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Abstract:
Recent research in the field of geographic information science shows that reproducibil-

ity and replicability of publications have substantial room for improvement and proposes
various actions to improve the situation. However, the impact of these actions remains
unclear. This study investigates the combined effect of novel author guidelines and work-
flow review process, which award badges for successful reproductions, on the potential
reproducibility of articles published in the AGILE conference series proceedings over the
past decade. While replicating the approach of previous studies, this work expands the
scope of prior reproducibility assessments and systematically compares the findings for
the AGILE conference with those of the GIScience conference series proceedings, which
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has not undergone similar changes to guidelines or procedures. Results indicate that the
reproducibility guidelines and the review process measurably improved the potential re-
producibility of AGILE publications. The comparison with GIScience papers further sug-
gests that clear and enforced guidance is a key driver for change. Our findings demonstrate
the value of institutional policies and community norms in fostering reproducible research
in the GIScience field and identify pathways for its ongoing improvement.

Keywords: GIScience, reproducible research, reproducibility, computational science, data
science, open science, meta-science, meta-research, science policy, open access

1 Motivation and research questions

Computational research relies on the ability to verify, build upon, and critically evaluate
published findings. However, across disciplines, researchers have documented persistent
challenges when attempting to reproduce computational results [1, 3, 11] from published
papers, even when authors provide code and data [5, 22, 30, 42]. In Geographic Informa-
tion Science (GIScience), a small but growing literature suggests this reproducibility gap
may be particularly acute [30, 32]. GIScience research often depends on specific software
versions, computational environments, proprietary datasets, and undocumented analyti-
cal decisions that are difficult to reconstruct from published descriptions alone. To address
these challenges, leading GIScience journals and conferences have adopted data and code
sharing policies that establish standards for code availability, data sharing, and computa-
tional documentation. The extent to which such guidelines improve the reproducibility of
published computational research is an actively researched question [13, 18, 49].

We have laid the groundwork to address this question in a pair of studies that examine
publications from the Association of Geographic Information Laboratories in Europe (AG-
ILE) and the GIScience conference series [37, 43]. In these studies, we evaluated the poten-
tial reproducibility of the conference publications based on an assessment rubric, discussed
the state of reproducibility in comparison to other disciplines, and suggested actions to im-
prove reproducibility within the GIScience community. In this rubric, we categorised the
availability of input data, methods, and results into four levels: unavailable; documented;
available; and available, open, and permanent. These levels document to what degree the
necessary conditions for a reproduction were met, but neither study attempted to actually
reproduce any work. The second study on the GIScience conference series [43] successfully
replicated our first study on the AGILE conference series [37], using the same methodology
on a different pool of input data.

Both analyses revealed that “reproducibility and replicability have not been a core con-
cern in the contributions” [43, pp 2:2] in either conference series [37, 43], which led us to
make recommendations to improve author guidelines and peer review procedures as im-
portant levers capable of improving reproducibility practices around computational work-
flows [11]. A key outcome of our first study [37] was the development and publication of
the AGILE Reproducible Paper Guidelines (hereafter referred to as the AGILE Guidelines)
in July 2019 [41]. These AGILE Guidelines were revised in late 2020 [41] and have been
gradually implemented by a Reproducibility Committee which performs reproducibility
reviews, i.e., attempts for an actual reproduction, of all accepted full papers. No similar
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IMPROVING REPRODUCIBILITY OF GISCIENCE PUBLICATIONS 69

guidelines or review processes were adopted by the GIScience conference series, creating
an opportunity to evaluate the potential impact of the AGILE Guidelines.

In this work, we use an updated rubric that remains backwards-compatible to our ear-
lier studies to compare the changes in the potential reproducibility of papers published by
the AGILE and GIScience conference series, framed within these research questions:

• Question 1: Has the level of potential reproducibility of AGILE full conference papers
changed after the introduction of the AGILE Guidelines and reproducibility reviews?

• Question 2: Has the level of potential reproducibility of GIScience full conference
papers changed during the same period?

• Question 3: Is there an observable difference between the two conference series in the
change in potential reproducibility?

We expect the overall level of potential reproducibility in papers published in the AG-
ILE conference editions after the introduction of the AGILE Guidelines and the correspond-
ing Reproducibility Committee to be higher than the potential reproducibility of papers
published before their introduction (Question 1). However, one might anticipate a general
trend of increasing reproducibility in the domain, given the increasing adoption of more
open and reproducible research practices. We therefore expect that for the GIScience con-
ference series, the level of potential reproducibility also increases (Question 2). Question 3
seeks to determine whether there are significant differences in potential paper reproducibil-
ity that might be explained by differences in author guidelines and the review process.

Therefore, this study allows us to discuss whether the implementation of reproducibil-
ity guidelines and review processes contributes to making conference publications more
reproducible, and to provide empirical evidence for the utility (or lack thereof) of changing
publication requirements and processes to increase open and reproducible research prac-
tices in the field of GIScience. The remainder of the article is structured as follows. Section 2
provides an overview of related work, followed by a description of the methods (Section 3)
and results in Section 4. The article concludes with discussing methods and findings in
Section 5 and an outline of future research directions in Section 6.

2 Related work

The AGILE Reproducible Paper Guidelines [41] offer authors extensive advice on open
science practices aimed at improving workflow reproducibility of conference papers. Pub-
lished in 2019, they have been recommended for all authors and reviewers since 20201

and a Reproducibility Committee has conducted reproductions of accepted full paper sub-
missions [40]. For the 2021 edition, the updated guidelines introduced a mandatory re-
quirement2 that all papers submitted to AGILE conference series must include a section
titled Data and Software Availability (DASA), where authors describe and reference the data
and software used in their work, or document reasons for unavailability. AGILE’s repro-
ducibility reviewers attempt to reproduce a paper’s computational workflow based on

1https://web.archive.org/web/20200926160015/https://agile-online.org/conference-2020/
call-for-papers-2020

2https://web.archive.org/web/20210812211908/https://agile-online.org/index.php/conference-2021/
call-for-papers-2021
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given documentation, but they do not critically evaluate the whole research in the man-
ner of traditional peer review. Authors have the opportunity to revise their manuscripts
and associated resources in response to reviewers’ feedback prior to publication.

In scope and extent, the AGILE reproducibility review is a concrete implementation of
the CODECHECK principles [36] for evaluating scientific workflows as part of scholarly
communication. The independent execution of full or partial workflows is carried out by
codecheckers, a specialised reviewer role that gives recognition to other less common pro-
files in the peer review process, such as early-career researchers or data/software experts.
The conversation between authors and codecheckers benefits all parties involved, and in-
creases the availability and transparency of elements crucial to open reproducible research
and education. A completed reproduction grants a timestamped CODECHECK certificate
(see CODECHECK Register [39]). AGILE calls their certificates “Reproducibility Review”3

and shows a completed reproduction with a badge on the issues and article pages4.
More broadly, the AGILE Guidelines and the associated review process exist within

an expanding literature on the reproduction and replication of geographic research along
several lines of inquiry. Conceptually, geographers have begun to investigate the epistemo-
logical role of reproduction and replication within the discipline [14, 25, 29] and examine
how work in these areas is related to disciplinary research questions [6, 26, 50, 52]. These
works emphasised that replicability across space and time must be weak due to the ubiq-
uity of spatial heterogeneity, and stressed how variation in the design of reproduction and
replication attempts tests different forms of study validity [24, 28]. Empirically, researchers
have attempted to identify the causes of the irreproducibility of geographic analyses [27,28]
while also attempting to reproduce and replicate selected studies [23,34]. In addition to the
research leading to this study [36,37,43], geographers have attempted to replicate analyses
of the spatial distribution of COVID-19 [24, 45], reproduce published maps [32, 33], and
create “replicability maps” in GeoAI based research [34]. Multi-analyist replication stud-
ies [2] are likewise beginning to appear in the literature, signalling the emergence of a new
empirical approach to the challenge of replication in geography [4].

These lines of inquiry have revealed significant reproducibility challenges and
prompted broader calls for substantial institutional changes within the GIScience com-
munity [29], in line with the broader scientific landscape [10, 35]. In response to these
challenges, recommendations such as introducing reporting checklists or guidelines and
adopting reward badges [12] have been proposed. While investigations suggest such inter-
ventions have positive effects across disciplines [4,12,13,19,49], and while some geography
journals (e.g., [7]) have already introduced data and code sharing policies and incorporated
some level of materials review into their peer review process, to our knowledge, no lon-
gitudinal study has yet systematically investigated the effects of policy-related changes in
the domain of GIScience. Whereas previous work has focused on the reproducibility of sin-
gle studies or paper collections, our work evaluates how potential reproducibility changes
within a particular publication venue after the introduction of a specific policy and review
process. If such policies are ineffective, they would represent a significant waste of author
and reviewer efforts.

3AGILE-related certificates available at https://codecheck.org.uk/register/venues/conferences/agilegis/
4For example, https://agile-giss.copernicus.org/articles/6/index.html and https://agile-giss.copernicus.org/

articles/6/2/2025/.
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3 Methods

3.1 Preregistration and overall approach

To enhance the open science practices of this work, we published our hypotheses, research
objectives, data collection and assessment process, and analysis plans as a preregistra-
tion [38]. We further share all data and code (Section 3.5) and the preprint [15]. In case we
deviate from the preregistered design, we explicitly mention and justify these deviations.

This study improves on prior studies on the assessment of potential reproducibil-
ity [37, 43] in a number of ways. First, it adds a crucial amount of input data to the com-
parison: Previous studies were focusing on the level of reproducibility of the respective
conference’s papers, analysing the factors contributing to the observed low levels, and on
raising awareness of this problem within the GIScience research community. These studies
could not examine an impact of the AGILE Guidelines or workflow evaluation because
they preceded their introduction at the AGILE conference series. Second, the prior studies
looked at conferences separately while this work uses robust statistical assessment of the
two conference series based on three hypotheses. Third, we employ a newly formalised
reproducibility assessment protocol (see Section 3.3) based on the assessments of previous
studies, thereby increasing chances for successful replication of the protocol. The protocol
allows us to combine experienced contributors with a new group of assessors yet strin-
gently ensure consistency and quality of the assessment.

3.2 Data collection process and corpus

The AGILE and GIScience conference series follow two different rhythms. AGILE is held
annually, while GIScience is bi-annual. The COVID-19 pandemic led to cancelled confer-
ence editions in 2020 and altered publication patterns for GIScience within the observed
time frame. The publication of the AGILE Guidelines, the intervention, took place in 2020,
when the DASA section remained optional for authors. We therefore consider three peri-
ods: pre-intervention (proceedings published before and during 2019), transitional (submit-
ted or published in 2020), and post-intervention (published in 2021 and later). Papers from
the transitional period were assessed but excluded from the analyses in Sections 4.1 – 4.3.

For a sufficiently large and balanced paper corpus, we matched the post-intervention
proceedings from both conferences with a similar number of pre-intervention proceed-
ings: three AGILE and two GIScience post-intervention proceedings were matched with
the same number of pre-intervention editions, resulting in coverage of a 9-year period (de-
tails below). We considered n > 15 papers per year adequate for statistical inference and
testing, and all papers from a year were assessed without further sampling. Extending
coverage further back in time was deliberately avoided, as reproducibility was not yet on
the GIScience agenda a decade ago, which could bias the analysis towards a positive result.

The preregistration initially only considered all full papers published in the AGILE pro-
ceedings of the 2017, 2018, 2019, 2021, 2022, and 2023 editions. The AGILE 2024 proceed-
ings became available before the assessment began and were subsequently included in the
paper corpus. For GIScience, the 2021 proceedings comprised two volumes: papers sub-
mitted and published in 2020 (GIScience 2021 Part I) and those submitted and published
in 2021 (GIScience 2021 Part II). GIScience 2021 Part I proceedings were therefore assessed
but excluded from the analysis as a transitional year, like the AGILE 2020 papers.

JOSIS, Number 32 (2026), pp. 67–93



72 GRANELL ET AL.

Full texts of the conference papers were accessed directly from the publishers’ websites
(Springer, LIPICS, Copernicus). Access to copyrighted content from Springer (GIScience
2016, AGILE 2017, 2018, and 2019) required institutional access granted to some authors’
universities. Papers were downloaded locally to facilitate assessment and were not pub-
licly disclosed during the study. In total, 224 full articles were collected: 78 from GIScience
and 146 from AGILE, as listed in Table 1.

Conference/year Publisher Open access Total papers Eligible papers

AGILE 2017 Springer × 20 16
AGILE 2018 Springer × 19 17
AGILE 2019 Springer × 19 18
AGILE 2020 Copernicus ✓ 22 0
AGILE 2021 Copernicus ✓ 16 13
AGILE 2022 Copernicus ✓ 22 20
AGILE 2023 Copernicus ✓ 14 13
AGILE 2024 Copernicus ✓ 14 12

Total 146 109

GIScience 2016 Springer × 21 17
GIScience 2018 LIPICS ✓ 17 17

GIScience 2021 Part I LIPICS ✓ 16 0
GIScience 2021 Part II LIPICS ✓ 13 13

GIScience 2023 LIPICS ✓ 11 11
Total 78 58

Table 1: Paper corpus. “Eligible papers” column denotes the number of papers finally
considered for analysis, excluding conceptual ones and those published in the transitional
year (GIScience 2021 Part I and AGILE 2020). Source: 02_methods.qmd [16].

A summary of the collected data elements is available at [16], which includes the dataset
and code used to produce all tables and figures in this study, along with related documen-
tation such as a data sheet to describe each column 5 and an analysis of authorship overlap
between both conference series. The dataset contains basic bibliographic metadata of eligi-
ble articles and reproducibility assessment scores.

3.3 Assessment of potential reproducibility

We recruited eight assessors by email in October 2024, selected based on previous pub-
lished work on reproducibility and/or former members of the Reproducibility Committee
of the AGILE conference series. All assessors became also co-authors of the final study.

All assessments followed a structured Assessment Protocol [44] compiled to integrate
new assessors and document implicit knowledge from previous studies [37,43]. The proto-
col included instructions for determining whether an article contained any computational
analysis, with the aim to exclude purely conceptual papers, literature studies, review pa-
pers, or opinions, unless they include at least a small case study or descriptive statistics. It
also provided a rubric and examples to guide assessors rate the potential reproducibility
level of a computational research article.

5https://github.com/nuest/reproducible-research-giscience-longitudinal-study/tree/main/data-clean
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Criteria Rubric Comments

Input Data NA When data is not required or used in the reported study.
(Data for
short)

U When data is not described (including available upon request) and is not
recreatable (even if documented or with metadata).

D When data includes metadata and is recreatable (same or similar data
can be retrieved from original source).

A When data is accessible on non-permanent websites (e.g., no DOI).
O When data is openly available and permanently archived (with DOI).

Methods,
Analysis,

NA When methods are not required or used in the reported study (which
should be completely atypical).

Processing
(Methods

U When methods are a kind of visual dossiers of screenshots poorly docu-
mented or described.

for short) D When methods are described using text, pseudo-code, workflow de-
scription, diagrams, etc. and parameters in the analysis are all well de-
scribed.

A When methods are self-described via online source code, e.g. GitHub.
O When methods are fully described as runtime image/container, stan-

dardised metadata, open/permissive license.

Results NA When results are not produced or described in the reported study
(which should be completely atypical).

U When results are understandable and context provided, i.e., with rea-
sonable statistical measures or summaries, textual descriptions, tables,
maps, etc.

D When results are described using text, pseudo-code, workflow descrip-
tion, diagrams, etc. and parameters in the analysis are all well described.

A When model outputs, output data, scripted plots/maps are in-
cluded/cited.

O When results are understandable, available, open and permanently
archived (with DOI).

Comput.
Environ.

True When hardware configuration, operating system, run time or computa-
tional demand, and requirement settings are present.

False When at least one of the items above is missing.

Table 2: Criteria and rubric for assessing potential reproducibility of a paper. NA: Not Ap-
plicable; U: Undocumented; D: Documented; A: Documented & Available (Available for short);
O: Documented, Available and Open (Open for short). Documented should be the minimum
level to enable reproducibility.

The rubric in Table 2 comprises four criteria: Input data; Methods, analysis, processing;
Results; and Computational environment. The first and third criteria remain unchanged from
earlier versions [37,43]. The former “Methods” criterion has been consolidated into a single
criterion Methods, analysis, processing to avoid ambiguity in distinguishing preprocessing
from analysis steps. The Computational environment is now treated as a separate criterion,
reflecting its role in encompassing all code and infrastructure used for both analysis and re-
sult presentation. The originally numeric levels have been replaced with descriptive labels
and single-letter codes (UDAO scheme, see Table 2) to enhance interpretability and avoid
implying linear relationships between levels. We also aggregate levels of potential repro-
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ducibility into Low (U, D) and High (A, O) to highlight the key change from Documented to
Available. For the Computational environment criterion, only a binary evaluation (True/False)
is applied, given the difficulty of assigning finer-grained levels consistently. For readability,
the short names of the criteria and rubric levels can be found in Table 2.

Each paper was independently assessed by two assessors: one who had extensive prior
experience in evaluating potential reproducibility using the original protocol [37, 43], and
another assessor drawn from a pool of eight researchers with varying levels of experience.
From hereonwards, we refer to these two assessors as A1 and A2, respectively. Assessors
recorded observations, sources of information, and decisions made in borderline cases,
according to the shared Assessment Protocol [44]. Each A1 selected entire conference years
to assess (May–July 2024). Then each A2 followed a batch-based strategy assessing papers
in four batches ordered by proximity to the intervention year [38], completing each batch
before moving to the next. All A2 assessments were completed between November 2024
and February 2025, without knowledge of A1 scores.

Once all assessments were complete, the A1 consolidated the separate evaluation
spreadsheets and resolved disagreements by analysing assessors’ written comments. Inter-
assessor agreement was classified into five categories: no disagreement; borderline conceptual
paper, where A1 and A2 differed on whether a paper was labelled conceptual (and thus
to be assessed at all); annotation inconsistencies, reflecting obvious scoring errors relative to
written notes; uncertain assessment, where an assessor explicitly indicated ambiguity; and
significant disagreement, where A1 and A2 had strong disagreement over multiple criteria.
Annotation inconsistencies were resolved directly by A1. Cases of uncertain or significant
disagreement were resolved through bilateral or joint discussion between the two asses-
sors, or, if needed, by involving a third assessor. All disagreement resolutions are docu-
mented by versioned spreadsheets [16].

We recognise that the assessment process is inherently subject to the subjective inter-
pretation and prior experience of the assessors. To mitigate this, we recruited assessors
with varying degrees of experience in reproducibility and replicability across diverse ge-
ographical science disciplines, and provided all assessors with the common Assessment
Protocol [44] to minimise variability in scoring.

3.4 Analysis of potential reproducibility

To address our research questions statistically, we first considered the characteristics of our
dataset. Since the unit of analysis was the published papers, we considered for each paper
its group (pre- and post-intervention for AGILE and GIScience), authors and three ordinal
(ranked) criteria (Data, Methods, Results). All groups had different sizes, the smallest being
24 (GIScience post-intervention, compare Table 1). Each paper had one or more authors.
Several papers had at least one (co-)author who contributed to one or more papers in the
other group, thus the groups were not independent6. The criteria were ranked labels in the
order of U < D < A < O.

To address Questions 1 and 2, we compared the pre- and post-intervention groups
within a conference. Since some authors were common to all groups and the unit of in-
terest was the papers, we modelled the authors as random effects using an ordinal mixed
effects model: a cumulative link model that represented, for each paper criterion, the odds

6For details on the extent of authorship overlap, see notebook 07_authorship.ipynb in [16]
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of achieving a higher rank, cumulative across all rank thresholds and influenced by the
random effects of all its authors. For both questions, the hypotheses were similar:

• H-Null: The odds of a paper scoring a higher reproducibility rank do not differ sig-
nificantly between pre-intervention and post-intervention conference editions, after
accounting for the non-independence introduced by authors publishing in both peri-
ods.

• H-Alternative: The odds of a paper scoring a higher reproducibility rank are signifi-
cantly different in post-intervention editions compared to pre-intervention editions,
after accounting for author non-independence.

To address Question 3, we compared the effect sizes of the above analysis, i.e., the odds
ratios of having a higher rank for a criterion. However, a cumulative link model assumes
that the predictor effect is the same across all thresholds between ranks. To correctly in-
terpret the odds ratios, we also verified whether this proportional odds assumption holds.
We adopted a more conservative significance level of 0.01 instead of the 0.05 commonly
used in preregistration to reduce the risk of falsely rejecting the null-hypothesis and thus
committing a Type I error (false positive).

Full details of the statistical analysis can be found in the corresponding computational
notebook (see the following section). In Section 4, we only present the results directly
pertinent to our three questions.

3.5 Data and software availability

The data and code in this work are published under permissive li-
censes in the GitHub repository (github.com/nuest/reproducible-research-
giscience-longitudinal-study). The repository is archived on Zenodo [16]
at 10.5281/zenodo.21097308 and in Software Heritage with SWHID
swh:1:rev:ec0bd7a2c0b60e290b6183d3e073d992d901b827 [17]. The reposi-
tory contains data at various stages of processing and computational notebooks in R
(Quarto) and Python (Jupyter) for the analyses and visualizations. The corresponding
notebook file is referenced in each table or figure.

4 Results

Of the initial 224 papers in the corpus, after removing non-computational papers and those
from the transition year, 168 papers remained: 109 AGILE and 58 GIScience (see the “Eligi-
ble papers" column in Table 1 for the breakdown by year).

4.1 AGILE papers

Figure 1 shows the distribution of the potential reproducibility levels for each criterion for
the AGILE conference series, divided into two groups: 51 papers from three conferences
(2017–2019) published before the intervention are in the upper row, and 58 papers from four
conferences (2021–2024) published after the intervention are in the lower row. AGILE 2020
papers were excluded as they belong to the transitional year when the AGILE Guidelines
were introduced but still optional. The figure also shows aggregate levels Low and High.
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Figure 1: Evaluation of the potential reproducibility level of AGILE papers (pre- vs post-
intervention) for each criterion: Data (A and D), Methods (B and E), and Results (C and F).
Source: 03_results_reprolevels.qmd [16].

The pre-intervention results (Figure 1, top row) match the results of a previous study
evaluating the best papers from 2010, and 2012–2017 [37]. None of the pre-intervention
papers reached the highest level of Open on any criterion. An issue encountered in the
previous study [37] persists in the current larger pool of pre-intervention AGILE papers:
the high proportion of papers (24, or 47.1%) with level Undocumented for Data, meaning that
input datasets were unavailable and cannot even be re-created today from the information
provided. By contrast, the Methods and Results criteria show a remarkably high proportion
of Documented papers: 40 (78.4%) and 44 (86.3%) respectively. These percentages suggest
that authors generally provide sufficient documentation to follow their analysis. Compared
to [37], a slightly larger share of papers now reach the Available level for these two criteria,
though this difference is based on a small number of studies and should be interpreted
with caution.

The post-intervention results (Figure 1, bottom row) present a completely different pic-
ture. Most notably, a considerable number of papers reached the highest potential repro-
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ducibility level of Open for all criteria, a level never achieved in the pre-intervention period.
For the Data criterion, the frequency distribution tends to be right-skewed towards higher
levels: Available is the most frequent level (20 papers, 34.5%), and together with Open (12
papers, 20.7%), the High aggregate exceeds 55% of post-intervention papers. This repre-
sents a substantial improvement over the pre-intervention period, where nearly 80% of
papers were categorised as Low. However, 16 papers (27.6%) only reached the Documented
level and 10 papers (17.2%) remained Undocumented, indicating that there is still room for
improvement when it comes to reproducing input data sets.

For Methods, Available was again the most frequent level (26 papers, 44.8%), and to-
gether with Open (15 papers), approximately 70% of papers are categorised as High. The
Documented level, which dominated in the pre-intervention period (8 out of 10), dropped
to only a quarter of post-intervention articles, a four-fold reduction suggesting a clear im-
provement in reproducibility.

For Results, the most common potential reproducibility level remains Documented, fol-
lowed by the two higher levels (Available, Open). While the two highest levels combined ac-
count for only 7.8% of pre-intervention papers, the percentage considerably grew to 53.5%
of post-intervention papers. This seven-fold increase indicates a clear improvement in re-
producibility for the post-intervention AGILE papers.

The statistical analysis supports this assessment. Concerning the comparison between
the pre- and post-intervention groups (Question 1), the pairwise group comparison per
criterion offers an intuitive approach to understanding the results, which are quite clear:
For each criterion, the groups have different ranks at our chosen significance level (p <
0.0001), confirming the descriptive statistical analysis that the groups differ significantly.

To determine the direction and size of the effect, we look at the Odds Ratios (OR) in
Table 3: For the reference criterion of Data, the OR for the post-intervention group is 19.271.
This means that post-intervention papers have 19 times higher odds of having a higher rank
compared to pre-intervention ones. This is a large, significant improvement for Data after
intervention. The effect of the intervention does not differ significantly in the other two
criteria: For Methods, the OR is 20.485, indicating almost the same effect, while for Results
the OR is 12.333, indicating a somewhat weaker but still significant effect.

Criteria p-value OR logOR

Data <0.0001 19.271 2.959
Methods <0.0001 20.485 3.020
Results <0.0001 12.333 2.512

Table 3: Differences between pre- and post-intervention periods for AGILE conference. OR:
odds ratios. Source: 04_results_hypotheses.ipynb [16].

However, testing also indicates the proportional odds assumption is violated. This
means that we cannot guarantee equal effects across all rank transitions and have to inter-
pret the effect sizes carefully. Nevertheless, a rejection of H-Null still indicates that group
membership is a statistically significant predictor of reproducibility rank within the cumu-
lative link mixed model framework. In summary, we can conclude that:

• H-Null can be rejected because the odds of a paper scoring a higher reproducibility
rank are significantly different in post-intervention AGILE proceedings compared to
pre-intervention proceedings, after accounting for author non-independence.
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• The OR are large and positive, indicating higher ranks in the post-intervention group,
suggesting that post-intervention AGILE papers are significantly more likely to reach
higher reproducibility levels.

We recognise, however, that assessing potential reproducibility without actually repro-
ducing the study is only an indicator (or preproducibility [48]). Given that statistical testing
above confirmed potential improvement, this raises the question of whether high potential
reproducibility aligns with successful reproduction in practice. We therefore conducted
a badge analysis, using the AGILE reproducibility badge as a proxy to compare our as-
sessment against actual reproductions reported by the AGILE Reproducibility Committee
for the 2021–2024 period. For this analysis, post-intervention AGILE papers are grouped
into three categories based on their scores across all criteria: All High (Available or Open
on all criteria), All Low (Undocumented or Documented on all criteria), and High/Low (any
combination). Figure 2 shows that potential reproducibility is a fairly good indicator of
actual reproducibility, because AGILE papers rated All High were consistently awarded a
reproducibility badge following the reproducibility review process, while those rated All
Low largely were not. Of the 58 post-intervention papers, 43 earned a badge and 15 did
not. This supports that our reproducibility rubric is a good indicator of whether an article
provides a sufficient basis for successful reproduction.

4.2 GIScience papers

Figure 3 shows the distribution of potential reproducibility levels for each criterion for the
GIScience conference series, divided into two groups: 34 papers from two pre-guidelines
conferences (2016 and 2018) are in the upper row, and 24 papers from two post-guidelines
conferences (2021 and 2023) are in the lower row. The figure also shows aggregate lev-
els Low and High. Recall that the GIScience conference series never implemented a re-
producibility review process; the pre/post division is made only for comparison with the
AGILE conference series.

For the pre-guidelines results (Figure 3, top row), the Data criterion shows an especially
high proportion of Undocumented papers (19, or 56%), with no papers reaching the higher
level Open on any criterion. The Documented and Available levels each share around 20%,
mirroring the results of a previous study focused on the GIScience conference series alone
and with different assessors [43]. We identify the same underlying problem in the more re-
cent conference editions: the large proportion of papers with undocumented input datasets
represents a significant barrier to reproduction. Input data are not only unavailable but
cannot be recreated from the information provided. By contrast, the Methods and Results
criteria show a very different distribution: 32 papers (94%) reached the Documented level for
both criteria, indicating that authors generally meet the minimum standard of publication
and provide sufficient documentation for reviewers to follow their analysis and results.
These results again align with earlier reproducibility assessments of GIScience articles [43].

The post-guidelines results (Figure 3, bottom row) show a different picture. A few post-
guidelines papers achieved the highest potential reproducibility level of Open on any cri-
terion (not necessarily in the same paper), though half of the papers (12) still reached the
Undocumented level for the Data criterion, remaining a clear barrier to reproducibility. For
the Methods criterion, Documented remains the most frequent level (12, 50%), as in the pre-
guidelines period, but the number of Available papers increased significantly from 1 (3%) to
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Aggregate Level With reproducible badge Without reproducible badge

Number of papers Proportion Number of papers Proportion

ALL HIGH 22 51.2% 2 13.3%
HIGH/LOW 19 44.2% 3 20.0%

ALL LOW 2 4.7% 10 66.7%

Figure 2: Potential reproducibility levels as indicators of reproduction in AGILE post-
intervention papers. Figure shows connection between aggregated levels and reproducible
badges earned. Levels Undocumented and Documented on all criteria are considered All Low,
levels Available and Open on all criteria are considered All High. Table below shows actual
numbers and proportions for context. Source: 06_discussion.qmd [16].

9 (37.5%). For the Results criterion, Documented also remains the most common potential re-
producibility level, but the distribution has shifted notably compared to the pre-guidelines
period: four papers are Available (16.7%), two are Open (8.3%), and no papers are Undocu-
mented. Taken together, these changes clearly show a trend towards higher reproducibility
levels in the post-guidelines GIScience conference editions.

Following the approach from the previous section, the pairwise group comparison for
GIScience (Question 2, see Table 4) shows that at our chosen significance level, ranks for the
Data criterion are not significantly different (p = 0.0683) between pre- and post-intervention
groups, but those for Methods and Results criteria are (p < 0.0001).

The interpretation of the effect size for the reference criterion Data is negligible or no
improvement (OR = 1.995). Again, Methods and Results are different from Data: The OR
for Methods is 8.365 and for Results is 5.329, indicating a clearly positive change for the
post-intervention group.
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Figure 3: Evaluation of the potential reproducibility level of GIScience papers (pre- vs post-
guidelines) for each criterion: Data (A and D), Methods (B and E), and Results (C and F).
Source: 03_results_reprolevels.qmd [16].

Criteria p-value OR logOR

Data 0.0683 1.995 0.691
Methods <0.0001 8.365 2.124
Results <0.0001 5.329 1.673

Table 4: Differences between pre- and post-intervention periods for GIScience conference.
OR: odds ratios. Source: 04_results_hypotheses.ipynb [16].

Like for AGILE, the proportional odds assumption is violated, meaning that we have to
interpret actual numbers with care. However, the OR for the three criteria are sufficiently
distinct to allow us to summarise the analysis as follows:

• H-Null can be rejected only for two criteria. The odds of a paper scoring a higher re-
producibility rank are significantly different in post-intervention GIScience proceed-
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ings compared to pre-intervention proceedings for the Methods and Results criteria,
but not for Data, after accounting for author non-independence.

• Like for AGILE, the OR are clearly positive for Methods and Results, so the change is
towards higher ranks for the post-intervention group.

4.3 Comparison between conferences

The assessment results of the pre-intervention AGILE papers (Figure 1, top) show similar
patterns to the results of the pre-intervention GIScience conference series (Figure 3, top). In
other words, the top rows of both figures are quite similar and show continuity with the
reproducibility assessments of our previous studies in preceding years. Lower rows in both
figures, however, present right-skewed distributions, favouring High levels of potential re-
producibility. Despite this overall improvement, post-intervention AGILE papers show a
more pronounced shift towards the High level across all criteria than post-guidelines GI-
Science papers.

To better illustrate the change after the introduction of the AGILE Guidelines between
both conferences, Table 5 shows the change in absolute percentage points in potential re-
producibility levels for each criterion and conference. For simplicity, we compare the aggre-
gate reproducibility level High (A, O). To do so, we determine for each criterion whether
the aggregate level High has increased or decreased in absolute percentage points before
and after the intervention. Positive percentage points in Table 5 indicate an improvement
in reproducibility towards High level, while negative values indicate a decrease of High
level in post-intervention (or post-guidelines) papers, suggesting no progress towards re-
producibility in a given criterion. Overall, the improvements are very noticeable for AGILE
compared to GIScience across all criteria, but are particularly notable with respect to Data,
given that GIScience post-intervention papers do not improve on that criterion.

Criteria AGILE GIScience

Data 33.6 -3.9
Methods 58.9 42.9
Results 45.7 25.0

Table 5: Absolute change in percentage points between GIScience vs AGILE after the inter-
vention for the aggregate level High. Source: 03_results_reprolevels.qmd [16].

The violation of the proportional odds assumption makes a direct, quantitative com-
parison of the changes between the two conferences more difficult. We have considered
to use partial proportional odds models or using the binary High/Low classification. How-
ever, neither solves the problem of the limited sample size and distribution of ranks, which
results in very few (or none at all) observations for high ranks (Available or Open) in the
pre-intervention groups for both conferences.

Instead, we decided to interpret the outcomes conservatively (Question 3): We observe
overall notably lower OR for improved potential reproducibility at GIScience than for AG-
ILE, with no significant change in the Data criterion for GIScience, while AGILE shows sig-
nificant and strong improvements for all criteria. Combined with the fact that many post-
intervention GIScience papers have at least one (co-)author who published also at AGILE,
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we are confident to state that, based on the statistical testing, the improvement of potential
reproducibility at AGILE is larger and broader than the improvement at GIScience.

4.4 Assessment disagreements

The analysis of disagreements during assessment considers the total number of papers
(224), including those from the transitional year, as they provide useful data for examining
in detail assessor agreement. Assessors agreed completely on the potential reproducibility
of papers in only 28% of cases (no disagreement in Table 6), while some form of (minor)
disagreement occurred in over 70% of cases (rest of disagreement types, see Table 6). This
high rate of disagreement was not anticipated at the time of preregistration and was there-
fore not included as a planned analysis. However, the finding is consistent with previous
studies [28, 30], which highlight the heterogeneity of perceptions of reproducibility and
replicability, often shaped by assessors’ expertise, disciplinary background, and subjective
interpretation. The observed disagreement rates also align with disagreement causes and
patterns reported in earlier reproducibility studies of these conference series [37, 43].

Disagreement types # %

Uncertain assessment 100 44.6%
No disagreement 63 28.1%
Significant disagreement 42 18.8%
Borderline conceptual paper 14 6.2%
Annotation inconsistencies 5 2.2%

Total 224

Table 6: Distribution of disagreement types as introduced in Section 3.3. Source:
05_results_assessprocess.qmd [16].

After excluding cases of no disagreement, approximately 53% of discrepancies cate-
gorised as borderline conceptual paper, uncertain assessment, and annotation inconsistencies,
were due to divergent interpretations of the assessment criteria, suggesting that further
refinement of the Assessment Protocol could reduce such inconsistencies. The remaining
significant disagreements (almost 20%) reflected deeper issues, often related to insufficient
detail in the assessed papers combined with imprecise guidance in the Assessment Proto-
col, underscoring the difficulty of attributing discrepancies to a single factor.

Analysis across the two conferences revealed no remarkable differences in the overall
distribution of disagreement types. AGILE papers exhibited a slightly higher proportion
of significant disagreements (20.5% vs. 15.5%), while GIScience papers showed a slightly
higher proportion of borderline conceptual paper (7.7% vs 5.5%) and no disagreement ( 29.5%
vs 27.4%). A plausible explanation could be that GIScience papers tend to be more theory-
oriented, whereas AGILE contributions are generally application-driven. Theoretical pa-
pers, which typically involve fewer computational components and datasets, may be eas-
ier to assess under our reproducibility criteria, reducing the number of ambiguous cases.
Applied research papers, in contrast, typically involve more complex methodological and
code- and data-related components, increasing the potential for disagreement. While the
differences are modest, they underscore the importance of tailoring assessment protocols
(and tools) to the characteristics of the research community being evaluated.
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Focusing on the top 3 disagreement types in Table 6, the frequency of no disagreement
was lower in more recent years, reaching its lowest percentage in the final year of each se-
ries, suggesting that consensus was easier to reach for earlier conference editions (AGILE
2017, GIScience 2016, GIScience 2018). Two factors may explain this. First, authors have
increasingly adopted best practices for documenting research resources, whereas earlier
papers more commonly omitted such documentation, leading to more assessments with
lower reproducibility levels (e.g. Undocumented). Second, the increasing number of compu-
tational papers in recent editions may make it harder for assessors to reach full consensus
on all criteria.

For uncertain assessment and significant disagreement, Data consistently accounts for the
largest proportion of discrepancies across both conferences (Table 7). In other words, the
Data criterion clearly remains the most contentious for both conferences. For uncertain as-
sessment, this may stem from subjective interpretations of the Assessment Protocol, stress-
ing the need for more nuanced guidelines to help reviewers and readers evaluate input
datasets and authors describe them less ambiguously. For significant disagreement, Data
again ranks highest, though the Methods criterion closely followed, especially for AGILE
papers (70%). These findings suggest that while Data were the single most prevalent cause
of discrepancies when analysing uncertain assessments, all criteria, but especially Data and
Methods, are essential to understanding the causes behind significant disagreements.

Uncertain assessment

Conference Data Methods Results

Series Disagr? # % Disagr? # % Disagr? # %

AGILE no 23 35.4% no 46 70.8% no 36 55.4%
AGILE yes 42 64.6%1 yes 19 29.2%2 yes 29 44.6%

GIScience no 7 20.0% no 24 68.6% no 28 80.0%
GIScience yes 28 80.0%1 yes 11 31.4% yes 7 20.0%3

Significant disagreement

AGILE no 6 20.0% no 9 30.0% no 13 43.3%
AGILE yes 24 80.0%4 yes 21 70.0% yes 17 56.7%5

GIScience no 3 25.0% no 5 41.7% no 5 41.7%
GIScience yes 9 75.0%1 yes 7 58.3%6 yes 7 58.3%6

1Higher percentage of uncertain assessment in both conferences.
2Lower percentage of uncertain assessment at AGILE.
3Lower percentage of uncertain assessment at GIScience.
4Higher percentage of significant disagreement in both conferences.
5Lower percentage of significant disagreement at AGILE.
6Lower percentage of significant disagreement at GIScience.

Table 7: Distribution of uncertain assessment (N=100) and significant disagreement (N=42) per
conference and criterion. Source: 05_results_assessprocess.qmd [16].

JOSIS, Number 32 (2026), pp. 67–93



84 GRANELL ET AL.

5 Discussion

5.1 Impact on potential reproducibility

The potential reproducibility of publications in both conference series during the 2010s
was generally low, but especially low for the Data criterion. In the past five years, a pos-
itive trend toward higher levels of potential reproducibility was observed in both confer-
ences, but AGILE saw a greater absolute change than GIScience and also had the higher
overall (average) potential reproducibility. The fact that membership in the AGILE post-
intervention group is a strong and clear predictor for improved reproducibility does not
imply causality. However, the analysis of our data clearly shows an increase in poten-
tial reproducibility that coincides with the introduction of the AGILE Guidelines, and is
stronger for the AGILE conference. This makes it very unlikely that the AGILE Guidelines
and the reproducibility review had a negative effect on the development of paper repro-
ducibility. To the contrary, it seems very likely that they had a positive impact on improving
reproducible research practices, especially for the Data and Methods criteria.

Our data, especially Figure 3, which shows the distribution of reproducibility levels
among pre- and post-guidelines GIScience articles, and Table 5, which shows the absolute
percentage point change in potential reproducibility, demonstrate a trend toward higher
reproducibility levels (aggregate level High) in the post-guidelines GIScience papers as
well. This trend is likely to continue, and the inclusion of more recent GIScience papers
(from 2025 onwards) could show a further increase. This overall trend may be partly due
to greater awareness of reproducibility within the research community, as confirmed by a
recent survey in the fields of GIScience and Geography [28].

However, this improvement at GIScience might also be partly attributable to an infor-
mal spill-over effect from authors who also published in AGILE, where AGILE Guidelines
and review process were already in place. This is plausible given the known overlap in
authors, reviewers, and program committee members between the two communities [43].
Of the two GIScience papers that reached the Open level on all criteria [20, 43], one had
an author who had previously published at AGILE conference series after the interven-
tion [21,47], and the second was co-authored by members of the present study. We consider
that a more systematic investigation of authorship patterns with respect to both conference
series beyond our initial analysis of (see 07_authorship.ipynb in [16]) is beyond the
scope of this article, but we believe it would certainly be a valuable further step.

Is it then “mission accomplished” for the GIScience domain as a whole? While the im-
provements are certainly noteworthy and very encouraging, our investigation also showed
that level of Available for Data, Methods, and Results criteria is often insufficient a few years
after publication, because links to project web pages or code/data repositories, for exam-
ple, may become unavailable for various reasons in the medium to long term. One over-
arching objective of open science and computational reproducibility, however, is to ensure
that studies remain available for reproduction (and replication), fostering longitudinal re-
search. Clearly, more work and effort are needed to encourage more published studies to
fully reach an Open level.
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5.2 Insights from the assessment process

Our work supports the conclusions on computational reproducibility of AGILE and GI-
Science conference papers drawn by [37] and [43]. Our systematic review of papers pub-
lished at both conferences confirms that the revised Assessment Protocol, which comprises
criteria, reproducibility levels, and recommendations for the assessment procedure, is ro-
bust and effective for assessing the potential reproducibility of scientific papers. Further-
more, the assessment of new papers and re-assessment of earlier papers by a largely new
group of assessors produce highly consistent results.

Despite our efforts to provide assessors with an updated, consistent, and concise As-
sessment Protocol, supported by onboarding and training sessions, the analysis revealed a
considerable number of inter-assessor disagreements. Our initial rationale of the protocol
was to keep instructions brief enough to enable assessments while defining a robust im-
plementation as a safety measure (see Section 3.3). However, even with clear criteria, the
diversity and heterogeneity of geospatial research means that some papers might fall into
grey areas open to interpretation. For example, the potential reproducibility levels are ordi-
nal and assume that a higher level includes the lower ones. Yet we encountered situations
where used data and methods were hosted in a public repository – thus Available – but were
so poorly documented that reuse would be doubtful. This aligns with the observation that
openness enables reproducibility but does not guarantee it [9]. Should such cases be rated
Undocumented or Available? We resolved these from the perspective of the potential user,
rigorously rating them as Undocumented.

Fortunately, most disagreements were relatively straightforward to resolve, as asses-
sor’s notes made their reasoning transparent. In some cases, a note explicitly stated that an
assessor would also support a different level of potential reproducibility, which matched
the other assessor’s rating (recall that A1 and A2 assessors were unaware of each other’s
assessments at this stage). In other cases, notes hinted at a simple mistake: for instance,
when the reasoning clearly argued for Available but only Documented was assigned.

Our recommendations for reducing discrepancies in future reproducibility assessments
address two aspects: the assessment process itself and the provided instructions, i.e., the
Assessment Protocol. Regarding the process, a key principle is that assessments must re-
main independent, that is, assessors should not be aware of each other’s outcomes until
all assessments are completed. This would not preclude asking clarifying questions about
individual papers. Regarding the protocol, we recommend providing clearer guidelines for
writing notes. Specifically, we propose adding the following guidance: “The assessor may
include as many comments and notes as they deem necessary. However, a brief explana-
tion or justification is required when the assessment deviates from what the rubric would
suggest; e.g., a study claims that all data and methods are in a repository, yet the assess-
ment is only Documented. All Undocumented ratings must also be justified”. This is a critical
point, as studies may appear reproducible at first glance but lack the descriptive elements
necessary for full verification. For example, recent work has shown that researchers often
share code for their proposed models but not for the baselines, making independent vali-
dation impossible [46]. A call for authors to adopt more rigorous reproducibility standards
would not only raise the quality of reproducible papers but also reduce discrepancies in
their assessment.

JOSIS, Number 32 (2026), pp. 67–93



86 GRANELL ET AL.

6 Conclusion

A shift in Open Science practices can be introduced and observed even within a small com-
munity conference, given the support of community leadership and collective openness
to adopting them. While the AGILE Guidelines offer discipline-specific guidance, the un-
derlying criteria, rubric, and reproducibility process (or a CODECHECK) are largely cross-
disciplinary and therefore transferable to other communities. Our results provide strong
motivation for other disciplines organised around specific journals or conferences to im-
prove reproducibility practices, whether by introducing author and reviewer guidelines,
or by implementing code execution checks as part of peer review. The significant improve-
ments in the potential reproducibility of the AGILE papers published after the introduction
of the AGILE Guidelines demonstrate a clear and lasting impact on the GIScience research
community; an impact that can be leveraged by related conference venues such as the GI-
Science conference series and journals such as JOSIS.

Future research could expand on this study in several ways:

• Initiating conversations within the GIScience community to promote the adoption of
the AGILE Guidelines across its conference series.

• Exploring the perceptions of authors and reviewers in both communities regarding
their familiarity with Open Science practices, understanding of the AGILE Guide-
lines, and the motivators and values driving their adoption.

• Tracking progress longitudinally through the regular addition of publications from
new conference editions (e.g., every 4 years), to monitor the adoption of reproducible
practices and identify emerging community needs.

• Complementing the current assessment of potential reproducibility with actual re-
production studies.

Given the emergence of Large Language Models (LLMs) in research across disciplines,
GIScience is no exception. A recent study [51] highlights the opportunities LLMs offer
across a wide range of geospatial application areas, from urban planning and environ-
mental analysis to education. It can therefore be expected that wider uptake of LLMs will
introduce new challenges for sharing and reproducing research. We thus question how
LLMs might shape future versions of this study. A recent experiment found that ChatGPT
(GPT-3.5) was ineffective at predicting the reproducibility of scientific articles by analysing
only their methods sections [8]. For LLMs –and Vision Language Models (VLMs) [31]– to
be useful in assessing the potential reproducibility of scientific articles, these authors call
for the development of available benchmarks to systematically evaluate their ability to as-
sess potential reproducibility in scientific papers. This study and follow-up studies may be
steps in this direction.
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