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ABSTRACT

Computer simulation is increasingly complex and popular in virtually every domain. But computer mod-
els and experiments are rarely reproduced or replicated by independent researchers. With the goal to form
a stronger community for (computationally) reproducible and/or replicable simulation models, and to en-
courage collaboration on the topic, this paper aims to highlight the values and challenges of simulation
Reproducibility and Replicability (R&R), and call for more R&R research. It first reviews the terms R&R,
and then presents different views and opinions on the topic. It explains the separation of method and result
stages in reproducibility assessment, and discusses typical challenges in conducting R&R studies. Given
the current complexity and widespread use of diverse simulation models, this paper argues that the R&R of
such models must be explicitly integrated into existing modelling workflows. Researchers who engage in
these efforts face numerous methodological challenges, many of which remain under-researched.

Keywords: reproducibility, computational reproducibility, replicability, methdology, open simulation.

1 INTRODUCTION

Computer simulation models are increasingly used in science across different disciplines. The results of
simulation experiments shall uphold reproducibility, a fundamental tenet of scientific studies [1, 2]. Despite
well-recognized critical necessity of reproducibility, and that all research should be reproducible, there is a
growing concern among scientists that too few scientific studies can be reproduced; some even termed this as
a “reproducibility crisis” [1, 3, 4, 5]. For example, Baker [3] reported that more than 70% of researchers have
tried and failed to reproduce another scientist’s experiments, and more than half have failed to reproduce
their own experiments. Many challenges in reproducible research are persistent [6].

There is no consensus in scientific literature on what reproducibility is or should be [3]. A closely related
term is replicability. “These terms – and others, such as repeatability – have long been used in relation to the
general concept of one experiment or study confirming the results of another. Within this general concept,
however, no terminologically consistent way of drawing distinctions has emerged” [7]. Similarly, the term
docking is also used, e.g., in [8, 9], referring to the validation & verification (V&V) method used for aligning
multiple models (code) implemented based on the same core conceptual model.

In the field of Modelling and Simulation (M&S), reproducibility (and replicability), or R&R in short, is
one of the grand challenges discussed by Yilmaz in [10]. They are even less studied compared to that of
traditional (non-simulated) experiments [11]. Computer models and experiments are rarely reproduced or
replicated by independent researchers [10, 12, 13]. A few such studies exist. For example, Jalali et al. [14]
assessed 1,613 articles that applied simulation modelling as a core method in health policy and epidemiol-
ogy. Almost half of those articles did not report model details. A more in-depth evaluation of 100 these
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articles showed that only seven out of 26 evaluation criteria were satisfied by more than 80% of those arti-
cles. About two percent of these articles provided modeling code and had reproducibility discussions. Zhang
and Robinson [15] searched six prominent journals for articles focused on Agent-based Modelling (ABM),
where nine out of 348 resulting articles aimed for replicating an existing model partially or entirely. The
works of [16, 17] showed that different implementations (on different modelling platforms) of the same
conceptual model gave significantly different results. Existing works suggest that the challenges of R&R for
computational modeling may be more persistent than that for traditional experiments [11, 18].

With the goal to form a stronger community in M&S for reproducible and/or replicable simulation mod-
els and to encourage collaboration on the topic, this paper aims to highlight the values and challenges of
simulation R&R based on literature, and call for more R&R research. It starts with a brief review on the
terminology used for R&R. Researchers in different domains do not have to align the use but should be
well-aware of the difference so that relevant work can be discovered in literature across domains and disci-
plines. It is followed by different views and opinions on the reproducibility of simulation studies. The paper
then presents a few ways of assessment, and typical challenges in conducting R&R studies. It ends with a
discussion argues that given the current complexity and widespread use of diverse simulation models, repro-
ducibility of such models needs to be explicitly addressed operationally in existing modelling workflows by
researchers who wish to engage in the efforts, for which many methodological issues are under-researched.

2 REPRODUCIBILITY AND REPLICABILITY IN SIMULATION

The language and conceptual framework of research reproducibility are non standard [4]. Different scien-
tific disciplines and institutions use the terms of reproducibility and replicability in inconsistent or sometimes
even contradictory ways; some use them interchangeability [1, 3, 7, 15, 19, 20]. In M&S, replications are
also used referring to repeated runs of simulation models with different seeds of the random-number gen-
erators but otherwise the exact same model configurations [21]; they are known as independent replications
(or runs) of simulation.

For clarity, in this paper, reproducibility narrowly refers to the “computational reproducibility” of simulation
models; we make the following distinction of R&R in M&S based on [7, 22].

• Reproducibility is obtaining identical results using the same input data; computational steps, meth-
ods, and code; and conditions of analysis.

• Replicability is obtaining consistent results across studies aimed at answering the same scientific
question, each of which has obtained its own data and/or uses different code.

According to this distinction, simulation studies that use the same core conceptual model but have different
computational implementations (as those reported in, e.g., [15, 19, 23]) are replication studies, regardless if
the studies use the same input data. Modellers commonly distinguish model conceptualization from model
implementation. The former, or a conceptual model, is often a textual, mathematical and/or diagrammatic
description of model characterization and processes of interaction, based on a real system of modelling
interest [11]. A conceptual model is often not executable, thus it has some ambiguities in how to compute
model inputs to outputs [24]. The latter, or model operationalisation, or simply a simulation model, is a
computational formalization of a conceptual model into an executable computer program where numerical
output can be produced by executing (i.e., running) the implemented model [11].

Reproducing simulation studies aims to demonstrate that a computer simulation experiment’s findings are
repeatable and were not an exception [12, 24]. Without verifying claimed results through reproducible
simulation experiments, it is possible that published findings were incorrect due to, e.g., programming errors,
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mistakes in the analysis or reporting of results, or misrepresentation of the simulation experiment [13].
Consistent results from model replications can build confidence in the simulation mechanism used [25].

3 REPRODUCIBLE RESEARCH: WHY AND WHY NOT

There are different views and opinions on the reproducibility of simulation studies in diverse research areas
and due to personal preferences which can be equally interesting or at least open to debate. For example,
reproducibility can be hard or practically impossible to achieve for certain research areas such as military
and critical infrastructure, and for some topics in medicine and other industries due to business interests,
security, privacy or ethical reasons among others. These simulation applications often require non-disclosure
agreements or are demanded by laws or regulations that limit or prevent the publication of information that
is necessary to reproduce the simulation [10, 26].

Making simulation models (and results) R&R demands dedicated time and efforts from the original re-
searcher. This is also true for the researcher or team other than the original researcher who tries to reproduce
the work, hereafter simply the second researcher(s). As some put it, “publication is already a grueling pro-
cess, why would we increase our workload [26]?” There is no direct reward or consequence for researchers
(hence little incentive) to undertake what they view as additional work to make their study more open and
accessible [26].

There are also voices that criticise R&R in research. For example, Drummond [27] raises concerns about the
strong influence the reproducible research movement is having on which papers get published; in addition,
widening the responsibilities of peer reviews adds extra workload to reviewers, and does not recognize the
broad role the scientific community plays (at the post-publication stage) in determining the value of an idea.
The same author [28] states that reproducible research in some fields also requires open source code, which
is a narrow interpretation of how science works; the effort necessary to meet the aim, and the general attitude
it engenders would not serve well any of the research disciplines. Fanelli [29] in his PNAS article argues that
the rapidly growing scientific literature uncritically endorses a new “science is in crisis” or “reproducibility
crisis” narrative, which is not only empirically unsupported and unreliable, but also quite counterproductive
and might foster cynicism and indifference in younger generations.

No matter what the views are or where the truth lies, clearly, not all models need or can be made R&R. It
is a value and (voluntary) community service being placed on good science by some researchers. For them,
including the author of this paper, reproducing and/or replicating a computational model can contribute to
the scientific community in many different ways that cumulatively consolidate science. Commonly dis-
cussed in literature are, e.g., developing shared understanding; obtaining an improved sense of the accuracy,
robustness and range of plausibility of model results; points of difference could allow empirical evidence to
discriminate between the models [4, 9, 15, 19, 24].

In addition, reproducing and/or replicating a computational model can be a good way to have a first as-
sessment of the reusability of reported simulation models [26, 30]. The knowledge and data embodied by
the simulation model is available to be utilized by model re-users as a tool to advance their own research
agenda [24]. Simulation studies often have two main audiences: methodological researchers and applied
researchers [31]. The former reads a study to gain an overview of a method’s uses, limitations and po-
tential improvements. The latter reviews a study with the main aim of applying the method or result used
to their own research problem. Reuse of simulation models can benefit both types of researchers. Model
reuse allows testing the wider parameter space of the existing simulations [17]. It can also facilitate multi-
modelling and hybrid simulation, i.e., combining different models for the application of complex systems
analysis [32, 33].
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4 ASSESSMENT OF SUCCESS

For M&S, it is beneficial to examine R&R from two aspects of simulation: the methods (i.e., the compu-
tational procedure of the simulation) and the simulated results. This distinction is inline with the “method
reproducibility” and “result reproducibility” discussed in [4]. The former means that the computer simu-
lation is methodologically reproducible in theory and practice; the latter means that the simulated results
can be quantitatively reproduced using the same computational method. Clearly, method reproducibility
proceeds (and is necessary for) result reproducibility.

Method Reproducibility. When the original simulation model (i.e., code and input data) is accessible to the
second researcher, then the method reproducibility can be directly assessed. This typically means that the
second researcher follows the simulation computational procedure, as exactly as possible, using the same
code, tools and data, based on the original documentation and publication. If the original model is not
accessible, method reproducibility has to be assessed by newly implementing the simulation model based
on the original publication and the model conceptualization discussed within. This is typically known as
replicating a simulation model. This, of course, can also be done independently when the original code
and data are accessible. The actions needed to assess model reproducibility may appear straightforward;
however, there are many associated challenges. These are discussed in Section 5.

Result Reproducibility. After method success, if the reproduced or replicated simulation generates outputs
sufficiently similar to that of the original model, the reproduction or replication as a whole can be considered
successful [12]. The quantitative measure of the similarity of results (i.e., result reproducibility), however,
is neither straightforward [34]. For example, Muradchanian et al. [35] reported on the difficulties in com-
paring multiple Frequentist and Bayesian measures because there is no established standard on the type of
metrics used. Another complicating factor in the comparison is different levels of publication bias [35]. In
relation to that, a broader categorization of results reproducibility is the so called “standards of equivalence”
or “replication standards”. This is referenced in several studies [11, 12, 15] and first discussed in the repli-
cation work of [9]. The work includes three general categories of model equivalence (from strict to loose):
numerical, distributional and relational equivalences, as follows.

1. Numerical equivalence (or identity) refers to the reproduction of exact reported results. It typically
is not expected for stochastic simulations unless information on random seeds were specified.

2. Distributional equivalence is determined by showing that two studies produce distributions of results
that cannot be distinguished statistically. This is determined by statistical test of null hypotheses.

3. Relational equivalence means that two models can be shown to produce the same internal relation-
ship among their results (i.e., inputs, parameters and outputs). For example, two models show that a
particular output variable is a quadratic function of time, or that a measure on a population decreases
monotonically with the population size [9]. This is the least demanding comparison, but for some
theoretical purposes, it may suffice.

The separation of method and result reproducibility is particular useful for simulation studies because R&R
studies of complex models can be divided into two stages that are more manageable. The simulation method
itself can be examined and tested or replicated first for methodological soundness, which is an important
contribution of a simulation study. This stage also verifies the alignment of the conceptual model with the
computational model and the experimental scenarios (and conditions). It tests that with the stated compu-
tational steps, whether the computational method executes as intended. In the second stage, the results are
compared, which is typically performed in a traditional (non-simulated) replication study. For a simulation
study of stochastic models, the numerical equivalence is expanded to distributional and relational equiva-
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lence, which is a more realistic and reasonable assessment depending on the particular goal of the individual
simulation study.

5 CHALLENGES IN REPRODUCING OR REPLICATING A SIMULATION STUDY

Different domains and disciplines are often of distinct nature, thus resulting in models of different nature.
They can be, e.g., with different levels of abstraction and details, and various stochastic characterization rep-
resenting uncertainty [11]. Unlike in many physical sciences and engineering domains, systems that have
less clear or agreed-upon “ground truth”, such as social systems or value systems, have many degrees of
freedom in model conceptualization. See, e.g., models mentioned in [36] used for hardware development in
industries such as automotive and healthcare versus models in [37] used for incorporating justice considera-
tions in energy transitions. The conceptualization of latter types of systems, often termed as socio-technical
systems [38], are often subject to disparate or even inconsistent interpretations. In such cases, simulation
R&R studies by other researchers are particularly hard, even when the original code and data are available.

Many reported that, communications (sometimes extensive personal interactions) between the researchers
and the original author(s) of the work are helpful for simulation R&R studies [11, 15, 24]. When such
communications are not possible, e.g., when the (first) author(s) left the field of work, a R&R study has
to be based on the original publication and the original code and data. Thus typical challenges reported in
literature concern these two categories: (1) the reporting of the original simulation studies, and (2) the docu-
mentation and quality of corresponding models and associated data (if they are available). These challenges,
briefly discussed in the next two paragraphs, impede the process and results of (computationally) reproduc-
ing or replicating a simulation study, should one wish to do so [8, 13, 15, 23]. Note that here we do not
refer to contributing factors such as increased complexity, cognitive biases, publication biases, intellectual
property rights, lack of incentives and funds, among others [1, 3, 39].

Many reproducibility challenges are caused by incomplete or ambiguous reporting and documentation of
simulation studies [11, 15, 40, 41]. Sometimes not enough information could be obtained regarding the
conceptual model, computational model and/or experimental conditions. Sometimes the referred documents
in the original publication can not be retrieved. Studying and understanding the conceptual model is often
the most significant step [15] where ambiguity in communicating a model and its experimental conditions
can result in varying interpretations including that of assumptions, mathematical processes and mechanisms
[11, 15]. When simulation models include stochastic processes, the experimental conditions are often not
explicitly mentioned or lack sufficient details, which make numerical or distributional equivalence difficult
to achieve, and the method’s strengths and limitations poorly understood [15, 42].

The availability of the original study’s source code and associated data is helpful for R&R [15, 41]. In many
cases, however, open is not enough for reproducibility [30]. With accessibility, still many challenges can
lay in model implementation software and data, sometimes even hardware, regarding their executability and
comprehensibility [43, 44]. Software includes, e.g., simulation environments (a.k.a., platforms), libraries,
toolkits and programming languages used for constructing a model implementation, and that for data man-
agement and statistics. The choices can influence how models can be represented and interact, possibly
yielding different outcomes. Cross-platform and cross-language replications, portability and consistency
of algorithms, different workflows, and performance constrains can be potential sources of significant vari-
ability between model results [17, 30, 44]. Sometimes, the published descriptions were explicit but have
incorrect or inconsistent source code and/or data in relation to the descriptions [11, 15]. They can be caused
by translation from conceptual model to model implementation (or vice versa), or alignment of the report to
conceptual model or implementation [11].
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6 DISCUSSIONS AND FUTURE WORK

Simulation is a useful research method empowered by computers. Unlike field experiments or laboratory ex-
periments, simulation models generate results relying on computational routines. Thus their computational
reproducibility is a basis for meaningful analysis, corroboration and further use of the results. Scientists and
grant agencies have spent a large amount of time and funds on projects that develop new simulation models
– while the efforts have been indispensable and fruitful, they often do not explicitly address computational
reproducibility, despite the fact that many regard it as critical for scientific simulation [15, 19, 45].

At the same time, simulation models are becoming increasingly complex and more widely used. Recent
developments in M&S also included more functionalities that use artificial intelligence, particularly machine
learning. The domains of application have expanded beyond physical sciences and engineering to social and
behavioural sciences, etc. In addition, those who use and develop simulation models are well-trained in their
domains but not necessarily in the software aspect of computational methods. All these make simulation
reproducibility a complex task to pursue and fulfil. As a community of model users and developers, we need
to recognize that reproducibility is extremely challenging in practice, and that the steps needed to tackle it
are not going to be acceptable for everyone [26, 28, 45].

The Open Science initiatives taking place in many parts of the world have brought positive changes in
more transparent and accessible science. But for those who wish to engage in reproducibility of simula-
tion models, openness alone is not sufficient. There is still a big gap to jump over towards reproducibility
and possible reuse of simulation models. With the reproducible research movement, many authors have
advocated for more structural and cultural change in institutions and research communities. For example,
good institutional practice, appropriate incentive and evaluation systems, funders’ policies, journal guide-
lines and standards, training programs, among many others [26, 45, 46]. Besides those, another crucial
question we need to ask ourselves, which is not yet sufficiently addressed, is how to make reproducibility
more operational, for both model builders and model replicators?

To create more reproducible models, and to reproduce the methods and results of others’ models, researchers
face related but different challenges, thus we need different types of skills and supports. For both cases, how
to make the “extra” time and effort worthwhile and implementable for researchers who primarily focus on
original research and already have high workloads? There are no simple solutions. We briefly discuss two
initial thoughts that could work well with efforts in simulation models. The first is to tie reproducibility
in M&S more closely to model reuse. Model reusability is challenging by itself, while reproducibility is
a promising first step towards model reuse, which can be a good incentive for some researchers. It would
be interesting to create resources, e.g., registers of reproducible simulation models, for domain specific
corroboration and potential reuse. There is no lack of online code and model repositories and versioning
systems, but how reproducible are the simulation models indexed therein is highly unclear.

The second is to develop processes, methods, and supports – benchmarks, guidelines, tooling, etc. – that
could integrate well with existing model development (or reuse) cycles and workflows. While R&R is
a socio-economic problem [22], it is also a methodological issue. Exsiting works of R&R in different
disciplines often have their particular focus. For example, the ACM Conference on Reproducibility and
Replicability (ACM REP, inaugurated in 2023) heavily focuses on computational issues (https://acm-rep.
github.io/). But simulation has a particular focus on the imitation of systems changing over time. For
that, workflow steps, software dependencies, data, the trajectory of state changes and results, explanations,
all these should be captured in an iterative M&S-based research lifecycle [30]. Moreover, because the
model conceptualization phase employs simplification and abstraction based on many assumptions given
a certain goal of the simulation study, modellers shall be facilitated to capture such conceptual conditions
in a more clarifying and methodological way. There are good works or recommendations towards this
direction, e.g., metadata structures, model and experiment description languages, and reporting guidelines
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[12, 30, 40, 43, 44, 47]. We also need a better understanding of the needs and workflows of researchers
to design methods and supports for wider adoption of model reproducibility practices. Furthermore, being
able to identify the type and level of complexity of simulation models could also be a good help to assess
the time and efforts needed for reproducible simulation.

Reproducible simulation is a process rather than a destination, hence it shall not be treated as an end in
itself or as an afterthought at the end of an scientific endeavour [1, 4, 30]. It calls for a way of working
and thinking about how we can build and treat our scientific simulations. Some might think that we need
openness, transparency and wide adoption of good practices to make simulation reproducible. While these
are all true, this paper also argues that the how of the good practices in reproducible simulation is still largely
unknown for both model developers and model users. We need implementable methods and supportive tools
to bring reproducibility in computer simulation forward.
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