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Abstract. This study extends previous research on CMIP5 models to investigate the reproducibility of climate models within
the Coupled Model Intercomparison Project (CMIP). It evaluates the accessibility to the source code of the CMIP models
through all their phases, emphasizing the need for public repositories to ensure transparency regarding model input, output,
and usage rights, along with an analysis of licenses for compliance with scientific standards. A central focus of the research is
the assessment of code quality against best practices. In addition, the study examines the historical evolution of computational
and code quality across various phases of CMIP, highlighting progress and improving traceability to support scientific repro-
ducibility. We provide valuable insights for future research, proposing solutions and tools designed to improve replicability

and enhance project lifecycles that are applicable not only to CMIP but also to broader scientific contexts.

1 Introduction

Reproducibility is a cornerstone of science and the scientific method, and the challenge of achieving reproducible science when
computational methods are involved is well known (Aifiel, 2011; Costa et al., 2024; Wu et al., 2024). In recent years, it has been
a topic that is recurrently discussed by the scientific community (e.g., Allison et al. (2018); Stodden et al. (2018)).

Ensuring computational scientific reproducibility (CSR) requires addressing a variety of issues when designing and using
models, particularly in climate models (Afel, 2017). Among these issues are legal aspects of software distribution and in-
tellectual property, which are often unknown to researchers. Several studies have revealed very low levels of CSR (Allison
et al., 2018; Stodden et al., 2018). Efforts to address the problem have included informal initiatives, such as documenting the
accessibility of climate models (Easterbrook, 2009; RealClimate.org, 2009), as well as more formal assessments that evaluate
model quality and transparency (e.g., Pipitone and Easterbrook (2012); Anel et al. (2021)).

Improving the CSR is possible through a range of actions. For example, journals may adopt code and data policies (Stodden
et al., 2013; Geosc. Model Dev. Editors, 2015; Nature, 2018), while resarchers can follow recommended practices such as
providing complete software documentation, structuring code into functions or modules, and publishing code and data in
trusted repositories that ensure long-term preservation with permanent identifiers such as a Digital Object Identifier (DOI)

(Wilson et al., 2017).
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In some research fields, it is common practice to publish detailed methodological information. However, this habit is far less
widespread in the development, maintenance, and scientific reproducibility of climate models (Afiel et al., 2021). It remains
concerning that the underlying model code is often not available, especially given its fundamental role in scientific research.
Beyond basic scientific transparency, there are additional reasons to support the availability of climate models code, including
the need to preserve knowledge about the development cycles of these models. Moreover, previous studies have shown that
climate models frequently lack adequate documentation (Wieters and Fritzsch, 2018).

Climate models have evolved over decades, from early attempts that simulated basic processes (radiative balance, con-
vection, terrestrial rotation, etc.) to comprehensive systems that represent interactions among major subsystems such as the
atmosphere, ocean, and land. In many cases, these early models gradually developed into the sophisticated models used today.
Originally, research and development of models was undertaken independently by research groups around the world. How-
ever, in 1995, a collaborative approach emerged that aimed to share progress and results among groups, thus contributing to
a better understanding of the problem of global climate modelling and climate change. This initiative became the ‘Coupled
Model Intercomparison Project’ (CMIP, 2025a) (CMIP), which is now in its seventh phase (CMIP7). Over the years, CMIP has
undergone several phases, and its evolution (CMIP, 2025b) has raised several methodological questions, some of which had
previously been discussed in other research fields, and adapted here to climate modelling. These include to define standardized
experimental protocols, how to ensure reproducibility of simulations, or how to manage uncertainty and ensemble approaches.

In parallel with the development of climate models, software design practices have also advanced. Since the early days of
software, code quality has been a major concern, and numerous approaches to asses it were proposed more than forty-five years
ago (e.g. McCall et al. (1977); Boehm (1986)). While many of the early ideas about software quality are now outdated due to
changes in computer architectures, software quality metrics have continued to evolve to address current needs.

More recently, the quality of software used in science and engineering has become a critical issue, given its direct impact
on reproducibility and replicability (Asociation for Computing Machinery, 2020). Ensuring that scientific results can be repro-
duced requires not only high-quality code but also its availability and proper documentation. The lack of formal programming
training among scientists, often leading to software-related challenges (Baxter et al., 2006), has long been recognized as a
barrier to achieving this goal. Nevertheless, scientific software development has improved as researchers adopt best practices
from broader software engineering fields (Nguyen-Hoan et al., 2010; Arvanitou et al., 2021).

Previous studies have shown that scientific software still has substantial room for improvement (Kanewala and Bieman,
2014a; Trisovic et al., 2022). Consequently, several authors have proposed best practices to enhance scientific software quality,
development workflows, and code accessibility (Wilson et al., 2014; Riesch et al., 2020; Hunter-Zinck et al., 2021). However,
the issue remains complex. Early software development faced strict hardware limitations, which required careful resource
optimization. Over time, exponential increases in computing power have often masked the consequences of suboptimal code
(Moore, 1965). With the widespread use of outsourced computing resources and cloud technologies in scientific research and
climate modelling (Afiel et al., 2020), where resources may appear virtually unlimited, the perceived impact of inefficient
code is diminished. For instance, climate modelling experiments often run on supercomputers for months and consume vast

computational resources, which may unintentionally reinforce this perception.
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Given these challenges, this work provides an analysis of the current state of the art of the accessibility and static code quality
of the CMIP models across all their historical phases, from CMIP1 to CMIP6. This study complements existing research in
the field (Durack et al., 2025) and extends our previous efforts focused on models from the fifth phase of the CMIP (CMIPS)
(Afel et al., 2021), a broader analysis repeatedly requested by some of our research peers in the climate modelling community.
Section 2 describes the Methods used in this work, Section 3 evaluates the accessibility to the model code, Section 4 examines
the programming language used in CMIP models, Section 5 presents results from static code analysis for the different models,

and finally we offer a discussion and conclusions.

2 Methods

To verify the availability of the models, we employed a systematic approach similar to that described in Afiel et al. (2021). Our
first step consisted of checking access to the source code of the model, its configuration, and the associated documentation,
including details on parameters, input data, and other relevant components. We primarily relied on the official download links
provided on the CMIP website. When direct access was not available, we search for contact information through institutional
websites or broader Internet searches. When necessary, we attempted to communicate the responsible institution or researchers
via email and telephone. If access request for a given model‘s code was denied, we followed up with a survey to better
understand the reasons for the refusal. Unfortunately, we did not receive any responses. For models developed during the
earliest CMIP phases, obtaining access was often impossible, as many of these versions had not been adequately preserved.

As in Afiel et al. (2021), this process revealed several barriers to transparency and reproducibility. For example, in some
cases, the only available contact information was found in publications behind paywalls or embedded within metadata of
NetCDF output files. Accessing such metadata requires technical skills and computational resources that are often beyond the
reach of the general public and even some scientists.

For each climate model obtained, the licences associated with the model and potential restrictions to its use were verified.
We also verified whether the model distribution included practical information on how to compile, configure, and execute the
code to run an experiment. From a reproducibility perspective, this type of documentation is a very important aspect.

Furthermore, we analyse the evolution of the code quality across CMIP phases.To do so, we applied static code analysis, a
method for evaluating programs without executing or compiling them. Specifically, we used the Fortran static code analysis
tool FortranAnalyser v2.0 (http://fortrananalyser.ephyslab.uvigo.es/) (Garcia-Rodriguez, 2022; Garcia-Rodriguez et al., 2024).
We selected this tool because Fortran is the dominant programming language in the CMIP models (as demonstrated later),
and because alternative tools have limited applicability for assessing scientific code written in Fortran (Kanewala and Bieman,
2014b).

FortranAnalyser evaluates code quality using metrics that can be grouped into two scoring categories. Metrics rated on a
0 to 2.0 scale include the use of implicit none, the presence and guality of comments across different code elements (files,
variables. functions, subroutines, and control structures), the number of nested loops (as an indicator of structural complexity),
and the comment-to-code ratio. In contrast, metrics rated on a 0 to 1.0 scale focus on specific control flow practices, namely.
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the use of the exit and cycle statements. Together, these grouped metrics provide a balanced assessment of code readability,
maintainability, and structural guality. FortranAnalyser gives additional information too; number of lines, the cyclomatic
complexity, the number of functions declared, the number of variables declared, and the number of calls to subroutines among
others. According to the accomplishment of these metrics, FortranAnalyser assigns a score from 0 to 10 (where 0 is_the
minimum score and 10 is the maximum) to each file analysed and generate a PDF quality report with the results.

3 Availability and Reproducibility

Following the attempts made, successful access was obtained for 59 of the 262 individual models eontributing-to-identified
across all CMIP phases (see Figure 1 and Table Al). These-correspond-to-a-total-of 18-coupled-models-out-of-the-Here, the
corresponds specifically to coupled climate models, which represent the core systems used in CMIP experiments. Out of
these coupled models, 18 were successfully recovered; one from CMIP3, ten from CMIPS5, and seven from CMIP6. Thus,
the 59 accessible individual models include these 18 coupled models as a subset. For CMIP1 and CMIP2, no model could be
recovered, as their code had not been preserved over time. CMIP7 models were not included in this study because this is the
current CMIP phase of the project, and active developement-development and usage are still ongoing.

A proneueed-pronounced regional bias emerged in the geographic distribution of aceesible-accessible models. The United
States of America, France, Germany, and Norway stand out as the most open contributors; in all cases, institutions granted
access to the full set of models they developed, independently of the CMIP phase. This, however, remained conditional on
the availability of older model versions that institutions had effectively preserved. We hypothesize that national or regional
legalisation related to software copyright, intellectual property, and code disclosure may partly explain these differences.

Regarding previous analyses of CMIPS5 accessibility, despite the fact that software can be patented in the United States,
meanwhile it is not possible in the the European Union (van Wendel de Joode et al., 2003), we were able to obtain the source
code for 10 out of the 28 coupled models contributed by U.S.-based research centres. In contrast, only 8 out of 34 EU-based
models were obtained.

The potential explanations for this have not changed since the CMIP5 study. The involvement of U.S. federal employees in
the development of some models may facilitate code release, as federal employees are legally required to make their work pub-
licly available without restrictions (U.S. Code, 1976). Similarly, the development of NorESM, which incorporates substantial
components from the U.S.-developed model CESM1 (Knutti et al., 2013), may have benefited from inherited code licensing,
helping explain Norway’s comparatively high accessibility rates. Conversely, decisions not to release model code may stem
from legacy licensing constraints or the absence of copyright transfer agreements, which can prevent redistribution of older
codebases.

To better visualize the regional distribution of accessible models, and illustrate differences in national policies govern-

ing code sharing, Figure 1 displays the percentage of models obtained per country. For models developed by EC-Earth and
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12 and 23 European countries depending on the CMIP phase.

. Coupled models obtained

. Coupled models available

Figure 1. Geographical map with the percentage of coupled models obtained worldwide for all the CMIP phases existing so far and separated

by the country in which they have been developed. The green colour and the percentages represent the coupled models obtained.

The current level accessibility to CMIP source codes remains critically limited. Only 59 out of the 121 coupled models were
directly accessible; access to the remainder required active interaction, such as email correspondence with developers. As in
previous work, even after identifying ourselves as researchers (addressing the potential concern that scientists might hesitate

130 to share code with non-scientists), more than half of all model versions remain inaccessible.

There are several plausible reasons for limited code sharing among scientists and development teams. Some groups may

face institutional or national legal restrictions preventing them from openly distributing source code. Others may be concerned

about inheriting sharing rights for portions of the model code that were developed by different institutions or research groups,
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raising concerns about potential infringement on proprietary rights. In other cases, older models may no longer be available
simply due to insufficient long-term maintenance of archives or repositories. In particular, when source code was obtained,
the developers did not provide explanations for their licensing choices; indeed, in some cases, the code lacked a clear license
defining usage terms.

Although there is no evidence suggesting that scientific results derived from CMIP models are invalid, the lack of code
availability can be misused to cast doubt on the reproducibility of the underlying scientific findings. For this reason, we
strongly encourage modelling groups to adopt more robust practices that align with modern expectations of corporate social
responsibility in science, particularly regarding reproducibility and replicability (CSR). Previous work has shown that sharing
model code structures, even if currently suboptimal, can promote improvements in software quality and scientific transparency

(Carlson et al., 2018).

Table 1: Coupled models whose code has been obtained, together with the phase to which they belong and the assigned
reproducibility scores.The scoring mechanism was as follows: the maximum score of three stars was awarded to models that
are accessible via the Internet without restrictions and with a licence that allows for full testing and evaluation of the model. The
score was reduced by one star for each of the following criteria: if access to the model required contacting a researcher, centre
or development group, signing licence agreements or identifying oneself as a scientist conducting research in climatology, as
well as depending on the evaluation and use rights granted by the model licence (where applicable). An empty or unfilled star

means that the model licence does not allow modification of the code.

Coupled Model | CMIP phase Score

CCSM3 3 ***
CFSv2 5 ***
IPSL 5 **
MPI-ESM *
GISS 5 **
GESO5 5 **
CCSM4 5 ***
NorESM1 5 **
NICAM 5 *
GFDL 5 **
CESMI 1.8, 8. ¢
HiRAM / TaiESM 6 ***
CMCC 6 ***

9]

9]
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Table 1 continuation of the previous page

Coupled Model | CMIP phase Score
E3SM 6 ***
MPI-ESM1.2 6 *
IPSL 6 **
GISS 6 **
CESM 6 ***

4 Programming languages used in CMIP Models

Over the course of different CMIP phases, progressive improvements in spatial resolution, numerical accuracy, and the in-
clusion of crucial climate processes have been incorporated into the contributing models (Drake, 2001). These advances have
involved the continuous refinement of computational algorithms, the addition of new functionalities, and the systematic re-
placement of outdated components, all aimed at enhancing the scientific robustness and overall quality of model outputs.

In this context, understanding how models and their successive versions operate, envolve-involve across CMIP phases, and
adhere to established software development standards requires careful examination of the programming languages employed in
their implementation. Programming langauges-languages play a role in defining the structure, performance, and maintainability
of climate models. Table 2 summarises the distribution of programming languages used across the models for which source
code was available.

The choice of programming language in climate model development is strongly influenced by the scientific community
behind each model, its computational requirements, and the degree of code inheritance involved. Climate models often emerge
from long-term collaborative efforts involving multiple institutions and scientists disciplines, which can lead to the coexistence
of multiple languages in a single project. While performance optimisation and scalability are essential considerations, given
the high computational cost of climate simulations, such priorities are sometimes overridden by the need for rapid scientific

deliverable.

The emergence of hybrid modelling approaches, combining physics implemented to code with machine learning or artificial
intelligence techniques, is expected to further increase this heterogeneity. Although such approaches have not yet been integrated
within the CMIP phases analysed in this study, their incorporation is foreseeable in future developments. These hybrids models
may introduce new programming ecosystems alongside established high performance languages like Fortran, From a software
engineering perspective, this transition may significantly impact code structure, dependencies, and development workflows.
In particular, machine learning components introduce additional layers of complexity related not only to the implemented
code, but also to training data, calibration procedures, and evolving model configurations. This raises important challenges
for reproducibility and traceability, as the behaviour of such components may depend on factors beyond the static source
code itself. Consequently, evaluating future CMIP models may require extending current approaches to software guality
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assessment. Traditional static code analysis techniques, such as those employed in this study, may need to be complemented
with methodologies capable of addressing data provenance, model training processes, and the interpretability of learned

arameterisations. In this context, hybrid models could be more appropriately analysed as systems composed of heterogeneous

components, combining multiple tools specialised to a programming language and tools specialised on the analysis of machine
learning usage modelling paradigms in order to obtain an integrated assessment of the full system.

To analyse the use of languages in the retrieved CMIP models, we employed the GitLab’s repository analytics functionality

(Zaporozhets, 2011), based on the GitHub ‘linguist’ library (Gardner, J. and GitHub staff, 2024). This functionality excludes

non-relevant files and calculates the percentages of code used.

Table 2. Proportion of programming languages used in all the climate models participating in the different phases of the CMIP. The analysis

includes how much represents the documentation from the total of files provided with the codebase of the model.

Fortran | Tex C Tesh | Script | Makefile R HTML | Perl | CLisp | Shell C++ | PHP | Python | Documentation

CCSM3 81.6% | 41% | 3.5% | 3.2% 7.6%
CFSv2-2011 9.4% 88.1% 2.4% 0.1%

IPSL-CMS5A 87.4% 1.9% 1.5% 7.7% 1.5%
MPI-ESM 83.5% | 0.8% | 11.5% 2.8% 1.4%
GISS-E2 89.8% 0.9% 4.1% 2.2% 3.0%
GEOS-5 75.6% 4.3% 4.4% 7.9% 7.8%
CCSM4 85.5% | 6.1% 2.1% 3.3% 3.0%
NorESM 84.8% | 53% 3.5% 2.3% 4.1%
NICAM.09 22.4% ' 0.1% 0.1% | 77.4% 0.1%
GFDL 85.4% 4.7% 52% 2.5% | 0.5% 1.7%
CESM1 87.5% | 2.8% 4.5% 2.6% 2.6%
HiRAM 84.5% | 2.8% 4.3% 2.5% 5.9%
CMCC 854% | 2.6% 3.9% 2.4% 1.7% 4.0%
E3SM 90.9% | 2.1% 3.7% 1.7% 1.6%
MPI-ESM1.2 | 52.7% ‘ 18.3% 13.9% | 6.3% 8.8%
IPSL-CM6A 79.4% 4.4% 5.0% 4.0% 7.2%
GISS-E22 89.0% 1.0% 4.3% 2.5% 3.2%
CESM2 90.2% ‘ 0.4% 2.5% 0.4% 5.1% 1.4%

As shown in Table 2, Fortran (Backus, 1978; Metcalf et al., 2011) remains the dominant programming language in CMIP
models. Its prevalence is well documented and reflects its efficiency in handling computationally intensive scientific calcu-
lations, as well as its long-standing stability in large legacy projects. The substantial multi-institutional investment in these
models, often comprising millions of lines of code across multiple components (Pressman, 2005; McConnell, 2004; Fenton
and Bieman, 2014) has made transitions to alternative languages both difficult and improbable. Consequently, Fortan has
remained the primary choice to ensure consistency, compatibility, and continuity across successive model generations, with
developers extending codebases rather than rewriting them.

Python (Matthes, 2019) has increasing prominence in the climate modelling community, particularly for tasks such as as

185 pre and post processing of model output, workflow scripting, rapid prototyping, and visualisation. Scripting languages such
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as as Perl and Bash are also used for workflow automation, job orchestration on HPC systems, and data management tasks.
Additionally, R is frequently employed for statistical analysis and evaluation of observational and model generated datasets.

C and C++ (Kernighan and Ritchie, 1988; Stroustrup, 2013), are commonly used to optimise numerically demanding com-
ponents or integrate specific modules requiring high performance. They often used alongside Fortran, either to improve the
computational performance of specific subroutines or for compatibility with the use of other codes on which they depend. No-
tably, one of the models, CFSv2-2011, stands out as the only climate model in which C constitues the primary implementation
language, accounting for 88.1% of its codebase.

An additional noteworthy case is that NICAM.09 has been developed predominantly in CLisp (Seibel, 2005). Nevertheless,
Fortran remains the second most used language within NICAM.09, supporting its core dynamics and physics routines.

Based on these results and the overwhelming dominance of Fortran across the CMIP model suite, the present study focuses

specifically on analysing the Fortran components of the obtained codebases.

5 Code analysis

Here, we focus exclusively on the analysis of Fortran code, reflecting its longstanding and central role in climate model
development. This choice is supported by the results in Table 2, which shows how Fortran constitutes a substantial portion of
the programming languages used across the CMIP models.

To evaluate code quality, we employed FortranAnalyser, a static analysis tool designed to assess software written in any
Fortran version. Its compatibility with legacy code is particularly important given the extensive historical layers present in
climate models. Moreover, FortranAnalyser was developed ad-hoc for this purposes, addressing the absenee-lack of alternative

tools capable of performing consistent, large scale static analysis on Fortran scientific software. Table-3-shews-An example of

improved Fortran code by applying FortranAnalyser recommendations is the case of the IPSL climate model, which improved

its quality after an assessment performed with the tool. The case study is described in (Garcia-Rodriguez et al., 2024). Table
3 summarizes the static code quality scores produced by FortranAnalyser for each CMIP model analysed. While-several

NMIPEA m

These scores are reported on a normalized scale from 0 to 10; however, it is important to note that the values observed for
operational CMIP models occupy a much narrower empirical range. Across all analysed models and CMIP phases, scores
span approximately from 2.7 to 4.3, indicating that even the best-performing climate models remain far from the theoretical
maximum and highlighting substantial room for improvement in code structure and maintainability across CMIP phases.

MIPE—exhib

In CMIP Phase 3, only one model, CCSM3, was available, reeeiving-yielding a score of 4.014. Altheugh-this-seore—is
e e e s e e b e e e Dl e e Lo Within the emipirical
distribution observed across all CMIP models, this value lies in the upper part of the range and is therefore relatively high in a
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Table 3. Scores, over possible maximum score of ten points, of static code quality for the CMIP models. For the CMIP6, CESM1 and CESM2

are evuated as a single codebase.

Phase Modeling Center Model Score
3 NCAR CCSM3 4.014
5 COLA & NCEP CFSv2-2011 2.920
5 IPSL IPSL-CM5 3.974
5 MPI-M MPI-ESM 3.863
5 NASA-GISS GISS-E2 2.774
5 NASA-GMAO GEOS-5 4.131
5 NCAR CCSM4 3.536
5 NCC NorESM1-M 3.703
5 NICAM NICAM.09 4.341
5 NOAA-GFDL GFDL 3.179
5 NSF-DOE-NCAR CESM1 3.929
6 AS-RCEC HiRAM 4317
6 CMCC CMCC-CM2 4.274
6 E3SM-Project E3SM 4.274
6 HAMMOZ-Consortium | MPI-ESM1.2-HAM | 2.790
6 IPSL IPSL-CM6 4.643
6 NASA-GISS GISS-E2 2.826
6 NCAR CESMI 3.970

CESM2

comparative sense. Nonetheless, the limited number of available models in this phase restricts the contextual interpretation of

Moving to Phase 5, the number of evaluated models increases significantly, yielding a wider spread of the code quality.
Models such as GISS-E2 (2.774) and CFSv2-2011 (2.920) score relatively low, indicating potential structural or maintainability
weaknesses in their codebases. In contrast, NICAM.09 (4.341) and GEOS-5 (4.131) show stronger performance, highlighting
heterogeneity in coding practices across modelling groups during this phase.

A particularly notable case is the IPSL model. In Phase 5, IPSL-CMS5 achieved a solid score of 3.974, but its successor on
phase 6, IPSL-CMB®6, reached a score of 4.643, representing a substantial qualitative leap. This progression demonstrates how
targeted software quality practices, coupled with the application of static analysis tools, can lead to measurable gains in the
maintainability and robustness of scientific models. A deeper evaluation of the development practices and analysis results for
this model is available in Garcia-Rodriguez et al. (2024), providing insight into how these tools contribute to enhanced code

transparency and structure.

10
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In general, Phase 6 models show higher overall scores, indicating an upward trajectory in software quality. Models such
as HIRAM (4.317), CMCC-CM2 (4.230), and E3SM (4.118) reflect a more mature approach to model development, likely
supported by better development workflows, more formalized coding standards, and increased awareness of reproducibility
and sustainability requirements.

Taken together, the observed improvements across CMIP phases stuggests-suggest that software quality is increasingly being
recognized as an integral component of scientific modelling. Static analysis tools not only prevides-provide objective met-
rics for evaluating code quality but also deliver actionable insights for impreving-code-programmingbasesscientific software
codebases. As demonstrated by the IPSL case, integrating that tools into model development pipelines can yield tangible

benefits and should be more widely encouraged throughout the climate modelling community.

6 Discussion

Future climate modelling efforts should incorporate the findings presented in this study. Researchers developing new models
from scratch, and therefore not constrained by legacy code, are particularly well positioned to implement appropriate licensing
practices, comprehensive documentation, and reproducibility protocols from the outset.

It is advisable that final, production-ready versions of climate models used to support conclusions in international climate
assessments, together with their corresponding simulation outputs, be archived in long-term, trusted repositories. This rec-
ommendation applies broadly to all model intercomparison initiatives. Given the central role of climate models in assessing
climate change, restricted access to source code or configuration details may be perceived as a methodological vulnerability.
The inability to reproduce published results due solely to missing code or insufficient documentation represents a signifi-
cant barrier to scientific transparency. It is also crucial to emphasize the distinction between reproducibility and replicability
(Asociation for Computing Machinery, 2020): reproducibility refers to obtaining identical results under identical conditions,
whereas replicability refers to achieving consistent results under varied conditions. Both dimensions are essential for scientific
reliability and trust.

The combination of final model releases with modern computational solutions, including cloud infrastructures, containeriza-
tion technologies, and workflow automation, provides a promising avenue toward achieving full replicability in Earth system
modelling (Perkel, 2019; Afiel et al., 2020). Such approaches have already demonstrated their value in other scientific domains
by reducing technical barriers and fostering more robust computational environments.

At the same time, climate model evaluation frameworks continue to evolve. Validation tools employing a wide range of
performance metrics are increasingly used to assess model output. In this context, tools such as ESMValTool (Eyring et al.,
2020), which was specifically designed for systematic evaluation, offer an important opportunity: to integrate code accessibility,
licensing, and code quality evaluation assessments into the CMIP evaluation workflow. Incorporating these dimensions would
encourage more consistent standards across modelling centres and improve transparency.

Scientific gaps identified in CMIP5 (Stouffer et al., 2017) further highlight the need for open-source policies. Without access

to the underlying source code, it becomes impossible to diagnose discrepancies between models or resolve differences in
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methodological implementation, ultimately hindering scientific progress. Experience in other areas of software development
shows that open code sharing contributes to better implementation practices, improved reliability, and more efficient error
detection (Boulanger, 2005; DoD CIO, 2009). Moreover, open collaboration supports the collective scientific effort required to
address climate change (Easterbrook, 2010) and aligns with core principles of scientific integrity (Aifiel, 2019).

Funding agencies and research institutions therefore have a critical role to play. Allocating resources not only for model
development but also for documentation, reproducibility workflows, and long-term code preservation is essential for ensuring
that climate modelling keeps pace with evolving expectations around transparency and open science.

Although challenges related to computational scientific reproducibility (CSR) persist across scientific disciplines, these
challenges also present significant opportunities. In a field as societally vital as climate research, addressing the structural and
organizational barriers identified here will strengthen the robustness, credibility, and long-term sustainability of the climate

modelling enterprise.

7 Conclusions

This study provides a systematic evaluation of source code accessibility and static code quality across all historical phases of
the Coupled Model Intercomparison Project (CMIP). Our analysis confirms that Fortran remains the predominant programming
language in climate model development, reflecting its long-standing role in scientific computing and its extensive legacy within
Earth system modelling frameworks.

A central outcome of this work is the persistent lack of accessibility to the source code of most CMIP models. This limitation
continues to hamper reproducibility, a principle explicitly emphasised in current scientific standards and journal policies. The
restricted availability of model code arises from several factors, including licensing constraints, dependencies on proprietary
components, and the incomplete preservation of early CMIP model versions. Additionally, structural aspects of the research
environment—such as production-oriented publication pressures and the low prioritisation of long-term repository mainte-
nance—further exacerbate these issues. Expanding the use of robust, long-term digital preservation platforms and integrating
validation tools throughout the development cycle would meaningfully strengthen the transparency of climate modelling.

To enhance reproducibility and replicability, it is essential that final, fully documented versions of climate models be pub-
lished in stable public repositories. We also recommend incorporating code analysis tools such as FortranAnalyser into CMIP
evaluation workflows to improve the traceability, maintainability, and robustness of model implementations. Furthermore,
adopting FLOSS (free-libre open-source software) practices and allocating dedicated funding to support collaborative devel-
opment would facilitate broader community engagement and harmonisation of software standards.

Based on the findings of this work, several priority directions emerge for the CMIP community:

— Improving code accessibility: Overcoming licensing barriers, minimising reliance on proprietary dependencies, and
promoting deposition of code and documentation in long-term repositories (e.g. Zenodo) are necessary steps. Establish-
ing clear requirements for model availability within international assessments would also support reproducible experi-

mental design.

12
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— Adopting FLOSS practices: The publication of model code under permissive licences, together with comprehensive
documentation and the use of collaborative development platforms, would enhance transparency and facilitate cross-

institutional contributions.

— Advancing code analysis tools: Continued development of tools such as FortranAnalyser is essential to identify struc-
tural issues, support consistent programming practices, and provide actionable metrics for quality improvement across

modelling groups.

— Integrating validation tools into evaluation workflows: Systematic use of validation frameworks can improve software

reliability by enabling early detection of regressions and facilitating reproducible assessment of model updates.

— Strengthening transparency and reproducibility: Establishing clear standards for publishing code, data, and configu-

ration details is key to ensuring that climate model results can be independently verified and meaningfully compared.

The challenges identified in this study are technical, organisational, and cultural. Addressing them requires coordinated
action across modelling centres, infrastructure providers, and the broader scientific community. Improving code accessibility,
software quality, and transparency will enhance the reliability of climate models and reinforce their role as essential tools for

understanding and projecting climate change.

Code and data availability

The code of the models analysed in this work and the reports on code quality generated for each one of the models is deposited
in the following URLs except for CCSM3, CCSM4, CESM1, MPI-ESM, NICAM.09, NorESM1-M, CMCC-CM2, E3SM, and
MPI-ESM1.2-HAM for which we do not have the right to redistribute them:

cfsv2 cmip5: https://zenodo.org/records/16932623 (2)
— geso5 cmip3: https://zenodo.org/records/16932661 (2)
— gfdl cmip5: https://zenodo.org/records/16932683 (?)
— giss cmip35: https://zenodo.org/records/16932705 (2)

— ipsl cmip3: https://zenodo.org/records/16932753 (?)

— cesml cmip6: https://zenodo.org/records/16933339 (2)
— giss cmip6: https://zenodo.org/records/16933370 (2)

— hiram cmip6: https://zenodo.org/records/16932804 (2)
— ipsl cmip6: https://zenodo.org/records/16933458 (?)

The FortranAnalyser software used here is deposited in https://doi.org/10.5281/zenodo.5942943 (Garcia-Rodriguez (2022)).
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