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1. Introduction

The climate crisis illustrates the need for earth and
environmental models to critically assess the planet’s
past and future by translating emissions into climate
signals and subsequent impacts regarding floods,
droughts, heatwaves, and other hazards. While com-
putational models grow in relevance by guiding
policies and public discourse (Saltelli et al 2020), our
trust in these models is put to the test. A recent
study estimates that 93% of hydrology and water
resources publications cannot be reproduced (Stagge
et al 2019). In this perspective, we question whether
we are amid a reproducibility crisis in the computa-
tional earth and environmental sciences (shortened
to earth sciences in the following) and take a peek
behind the curtain of everyday research.

Software development has become an integral
part of research in many areas (Virtanen et al
2020), including the earth sciences, where computa-
tionalmodels and data processing algorithms become
increasingly sophisticated to solve the challenges of
our time, like simulating the impacts of a changing
climate. Paradoxically, this development threatens
scientific progress: reproducibility, an essential pillar
of science, is increasingly difficult to reach as soft-
ware and data are often inaccessible (Añel et al 2021,
Hutton et al 2016, Peng 2011). While retracing results
through independent implementations is important,
access to the original computational experiment is key
to understanding critical explicit or implicit assump-
tions and their effect on the experiment’s results
(Stodden et al 2016).

This trend is particularly worrisome as scientific
results have potentially controversial implications for
stakeholders and policymakers and may influence
public opinion and decisions for a long time (Munafò
et al 2017). In recent years, progress towards Open

Science (Hall et al 2022) and the implementation
of FAIR (findable, accessible, interoperable, reusable)
principles (Wilkinson et al 2016) has led to more
publishers demanding access to data and source
code alongside peer-reviewedmanuscripts (e.g. GMD
2019).

We argue that we insufficiently understand how
the earth science community attempts to reproduce
computational results and what challenges they face
in this effort. To what do scientists attribute this lack
of computational reproducibility, and what are pos-
sible solutions?

To lay a path for a future where Open Science
is the norm, we let the community speak on what
they think is necessary and paint a picture of a future
that fosters computational reproducibility and thus
trust. Our non-representative poll through a web-
based survey revealed that: (a) the lack of reproducib-
ility is jeopardizing trust in computational research,
(b) that there is a considerable lack of knowledge on
establishing software development methods, and (c)
that Open Science is still not widely practiced.

2. Methods

Following established standards on the design of
polls, questions were composed based on a list of
initial hypotheses (supplement available online at
stacks.iop.org/ERL/17/041005/mmedia) in multiple
brainstorming sessions. The initial set of questions
was then integrated into a polling tool (soscisur-
vey.de) and pretested with a selected focus group of
ten researchers not involved in the study’s design,
including PhD students, three professors, postdoc-
toral researchers, and one head of a research institute.
Half of the focus group consisted of researchers with
a global modeling background; others had varying
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regional backgrounds in hydrology. Their feedback
was used to revise the initial set of questions.

The poll features 21 questions grouped into four
categories: demographic information, opinion, beha-
vior, and solutions (supplement). The poll is biased
towards scientists from the hydrology (figure S2)
community due to the scientific background of the
authors and their access to distribution channels (see
supplement for biases and sampling limitations).

Our definition of reproducibility was stated
prominently at the beginning of the poll. Further,
it was added as a ‘tooltip’ to every mention of the
term to ensure that participants would always relate
their answers to our definition. Definitions of the
term reproducibility differ broadly among scientists
and fields (e.g. Goodman et al 2016; www.acm.org/
publications/policies/artifact-review-and-badging-
current). Here we follow Stodden et al (2016) in their
assessment that without being able to redo the exact
experiment (methods reproducibility Goodman et al
(2016)) we cannot advance our science because we
will not be able to assess which assumptionsmay have
led to the outcomes (results reproducibility Goodman
et al (2016)). Thus, for the presented poll, we chose
to define reproducibility as: ‘results obtained by a
modeling experiment should be achieved again with
a high degree of agreement when the study is replic-
ated with the same model design, inputs, and general
methodology by different researchers. We explicitly
exclude the retracing of results by means of using
a different modeling environment (including vari-
ations in model concept, algorithms, input data or
methodology)’.

A total of 347 participants from multiple fields
within the earth sciences participated (figure S2) dur-
ing 2 months in spring 2021. A large number of 265
participants completed all of the poll questions and
were included in the shown analysis. All plots can be
automatically reproduced from the raw data in the
supplemental material.

3. The lack of reproducibility is
jeopardizing trust in our results

The poll shows that reproducibility is a topic in the
computational earth sciences that urgently requires
our attention. Only 3% of participants strongly agree
that most science in their field is reproducible, while
the majority disagrees, highlighting that reproducib-
ility is a significant issue which jeopardizes the trust
in our computational science (figure 1). This percep-
tion shows no correlation to the career stage. How-
ever, the results also show a statistically significant
discrepancy between how researchers see themselves
and how they perceive others in their field: the major-
ity believes their own science is reproducible and
agree that they themselves could teach reproducibility
methods (figure 1).

Overall, 59% of all participants never ran some-
body else’s model to reproduce their results, and 48%
never used their own model to attempt reproducing
the conclusions derived from other models. These
results align with previous polls’ findings that did
not focus on the earth sciences or specifically any
computational sciences (Baker 2016). However, while
the broader scientific community regarded selective
reporting and pressure to publish as the main reas-
ons for lack of reproducibility (Baker 2016) (reasons
alsomentioned by our participants), our results high-
light that reasons aremanifold and possibly specific to
computational sciences.

A majority of our poll participants agreed that
they lack resources to improve reproducibility more
than the necessary knowledge (figure 1). From the
available options, a poorly documented workflow
(77%) and a lack of code documentation (76%)
showed the highest agreement among participants
as a reason for the lack of reproducibility, followed
closely (75%) by code and data availability.

If code and input data availability is one of the
main reasons for the lack of reproducibility in the
earth sciences, what keeps researchers from publish-
ing their code? Twenty-nine percent of participants
already publish all their code as Open Source, while
33% said that themain reason for not publishing their
code is a lack of funding. Only 9% mentioned the
fear of losing the lead on other groups not to publish
their code. Other reasons were a fear that the code is
too complex to understand for others, poorly docu-
mented, a general supervisor opposition, or shyness
and doubt if the code is helpful to others.

4. Perceptions of the research community:
paths towards reproducibility

What are the paths to increase reproducibility in the
computational sciences? According to our poll, a solu-
tion can be found in one of the causes. Increased and
specific funding is mentioned as a leading answer to
the current lack of reproducibility (figure 2). This
differs from an extensive poll among scientists from
various fields which did not focus on computational
earth sciences where ‘better understanding of statist-
ics’ was a primary factor that could boost reproducib-
ility (Baker 2016). Clearly, solutions to increase com-
putational reproducibility differ from solutions for
empirical research from other fields.

While funding received the highest agreement
(80%), other proposed solutions such as insti-
tutional Open Source guidelines (75%), internal
review (73%), or including code review in the peer-
review process (72%) were also positively rated
(figure 2). Additionally, scientists participating in the
poll provided their own solutions in an open text
field. The proposed solutions can be clustered into
four major categories discussed in the following with
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Figure 1. Polling results (n= 265) of perception and lack of reproducibility (bar charts) and summary of figure S4 on how the
community develops and uses code.

Figure 2. Polling results (n= 265) on proposed solutions to increase reproducibility and voices from the community on fostering
reproducibility.

exemplarity quotes from the poll shown in figure 2
(detailed information in the supplement).

A significant hurdle for reproducibility is a lack of
code and input data (figure 1). Thus, sharing code and
data is one of themostmentioned solution to increase
reproducibility. Scientific journals are a significant
puzzle piece in supporting this transition (figure 2).

Knowledge about software development meth-
ods is limited as most earth scientists are self-taught
programmers (figure 1). As a result, multiple poll

participants call for increased efforts in teaching soft-
ware engineering methods (figure 2). On the other
hand, participants also argue that earth scientists are
not software engineers, and thus the solution is to hire
specialized research software engineers. This is also
discussed in Hut et al (2017).

Another aspect of increasing reproducibility is
funding opportunities, as the continuous call for
innovation leaves no room to reinforce or ques-
tion existing knowledge (figure 2). A parallel issue
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is the pressure to publish in the academic career
system.

While most answers can be found in the first
three categories, other researchers see obstacles that
are not easily overcome, for example, extensive com-
putational requirements in specific fields like climate
modeling (figure 2).Others see a challenge in progress
itself and feel overwhelmed.

5. Perspective

Reproducibility and open science are gaining
increasing attention (e.g. Hall et al 2022), and all
over the world, initiatives for open science and
reproducibility like the Reproducibility Network
(ukrn.org/international-networks) and dedicated
journals (rescience.github.io, joss.theoj.org) are
founded. However, reproducibility is challenging and
requires additional resources to document processing
steps and assumptions (Thornton et al 2005). Even
reproducing one’s research from the past can be very
difficult (Perkel 2020). While the poll participants
agree that computational research is currently not
reproducible, the majority of researchers are keen on
improving beyond the current state.

The results presented here are an explorative
snapshot on this topic and possibly not representative
for the whole earth science community. Nevertheless,
we deem the results crucial and urgent enough to be
discussed in a broader context.

To progress, wider availability of code and input
data is crucial. However, this requires resources to be
supported through existing or novel funding frame-
works (Knowles et al 2021). Such changes require
systematic alterations to how we attribute academic
success. Time spent on these issues will limit writing
papers. We require adequate acknowledgment of the
additional work required to publish reproducible sci-
ence and thus good research software.

Most researchers are autodidacts when devel-
oping software and lack the necessary knowledge
on industrial standard code development methods
and software licensing.Well-tested industry-standard
code is assumed to have 10–15 bugs per 1000 lines
of code (McConnell 2016). We can only speculate
what this frequency looks like for research code, with
dire consequences for the validity of our research.
Access to software engineers through universities
and institutions is a possible counter-measure that
should be encouraged and could ultimately lead to a
more robust software and better and more impactful
research (Hut et al 2017).

Multiple solutions have been proposed to tackle
the outlined issues. Using software containers (tech-
nology that bundles an application together with
all requirements, such as libraries, for running the
software) to distribute models to different com-
puting environments allows for easier access to
experiments and dynamically compiled documents

(Nüst et al 2020; supplement for additional ref-
erences); automated executions of the code dur-
ing peer review process allow for a more trans-
parent connection of experiment and publication
(codecheck.org.uk/project). Some journals have
taken the step of enforcing rules on code and data
availability. Others have started to find synergies in
teaching postgraduates from different fields in joint
programs or written guidelines for their respective
communities for Open Science.

As the computational earth sciences progress to
even more challenging methods like artificial intel-
ligence, it is time to change how we utilize existing
methods and ideas to improve the reproducibility of
our computational research. An investment in repro-
ducible research design will pay off (Raphael et al
2020).

To progress towards more reproducible compu-
tational earth science that will ultimately foster trust
in our model results, we need to move towards a
holistic (manuscripts, data, and software develop-
ment together in an Open Science framework under
FAIR principles (Wilkinson et al 2016)) and transpar-
ent computational science (we propose such a path
of change in figure S5). By utilizing Open Science
guidelines and increasing our knowledge about tools,
methods, and Open Source licenses, we can approach
a future where sharing is the norm and where we can
jointly verify and improve our research software.

With ever-increasing data amounts, e.g. through
higher resolution satellite data and driven by the
pressing matters of global change, earth and envir-
onmental research will remain at the frontier of big-
data analysis and complex model development. To
face these challenges, without losing sight of our
scientific foundation and thus society’s trust, we
need to increase our efforts for reproducibility and
adapt established code development methods that
will increase code quality, code development effi-
ciency, and finally, also increase reproducibility.
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