simulated data using the original code and that this
would at least increase the transparency of the analysis and allow for critical evaluation of
analytical procedures. In geospatial research, such simulated data could be created to match the
spatial structures (e.g., autocorrelation) and attribute relationships in the original data. If a
researcher is working within a large team or working with a data-providing organization that has
related ongoing collaborations with other researcher groups, an arrangement could be made in
which another team member or research group conducts a reproduction to verify the results of
the original researcher. This arrangement is an imperfect solution as it raises questions related
to the independence of the reproduction and the incentives to undertake this work.
Nonetheless, it does offer one possible route toward reproduction.

Even without original data, the assessment of research facing industry or ethical restrictions
can be facilitated by focusing on the other dimension of reproducibility: the transparency and
sharing of other digital artifacts (e.g., code), details of analysis, and provenance as far as possible
under the restrictions of the data-providing partner. Transparency makes it easier for another

researcher to compare published results with related studies. When results such as estimated
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effect sizes are reported along with analytical parameters, meta-analytical techniques can be
used to place a result within the broader literature of results and simultaneously add new
evidence to the estimate of underlying effects. Similarly, transparency facilitates replication with
other organizations or industry partners willing to provide similar data. Examining the
economics literature, Coffman and Niederle (2015) argue that even a small number of
replication studies that use different data can correct the inaccurate beliefs.

Research data and code that could be shared may not be shared because researchers have
little incentive to do so. Researchers may view data and code as a resource that should be
sheltered to maximize publication numbers before being released (NASEM 2019). In this
instance, improving R&R requires addressing such perceptions and changing those incentive
systems in collaboration with a wide range of stakeholders, including universities, funding
institutions, publishing outlets, and practitioner groups. As an example, journal editors can
change the standard for publication in their respective journals, which will secondarily affect
how scholars practice geospatial research (McNutt 2014, Stodden et al. 2018). To move default
practices toward reproducibility, editors could minimally require that authors share data, code,
and information about computational environments of published work in addition to traditional
methodological descriptions. More generally, reproducibility could be a review criterion, and
reviewers could be asked to assess whether a study is, in principle, reproducible. Journal editors
could also recruit reproducibility editors tasked specifically with assessing reproducibility of
submitted work, just as cartographic editors ensure the quality of published figures and maps.
Publications could then be assigned ratings or badges, which certify the level of R&R achieved
(Kidwell et al. 2016). For example, the Association for Computing Machinery (2018)
recommends a three-badge system in which research is certified based on the level of
evaluation, artifact availability, and whether results have been replicated or reproduced.

Geospatial journals are only beginning to adopt such policies and standards. As a leading
example, this journal has a data-sharing policy that requires authors to make data and research
artifacts freely available and aligned with FAIR standards. This journal also suggests that authors
store data and executable code in a digital repository to facilitate R&R. More broadly, Wilson et
al. (2020) propose a five-star guide for sharing data and code in geospatial research that could
be used as a foundation for the development of similar policies across journals. Modeled after
the Berners-Lee (2009) system for publishing open data on the web, the guide is designed to
encourage the progressive adoption of R&R practices by researchers.

Geospatial research could benefit from further development and adaptation of these

standards to the unique aspects of spatial data analysis. As a start, an initiative within the
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Association of Geographic Information Laboratories in Europe is developing guidelines to assess
the reproducibility of publications, and is creating learning materials to disseminate best
practices for achieving the reproducibility of computational geospatial analyses (Nust et al.,
2020). A similar initiative here in the United States would be beneficial. However, the impact of
any change in submission policies will depend on the response of the geospatial research
community. If researchers refuse to share data and code, or simply choose not to publish in
outlets with such requirements, institutional changes will have limited impact. A better
understanding of community perceptions of sharing requirements and capacity to meet such
standards is also needed. If support is not there from the research community, any development
aimed at improving R&R will be unlikely to succeed. Equally, if stringent R&R requirements deter
researchers from publishing important findings, the loss from implementing an R&R strategy
might outweigh the gains.

Finally, a key challenge to fostering R&R will be recognizing when data are being withheld by
choice, under the terms of an agreement with a data providing organization, or due to ethical
and privacy concerns, and which institutions have influence over the transparency and
availability of specific research artifacts. If a geospatial researcher cannot share data for ethical
reasons or because an industry partner is restricting the release of data, that research should
not be kept from the published record. However, in the latter case, there may be ways to make
agreements for limited data sharing with industry partners before analysis. Protocols and
templates maintained by university technology transfer offices may be useful as models for such
contracts. University foundations that regularly facilitate funded research with private industry

partners may be another source of model agreements.

4. Emerging questions, open opportunities: the path toward
reproducible and replicable geospatial research

Work to improve R&R across the sciences can serve as the building blocks for the
improvement of R&R in geospatial research. Building on advances from related fields will be a
process of adaptation. To be successful, geospatial researchers will need to consider how the
characteristics of spatial data and spatial processes will shape our ability to use the technologies
and practices developed in other fields. This will be no small task, as how to conceptualize R&R
in geospatial research, how to account for the common characteristics of spatial analysis, and

how to incorporate R&R into geospatial training remain open questions.
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4.1 Conceptualizing R&R in geospatial research

If making research more reproducible and replicable is to improve the production of
geospatial knowledge, it is critical to define and identify the role we expect R&R to play in
different types of geospatial research. While it may be reasonable to expect geospatial analysis
to be reproducible, it is less clear whether or not geospatial research should be replicable.
When does a change in the location, time, or context of a second study represent enough of a
difference that we should no longer expect a result to replicate? A related practical question is
how do we determine the consistency of results of studies addressing the same problem using
different data and methods, possibly collected from different locations. How changes in spatial
context affect the operation of spatial processes has been a question at the heart of geography
since at least the Hartshorne-Schaefer debate. As the scientific mechanism used to test and re-
test results, R&R can be directly linked to this debate and used to empirically examine this long-
standing question (Sui and Kedron 2020).

In the geospatial sciences, it is the failure to replicate across space and time that is most in
need of a formal framework (Goodchild et al. 2020). However, creating a single uniform
standard applicable across the discipline will be difficult for at least three reasons. First, some
amount of natural variation exists in any geospatial system, and any formal framework defining
replication across space and time should account for that variation in its definition of
consistency. Second, geospatial researchers study a range of systems that vary in complexity
and controllability. The more complex and less controllable a system, the more difficult it is to
estimate its natural variation and create a definition of consistency. Third, geospatial
researchers use different approaches and methods to examine the systems they study, and it is
not clear how to construct standards of comparison across approaches. Even in cases where the
definition of consistency focuses on quantitative measures such as effect size and variance,
estimates produced using different techniques may not rest on the same system of inference
(e.g., machine learning versus conventional regression), complicating their comparison.

A related set of challenges that will need to be addressed during the development of any
R&R framework for geospatial research is the need to share the conceptualizations and
situational influences that become embedded and fixed in data and code during the research
process. While it may be possible to reproduce or replicate a research finding with data and
code alone, this will add limited value to the body of knowledge without a clear understanding
of the conceptual underpinnings of the research and the specific situations that may affect their
objectivity (Pickles 1995, 1999, Shuurman 2008). Sharing the conceptualization of research has

been traditionally achieved by the written article, which makes clarifying and preserving links
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between data, code, and the written explanation of research design and decision making
essential to understanding the implications of a reproduction or a replication. Recent technical
developments, such as computational notebooks, bindings, and executable research papers,
offer new ways to link the written article with code and data. However, these developments
primarily improve our capture of what Gahegan and Pike (2006) label the syntax of knowledge
production - the mechanics of representation and encoding of knowledge. A complete
description of the research process would also capture and share the conceptual structures of
research (semantics) and the surrounding situations (pragmatics). These aspects of the research
process warrant further attention.

Geospatial ontologies that formalize conceptualizations of geospatial entities and the
relationships among them are one means of capturing semantic information. To facilitate R&R,
it would be fruitful to develop domain-specific ontologies of geospatial phenomena further but
to also link those ontologies with the ontologies and structures of the provenance models and
open data platforms that act as the means of sharing geospatial data and code. However,
ontological research alone does not address the situational constraints on the creation of
geospatial knowledge. One path toward gathering and sharing the situational information that
may impact R&R is to expand the study of and development of database ethnographies
(Schuurman 2008) that link context to data. More broadly, it may be useful to consider critical
portions of data or code created during a study as boundary objects (Star and Griesemer 1989)
that temporarily stabilize a concept and allow for communication between groups. This
approach would acknowledge, and at least partially record, how concepts are operationalized
and help us track conceptual and operational changes through time. Recognizing and
developing systems capable of accounting for the situational nature of research and the
instability of concepts and definitions as fields evolve remains a crucial challenge to not only
R&R but to the reuse of the code and data (Gupta and Gahegan 2020).

A framework for replication can be built by addressing these challenges. One key to
progress will be recognizing that the primary purpose of replication is not identifying whether a
single study is replicable, but whether the entire set of studies addressing the same question
collectively point toward the same answer. In this framing of replication, we can think of any
particular study as a single data point within a collection of related studies. It may also be useful
for GlIScience to develop an assessment framework for individual studies that recognize
replicability not as a binary success-failure measure, but as existing along a spectrum. Such a
structure would not only adjust for characteristics of the system under study but also assess the

degree to which different dimensions (e.g., magnitude, direction) of a replication study are
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consistent with the results of a set of related studies. If we allow space to be a key variable
across the set of studies, this approach creates an opportunity to examine the accumulation and
strength of evidence about a question across locations and to use triangulation through the
application of different approaches and methods to establish degrees of belief. However, any
framework for replication in geospatial research must be supported by the development of
practices that capture and communicate how the geospatial phenomena under examination are
conceptualized and how the operationalization of those conceptualizations is linked to

situational influences. Workshops held at Arizona State University (http://osf.io/gvp3q) and the

University of Arkansas (https://cast.uark.edu/events/giscience.php) have begun the effort to

synthesize comparable approaches in related disciplines.

4.2 Considering the characteristics of geospatial analysis

Research can only be reproduced when information about how an analysis was conducted
and the data in that analysis are available. In geospatial research, the details necessary for
reproduction include information about how spatial processes were conceptualized, measured
through spatial data, and then operationalized during analysis. Because these decisions are
imperfect, different forms of uncertainty will enter into any geospatial analysis. To the extent
possible, researchers should also address what action they took to account for the spatial
uncertainties. The effects of uncertainty and the operationalization of spatial processes are
well-documented within the literature. However, these geospatial issues do not appear in the

badge systems, publication guidelines, or pre-analysis plan templates used in other fields.

Building publication guidelines, badge systems, and planning templates around the main
characteristics of spatial processes (e.g., spatial non-stationarity and spatial dependence) would
be a practical step toward developing a formal framework for replication in geospatial research.
Greater clarity on how geospatial analyses are constructed will allow others to better set
expectations about whether a result should replicate across space. For example, if a researcher
selected a weight matrix to capture a dispersion process that is constrained by some physical
law around fixed source locations, a second researcher might reasonably expect that process,
and the weight matrix that represents it, to be applicable in other places subject to the
interference of other confounding effects. However, if a researcher selected a weight matrix to
represent a diffusion process through a socio-spatial network, a second researcher may not
expect that same matrix to apply in another location. Building guidelines that outline how this
type of information should be reported, or applications that automate their recording, would be

a practical way to improve the R&R of geospatial research.
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4.3 Improving R&R through education and training

Ensuring lasting change that will sustain a culture of R&R in geospatial research requires not
only cultivating an expectation that research is reproducible but training the next generation of
scientists and practitioners to work in reproducible ways. There is an opportunity to develop
new geospatial curricula at both the undergraduate and graduate levels to educate students
about the importance of sharing and communicating research information by focusing
instruction on the reproduction of prior research. Just as the lab sciences teach concepts by
reproducing seminal experiments, educators can teach critical lessons and techniques by
reproducing results from the geospatial literature. Geospatial problems offer fertile ground for
educators to collaborate with students to examine what forms of reproducibility can be
expected when analyzing different problems using different methods and tools. Combined with
open platforms such as R and QGIS, training students and practitioners to do reproducible and
replicable work creates an opportunity to enliven perhaps unexpected areas of research. For
example, Holler (2019) argues that teaching open and reproducible research practices creates
new lines of inquiry within critical GIScience because reproducible work expands our ability to
critically scrutinize all aspects of the research process and resituate that process in different
conceptual and methodological frameworks. At the same time, student researchers pursuing
replications can fill the need for replications of geospatial research while also learning
fundamental concepts and practices. If well documented, this type of educational experience
may also produce a series of case studies that could be used to communicate key challenges to

R&R in geospatial research and solutions developed to address them.

5. The path ahead

Making geospatial research more reproducible and replicable depends on identifying how
computation, collaboration, and data availability make it challenging to record and share
provenance, and then developing the science and scientific practices needed to create those
results. This is a task for GIScience, but not one the field will have to start from scratch.
Geospatial researchers can begin to develop the necessary science by building on the
conceptual, technical, and institutional advances developed in related fields of study. As the
first step in this direction, this article alerts readers to those advances and highlights the early
work of those in the geospatial research community. As a second step, this article outlines
opportunities and challenges to building on those advances in geospatial research.

Opportunities to expand upon existing work abound, but researchers seeking to contribute
to this emerging research area must consider the special nature of R&R in geospatial studies. As

a field, we have yet to set expectations about the R&R of geospatial research in space and time,
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define how to assess R&R, or identify the practices we expect to improve R&R. Recent actions
taken by this journal that require authors to share data and code are encouraging first steps, as
are attempts to create publication guidelines and platforms to securely share confidential
geospatial data. Building on these projects can open a path toward more efficient geospatial
knowledge production and the more effective application of that knowledge to real-world
problem-solving. At the same time, creating the behavioral changes necessary for a widespread
shift toward R&R in geospatial research will be a challenge. The availability of tools and
techniques that facilitate R&R research practices does not imply their adoption, and working in
an R&R manner does not necessarily mean that research results will be credible or reliable. It is
possible to imagine a negative case where expanding R&R requirements, in fact, disincentivizes
the undertaking insightful research, particularly exploratory research. This need not be the case
if we attend to all sides of the issue. Creating better research practices and better research will
depend on moving forward with a balanced approach that addresses the technical issues rooted
in computational science, conceptual issues rooted in geospatial problem solving, and practical

issues rooted in the behavioral and social sciences.

Data and Codes Availability Statement

Data sharing is not applicable to this article as no new data were created nor analyzed in this
study.
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