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Reproducibility is widely considered to be an essential requirement of the scientific process. However, a
number of serious concerns have been raised recently, questioning whether today’s computational work is
adequately reproducible. In principle, it should be possible to specify a computation to sufficient detail that
anyone should be able to reproduce it exactly. But in practice, there are fundamental, technical, and social
barriers to doing so. The many objectives and meanings of reproducibility are discussed within the context
of scientific computing. Technical barriers to reproducibility are described, extant approaches surveyed, and
open areas of research are identified.
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INTRODUCTION

Reproducibility is a central requirement of the scientific process. To validate the claims made in
a publication, enough information must be provided that a skeptic can perform an equivalent
experiment and thereby confirm or refute the results.
In recent years, serious questions have been raised about the reproducibility of scientific work in
general, and scientific computing more specifically. While there appears to be a general sense that
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Fig. 1. Overall perspective for this survey.

most scientific computing is not as easily reproduced as it could be, there is no general agreement
on what, precisely, reproducibility entails, and what mechanisms are needed to achieve it.
In principle, computational experiments should be easy to reproduce, when compared with
physical experiments. Assuming that a computer is a deterministic machine, then simply applying
the same program to the same inputs on an equivalent architecture should yield equivalent results. Many design principles and recommendations surrounding scientific computing have been
encouraged [19] for years. But in practice, the complexity of today’s software and hardware makes
it surprisingly difficult to even accurately describe the inputs, construct a deterministic program,
or identify equivalent hardware. Many of the difficulties stem from a need to simultaneously satisfy the needs of both the computer and a human as summarized in Figure 1, rather than being
able to focus exclusively on one or the other.
In this article, we survey the state of reproducibility in scientific computing, which we define as
computing applied to the physical sciences (biology, chemistry, physics, and so on) for the purposes
of simulation or data analysis. We seek to illuminate the following fundamental questions:
— What constitutes reproducibility in scientific computing?
— What are the technical barriers to replicating a single command or a complex workflow?
— What is the significance of the names for reproducibility?
— What techniques are available to achieve reproducibility?
— What are open problems in the realm of reproducibility?
To limit the scope of this article, we focus on technical problems in scientific computing, and refer the reader to other publications that address the broader questions of publication habits [147],
the role of funding agencies [107, 152], fraud [37, 103], legal issues [153], and similar questions [127]. Elements of scientific discovery that do not involve computers are not the focus of
this article.
Computer aided engineering (CAE) is a similar field where computer software is used to help
perform engineering analysis tasks, rather than scientific workflows. While not applied to the
same domain, some of the concepts used can have applicability to scientific computing. For example, executing simulations of a model can be used to evaluate the validity of the model in both
CAE [105] and scientific computing [129].
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2 PERSPECTIVES ON REPRODUCIBILITY
It is commonly expressed that reproducibility of computational science is a desirable quality, and
that there is a need to move beyond the printed paper as a means of communicating results [133,
151].
“An article about computational science in a scientific publication is not the scholarship itself, it is merely advertising of the scholarship. The actual scholarship is
the complete software development environment and the complete set of instructions which generated the figures” [25].
This type of information can get very complex and detailed very quickly, but from a user perspective it can be easier than it sounds with the proper tools and mindset.
It is a big chore for one researcher to reproduce the analysis and computational results of another [...] I discovered that this problem has a simple technological solution: illustrations (figures) in a technical document are made by programs and command scripts that along with required data should be linked to the document itself
[...] This is hardly any extra work for the author, but it makes the document much
more valuable to readers who possess the document in electronic form because
they are able to track down the computations that lead to the illustrations. [34]
Some argue that this situation has reached crisis proportions:
In the biotech industry, Amgen [14] attempted to confirm the findings in 53 “landmark” articles
in cancer research. These attempts were not merely computational, but also involved working
in the original labs under the direction of the original authors in attempts to resolve discrepant
findings. They only succeeded with 10% of them. In pharmaceuticals, Bayer [137] had slightly
better results and were able to verify 21% of 67 different projects. These efforts involved scientific
research where the computational resources required were generally low. For computation-based
scientific research, part of this problem should be easier, since it is trivial to make many copies of
a piece of software once it has been written. However, for many reasons, this is not necessarily
the case.
More recently, researchers at the University of Arizona [138] considered the repeatability of 402
ACM papers published in computer systems conferences. In this article, minimal repeatability was
defined simply as the ability to download and build the source code within a reasonable amount of
time. They were able to build 32.3% of them within 30 minutes. 15.9% more took over 30 minutes
and 5.7% more with additional but reasonable effort. The code failed to build in 2.2% of the cases,
and the authors declined to provide code in 7.5% of the cases. 36.3% of the authors never responded
to requests for the code. The subjects of the study were invited to post corrections or addenda to
the material, and the responses resulted in a wide variety of strong opinions about the procedure.
All these numbers are definitely dismal, but is it really a crisis? Future computational science
is likely to become even more complex [142] and resource intensive, making reproducibility even
more challenging. To understand why this is such a problem, we will explore some of the reasons
for, and benefits that come from making research reproducible.
2.1

How is Reproducibility Defined?

A wide variety of authors have defined reproducibility and related terms in somewhat different
ways. [1, 48, 55, 72, 73, 92, 116, 129, 154, 169, 173]. Although complete consensus has not been
achieved on these terms, we will use them in the following way:
To replicate an experiment [48] is to carry out exactly the same task as the original researcher,
with the expectation that the result will be the same. In scientific computing, exact replication
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would constitute building the same program with the same compiler running on the same hardware and the same operating system as the original. Obviously, it may be difficult or impossible to
replicate every last detail. Seemingly innocuous details (like the system time [91]) may affect the
final result.
To reproduce an experiment [173] is to carry out tasks that are equivalent in substance to the
original, but may differ in ways that are not expected to be significant to the final result. In scientific
computing, these differences could range from minor to sweeping. One attempt to reproduce might
run the same version of the software on a new version of an operating system, while another
attempt to reproduce might involve writing a new piece of software that implements the same
algorithm.
The terms verify and validate are often used interchangeably. In the broader literature [17, 129],
they are used to indicate technical correctness and fitness for purpose, respectively. In the context
of scientific computing reproducibility, we define verification as the task of replicating an experiment to see if it produces the claimed output, while validation is the task of evaluating a result
to see if the author’s conclusions are warranted. One experiment corroborates another when they
reach the same overall conclusions.
When the components underlying an experiment are easily named and shared, it becomes possible to make use of them in other contexts. This is known as variation or reuse or extension.
The term provenance is used broadly to describe, retrospectively, the many potential sources of
input or variation to a program. For example, when a program is run in a distributed system, it may
be desirable to record the incidental details of the machine on which it ran (architecture, operating
system, system time) in case those details are later found to be significant. Or, if a program B
consumes input data X that was the output of a previous program A, then it may be fruitful to
record that A → X → B to note that the output of B originally depended on the output of A. [26,
53, 69, 98, 104, 143, 148, 156].
A deterministic program always produces the same result when run with the same input in the
same computing environment. Some programs are non-deterministic by design: for example, a
Monte Carlo simulation uses a random number generator to evaluate a function with randomly
chosen inputs. Other programs are non-deterministic by accident: concurrency, operating system
services, or the vagaries of floating point math may all introduce differences where they are not
desired [52]. For example, even a Monte Carlo simulation with a fixed seed can produce nondeterministic results [91]. There may be ways to avoid some sources of non-determinism, but it
is difficult (if not impossible) to avoid all of them. Efforts can be made to detect [13], or mitigate
such behavior, even at large scales [29], but there is still a need to support better reproducibility
at the system level.
2.1.1 Equivalence. We must also be careful to define what constitutes the “same result” when
comparing two experiments (see Figure 2):
— Two experiments could produce the exact same bits.
— Two experiments could produce the same data in the sense that they encode the same numeric contents, but differ in some irrelevant detail. For example, an output file might incidentally contain the system time and the name of the user who ran the program.
— Two experiments could produce statistically equivalent results, in that the numeric values
are different, but they both conform to the same statistical distribution, modulo some error
tolerance.
— Two experiments could observe the same phenomenon but not the same data.
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Fig. 2. Equivalence can be gauged with different methods depending on the desired focus. Discussed in
detail in Section 2.1.1.

These distinctions have an important bearing on whether a result can be verified automatically.
If equivalence is defined by the same bits or the same data, then simple technical tools can be
used to perform the comparisons. Evaluating statistically equivalent results requires a domainspecific tool, while comparing phenomena requires a human with domain-specific knowledge.
Consequently, it is desirable to achieve reproducibility at the lowest level at which it is feasible, so
that verification can be performed automatically.
A part of reproducibility is communicating methods and intent [48], in addition to communicating how to obtain identical results. When tools for logical equivalence are not available, the
burden of comparison rests on the scientist.
When the computer itself is the object of study, then performance or resource consumption
may be the primary result. In other cases, issues of performance are relevant in terms of cost
and/or convenience, but are not the focus of their research. Various systems exist that are both
appropriate for computational science and have a focus on maximizing, measuring, or repeating
performance goals. [28, 47, 93, 95, 102, 150] Repeatability can refer to the ability to get the same
performance [1] in the presence of changing conditions in the underlying system. We will assume
that for the general case, a focus more on reproducibility has benefits that outweigh the advantages
of a focus more on performance.
Topics discussed in other works, but not addressed in the article include best practices beyond
the technical aspects [154] and roles of not only the scientist, but the funding agency and the
journal editor [173].
Several authors [116, 134] have presented these reproducibility concepts as a spectrum starting
with replicability by a single researcher as the minimum level of scientific integrity, and increasing
through verification, reproduction, validation, extension, and reuse by many researchers. Each
stage requires a greater amount of work but has increasing value to the community at large.
2.2 Why Should Computing Be Reproducible?
There are a variety of reasons underlying the need for reproducibility:
To verify (or disprove) other’s results. Mesirov [122] argues that the basic function of a paper
is to both announce some result and convince the reader that the result is correct. However,
Ioannidis [89] claims that the majority of published research findings are false, due to small sample
sizes, statistical noise, confirmation bias, and publication bias. In most fields, peer-reviews serve
to evaluate whether the work, as described, is sound, significant, and interesting. With rare exceptions, reviewers do not have the time, inclination, or skills to perform and verify the work described
in a paper, particularly if it requires access to unusual or expensive methods and facilities.
ACM Computing Surveys, Vol. 51, No. 3, Article 63. Publication date: July 2018.
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However, scientific computing has the unique advantage that any computational activity is potentially reproducible, given the same code and input data and execution on a compatible machine.
This has given rise to the concept of “reproducible research” [33] or an “executable paper” [20,
27] in which the source code and data used to reach a conclusion are coupled and distributed with
the paper itself. In principle, this should allow the reviewer and the reader to carry out the same
action and evaluate the conclusions.
This concept has been offered as part of a number of special issues and efforts, but has not been
accepted broadly by research communities as of this writing. This may be due to the fact that peer
review considers more broadly the novelty, significance, and correctness of a work. For example,
Leek [106] notes that merely re-running the same code does not guarantee that the research results
are correct. There are also many cases where accessibility of the code and data is not sufficient:
the results may require access to specialized or high performance hardware, and may still require
a large amount of time or other resources to complete.
To verify one’s own results. In practice, we have encountered relatively few researchers who wish
to actively develop an adversarial relationship with others by disproving their work. However,
some have argued that a healthy distrust of one’s own work should drive reproducibility:
We do not take even our own observations quite seriously, or accept them as scientific observations, until we have repeated and tested them. Only by such repetitions
can we convince ourselves that we are not dealing with a mere isolated coincidence, but with events which, on account of their regularity and reproducibility,
are in principle intersubjectively testable. [136]
To improve one’s own productivity. Some researchers perceive that efforts to make their research
reproducible will result in decreased productivity [10] as effort is shifted towards technologies
instead of their primary work. Others have argued the opposite. For example, Jon Claerbout (who
coined the term “reproducible research”) made the following statement after many years working
towards that end:
It takes some effort to organize your research to be reproducible. We found that
although the effort seems to be directed to helping other people stand up on your
shoulders, the principal beneficiary is generally the author herself. This is because
time turns each one of us into another person, and by making effort to communicate with strangers, we help ourselves to communicate with our future selves. [32]
To enable extension by others. Frequently, one researcher may wish to build upon another’s work
positively by augmenting it or evaluating it against a new dataset or situation. This is easier said
than done. Even when two researchers working contemporaneously can share notes and advice,
moving a code from one institution to another can take months before the same setup is “working”
in the new context [70]. It becomes even harder when the original researcher is no longer available:
they may have graduated, have taken a new job, or have died. If we desire to enable reproducibility
on the scale of 10–20 years [25], significant care is needed to record all the necessary details. A
focus on the human side of scientific computing [81] can also make it so that others can understand
and incorporate published research into their future efforts.
To survive technology evolution. Many research codes depend on a large number of subcomponents like libraries, compilers, and runtime systems that must be independently installed,
configured, and tested on a given operating system. A large computing site must occasionally go
through an upgrade cycle to activate new hardware, change system facilities, or upgrade the operating system. These are frequently not backwards-compatible changes, and so all the supporting
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Fig. 3. Examples of environmental components at various levels. More details in Sections 3.1.1–3.1.6.

components must be re-built to accommodate the new environment. The unsuspecting user may
face an enormous amount of work to reconstruct all these components. Reproducibility techniques
can assist in recreating the dependency tree (and testing it) after a major upgrade.
To enable community maintenance and support. A code developed by a single researcher typically
has a short productive lifetime. Keeping the code working on multiple platforms and relevant to
current research trends takes time, and eventually the researcher moves on to other activities,
leaving “orphan” code behind. However, if reproducibility techniques make it easy to execute a
code in many different contexts, responsibility for the code can be held by a larger community.
When multiple stakeholders are familiar with the code, technical problems are more easily solved.
Even automated techniques can be employed to perform maintenance on an experiment when
the research is adequately reproducible [57]. By publishing reproducible research, ownership of
maintenance is effectively transferred to the community [59] level. This allows the publishing
scientist(s) to focus more on future work than previous work.
In summary, computational scientists are often encouraged to make their research reproducible
so that that other scientists can verify, reproduce, and extend their computational experiments, but
there may be personal benefits also.
3 TECHNICAL BARRIERS TO REPLICATING A SINGLE COMMAND
Let us begin by considering the technical challenges of reproducing just a single command.
Suppose that an end user connects to a university computing facility and enters the following
command:
do_science.sh lab.dat model.csv 8 plot.jpg > stdout.csv
From the user’s perspective, the command string is the only visible evidence of the program.
The command itself provides the most superficial form of replicability: by entering the exact same
command into the same terminal later that day, there is a good chance that exactly the same
outputs will be produced.
However, there is no guarantee that the same command applied by a different user on the same
machine, much less a different user on a different machine, will succeed at all, much less produce
the same output. This is because the command string replies on a large number of dependencies
in the form of hardware, software, and data, as shown in Figure 3. Some of these dependencies
ACM Computing Surveys, Vol. 51, No. 3, Article 63. Publication date: July 2018.
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are explicitly mentioned on the command line (like the file model.csv) while others are implicitly
provided by the system.
The following sections cover such environmental challenges, in addition to challenges connected with abstractions, run-time anomalies, verification of results, and a discussion about
whether source or binary code should be the target of preservation.
3.1 Environment
We define the environment as both the system resources and the domain methods used to perform
the computational side of scientific research. The scope at which systems preserve or describe
the environment varies widely. Research is more likely to be reproducible when all levels of the
environment are preserved or at least identified.
3.1.1 Command Scope. A “do_science.sh” script can contain all information needed to replicate the experiment. However, this approach can mask valuable information from the user, making it difficult for another scientist to extend the research to explore or build on the experiment.
Requiring additional parameters that are handled by the script may seem to overcomplicate an
experiment, but doing so communicates those decisions made by the original researcher that are
deemed most relevant. Parameterization can be an important tool for extension. If crafted carefully, parameters can give both the original researcher and others the ability to easily explore the
parameter space to gain confidence in the validity of the research. Figure 3 starts with an example
of a parameterized command at the top. Parameters can be numbers or strings in the command
scope, but in the data scope (the next section) the parameters can refer to files.
3.1.2 Data Scope. Most scientific research involves some kind of input or starting data in addition to the final generated results. For reproducibility purposes, we will mostly consider this data
to be in the form of files, but it could come in the form of Unix standard output, literal parameters,
and so on.
This data could involve network dependencies that can make reproducibility more challenging.
For replicability, these dependencies might be satisfied by recording the data retrieved over the
network and then simulating the network in subsequent runs of the experiment. However, for
other changing factors (especially to the domain methods and original data), this approach becomes less likely to capture the network resource adequately. It might be necessary to capture and
transfer the entire database from behind the network resource to ensure that the workflow will
still be reproducible in the presence of changes.
Authorization issues are another common challenge with data, either from a security or privacy
perspective. Authorization keys are sometimes kept in pre-determined file or location, and certain
data files may include private information. Such information should normally be excluded from
a publication, but without it, the research is not reproducible. Accepting this information as an
input parameter can identify a need for the information without publishing the sensitive data,
enhancing reproducibility. This could be done in the form of a template.
Templates are programs that expect input parameters for dynamically specifying the data the
program is supposed to operate on. They can be helpful for the original researcher when the input
data is updated incrementally or to compare different datasets. This form of parameterization is
also useful, for extensible reproducibility, when other researchers have different original data and
want to use that to evaluate the domain methods with.
Using a single command with lots of parameters can get confusing for large experiments. In
the interest of extensible reproducibility, and to simplify things for the original researcher, it is
advisable to break down the experiment into smaller parts and organize them in a workflow [41,
109, 165]. Different levels at which a workflow can be composed are discussed in Section 4.0.1.
ACM Computing Surveys, Vol. 51, No. 3, Article 63. Publication date: July 2018.
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Descriptions that involve both the command and data scopes are similar to functions (consider
Figure 3), where an external name needs to be given to all arguments (for the inputs) and the results
(for the outputs). The internal names used for that data inside the function are considered parameters (for the inputs) and returns (for the outputs). This separation between internal and external
names can be important for workflows because sometimes legacy software expects input from
fixed filenames and uses fixed locations for generated files. In these cases, and when a template is
used multiple times as part of a workflow, the naming of data files can become complicated from
a workflow perspective. More on the issue of naming can be found in Section 5.
3.1.3 Software Scope. Part of the challenge with software dependencies is that different versions of a particular software program or library are mostly compatible, but always include some
changes. Even newer versions of software that claim to be backwards compatible may have unintended differences that can affect reproducibility. Software names can be ambiguously used without version numbers for ease of use by the scientists, but for reproducibility, all necessary software
should be uniquely identified to ensure consistent behavior (more in Section 5). Packages can be
used to make this process easier and can include any combination of elements from the command,
data, and software scopes, as shown in Figure 3.
Also, scientists generally prefer to focus on their science and care less about lower level resource
management [79] handled by system administrators. They are more interested in the destination
than the journey, in part due to the exploratory nature of scientific research. Scientific research is
more often marked by a desire for infrastructure independence than with an emphasis on benchmarks and how quickly a system can execute a workflow. Readers interested in infrastructure and
performance can find more information about system-centric workflow systems and distributed
test beds in Reference [24].
If a given research experiment is infrastructure independent, it will be more easily reproducible.
However, scientists sometimes decide they need a little more control over the system resources. At
this point, the boundary between system administrator and domain scientist comes into question,
which in turn makes the responsibility for reproducibility more ambiguous. What software should
be provided by system administrators versus how much control should scientists have in setting
up their own domain specific software on generic computing resources?
From a reproducibility perspective, the scientist is generally unaware of modifications made by
the system administrators. Even the system administrator may not put a priority on tracking all
aspects of the system’s configuration. The line between domain methods and system resources also
varies between domains, making it difficult to come up with a reproducibility solution appropriate
for all domains.
3.1.4 Operating System Scope. Occasionally, the scientist will want a different version of the
operating system than is available on provided resources, but this is often beyond their control.
Containers such as Docker [120], Kubernetes [23], and Mesos [82] have emerged to address the
need for users to have easier access to specific versions of operating systems. Container popularity
is evidence that there is a need for this level of specificity in a description of how computational
science is performed.
Containers also depend on a specific kernel to work. This means that by specifying an appropriate container for computation research, the kernel is also specified. But it also means that a
container depending on one kernel cannot be initiated on a computer running a different kernel.
3.1.5 Kernel Scope. Virtual machine images can satisfy the need for all system software in addition to providing virtual support for some hardware requirements of computational research.
However, the overhead of instantiating virtual machines can be prohibitively high, especially for
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short running tasks if a virtual machine is instantiated for each task. This can cause domain scientists to gear the workflow toward performance, with larger tasks, rather than extensible reproducibility, with logically sized tasks. These larger tasks are likely to be more obscure to other
scientists than those designed with logical domain science granularity (see Section 4.0.1).
3.1.6 Hardware Scope. For workflows executed on a single machine with no network dependencies, the computer itself could be preserved in a museum or library as a part of reproducibility [126], but this is clearly not feasible especially for large datasets analyzed on distributed
systems.
Another aspect of the hardware scope not normally handled at the other scopes, is the concept of
finite resources. A scientist focused on domain specific issues can neglect to preserve the memory,
cpu, disk, and perhaps network resources needed for a workflow and its parts. This information
is also difficult for system administrators to track because additional resources are required to
monitor the resources used by a workflow. Both groups are disincentivized to preserve information
this detailed, but it may be difficult for another scientist to reproduce the research without this
information.
3.2 Source Code or Binary Code?
When attempting to preserve a workflow for reproducibility, decisions must be made about when
to preserve source code and when to preserve the binary code that was generated by compiling
the source code.
Considering reproducibility, source code seems like the obvious choice. But the compiler then
becomes an important part of the workflow and measures need to be taken to ensure that the
compiler is available and can execute on future compute resources. Sometime in the future, it
might be easier to find a modern replacement for a compiler than it would be to find a modern
way to execute the the binary code. At some point in this recursive problem, assumptions may
need to be made about what will be available in the future. So, just preserving the compiler doesn’t
completely ensure reproducibility in the long term.
Source code more easily communicates to colleagues what each task is doing and lends itself
more easily to modification by those other scientists, making it a better choice for reproducibility.
In fact, important information about the science is embedded in the source code, whether through
comments, structure, or naming. This information is ignored by the computer as irrelevant, but
could be considered a collection of facts that help support the claims made in the published research. Those facts can add knowledge about a workflow in general and also software components
individually, especially when the components are novel in the scientific domain.
To use the source code, it must be converted to binary code by a compiler, which can take a
significant amount of time. If the compilation is done on each compute node in a distributed system,
the compile time can add significant costs to executing the workflow. This makes preserving the
binary code a better choice if replicability is all that is needed, not reproducibility.
However, there is no need for a rule that states one option must be chosen at the expense of the
other. If both forms are preserved, the preferred option can be chosen later on, when the needs
are more clear. For data-intensive workflows, preserving the source code, compiler, and the binary
code is unlikely to make an unreasonable addition to the total storage or communication costs.
Having both options also makes it more likely that one or the other will provide the level of
replicability/reproducibility needed at some future date on some future compute resources. Indeed,
having more than two levels of abstraction where the highest level describes the task or workflow
in very broad terms might allow for a task or workflow to be re-created in a situation when neither
the source code nor the binary code can be executed.
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Fig. 4. Visualization of a Genome Analysis Workflow. Data or information (indicated by squares) and actions
or processes (indicated by circles) are connected by a derivation tree, where the data at the root is source
data, and any subset of the remaining generated data components could be considered the results.

4 TECHNICAL BARRIERS TO REPRODUCING A WORKFLOW
The Workflow Management Coalition [84] defines a workflow as the computerized facilitation or
automation of a business process, in whole or part. For a scientific workflow, the business process
is an experiment with a focus on scientific discovery, innovation, and/or invention. A set of procedural rules describe the processing and generation of documents or information. We also focus
specifically on solutions for scientific workflows which are data-intensive [148]. While there may
be some scientific computing efforts that would not be considered workflows, there is value [149]
in applying workflow concepts wherever computers are used as a part of the scientific research
process.
A visualization of a workflow for Genome Analysis is shown in Figure 4. Data or information
(indicated by squares) and actions or processes (indicated by circles) are connected by a derivation
tree, where the data at the root is source data, and any subset of the remaining generated data
components can be considered the results.
“The workflow programming paradigm is seen as a means of managing the complexity in defining the analysis, executing the necessary computations on distributed resources, collecting information about the analysis results, and providing means to record and reproduce the scientific
analysis” [158].
A workflow management system [165] provides a bridge between the work people do and the
work the computers do. They are important [115] in making computational science more convenient for scientists, but they can also help improve reproducibility. Unfortunately, there are many
workflow management systems, and there is no common or accepted format or procedure by which
a workflow should be recorded or shared.
4.0.1 Project Granularity. The size of each step in a scientific workflow can be as small as a system call, or as large as a single command that performs a complex system of hidden computations.
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Fig. 5. Computations can and are preserved at various granularities. Each option has certain benefits and
shortcomings (seeSections 4.0.1–4.0.5).

For extensible reproducibility, the granularity should be domain specific and chosen by a scientist
to reflect the granularity of the scientific concepts involved. Many systems impose restrictions on
the granularity, making it more difficult to use the workflow as a way to communicate the details
of the research between scientists. However, those restrictions can also make it easier to use and
more effective for a specific class of user [38]. Each of the levels of granularity shown in Figure 5
have advantages, but also disadvantages, which can be a barrier to reproducibility. In addition, the
existence of so many options can be a barrier, as a scientist accustomed to using one level may
have difficult adapting to another.
4.0.2 Granularity: System Calls. One simple solution for preserving a workflow is to trace [30,
135] and log all system calls (such as sys_open, sys_stat, sys_gettimeofday, sys_getuid, and
so on) during the execution of a workflow. This system call log can be used to identify which files
were actually used for the workflow. The remaining files can be excluded from a package or image
that contains the environment the workflow is to be executed in.
While this approach can provide replication for deterministic workflows, it may not work if the
workflow is modified or if part of the workflow is non-deterministic, since different library files
might be needed in a subsequent execution.
Even after eliminating excess files for a given package, duplicates will exist across packages
that are only slightly different from each. This becomes a storage problem as a workflow evolves
through progressive iterations.
Sharing a workflow at this level can definitely provide replicability, but it is difficult for a colleague to understand what the workflow does. The log itself can be valuable for a very experienced
user, but for a domain scientist, it is probably only useful as a last resort when other more coarsely
organized workflow descriptions fail.
4.0.3 Granularity: Middleware Operations. Another solution is to allow a middleware designer
to choose which logical operations can be applied to data. More complex operations must be created by the scientist composing new operations using a combination of provided logical operations,
such as merge/split operations, or map/reduce operations.
Kepler [4] is an extensible system for the design and execution of scientific workflows with a
focus on GUI presentation. Directors are execution models with plug-ins that manage actors or
tasks (sources, sinks, transformers, analytical steps, compute steps). The Triana [157] workflow
environment is designed for managing distributed applications (P2P, Grid, middleware toolkits).
It works at a web services level (GUI for connecting tasks), but more complex services can be built
on the ones provided by the system. Taverna [88] is a tool for building and running workflows
that is also based on web services.
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While better than working with system calls, these low-level operations are typically less abstract than a domain scientist would prefer to deal with, and make it difficult to understand the
science without an abstraction at higher levels.
4.0.4 Granularity: Domain Tasks. Alternatively, a scientist can choose what happens in a task.
As an example, one task could be designed to simulate events, while another analyzes them. Parameters on the task could include things like the number of events, their type, and a seed. Using
abstractions at a domain level [40] makes it easier for other users to understand the workflow
when it is shared with them. This flexibility makes domain tasks a good granularity for extensible
reproducibility.
Problem Solving Environments (PSEs) provide all the computational facilities necessary to solve
a target class of problem. Users can use the language of the target class of problems, while the
PSE fills in the details with appropriate hardware and software. The user does not need to have
specialized knowledge of the underlying hardware or software. [66, 67, 97]
In effect, they separate problems and solutions from the hardware and software that carries out
the solution. This helps the user focus on their domain [19], and could also support the use of
advancements in hardware and software without additional effort from the user.
Such systems are particularly well suited for education [125, 160] because they allow the focus
to be on concepts, not programming. PSEs can also be used in distributed computing, allowing a
researcher to access more computing power with less effort [65].
CAE [2] is a similar approach applied specifically to engineering, and can have some applicability to scientific computing.
4.0.5 Granularity: Workflow and History. A scientist can group tasks together into a specific
workflow. This level of abstraction can identify the results that are used for a publication, but
is more effective for reproducibility when it includes components at lower levels of granularity.
There is also significant information to be found in the evolution of workflows (see Section 4.0.8).
Comparing workflows after small changes or comparing between researchers, can identify portions that are similar [90] or identical. This enhances reproducibility by allowing scientists to focus
on differences rather than similar portions.
However, a scientist can’t keep everything forever. The archiving of knowledge is generally done
by libraries who keep records through books. Their influence is expanding into the digital realm,
but their exact role is still unsure. We generally assume that once a decision has been made to keep
something, it is easy to keep it forever. However, libraries constantly have to make decisions about
what to keep and what to discard, and deal with such issues as copyright and access. Another
publication [141] provides more information about such issues and how they apply to research
data.
4.0.6 Abstract versus Concrete. The chosen method for describing a workflow can fall along a
spectrum between abstract and concrete, or can incorporate both abstract and concrete elements
that are connected together. Abstractions can allow the scientist to work with high-level concepts
that can be later compiled into more concrete components [114]. The more abstract the workflow
description is, the easier it is for scientists, making it more likely to be extensibly reproducible.
High-level visualizations can be used as a guiding tool for solving specific problems [18].
But at the same time, an abstraction can leave room for unexpected behavior, putting even
replicability at risk. For example, a graphical user interface can be bad for reproducibility because
unexpected behaviors may go unnoticed.
At the same time, a more abstract workflow might be chosen because it can be more adaptive
to changes in the runtime environment. Especially with the exploratory nature of scientific
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computing, the exact number of computations needed in a particular step may be unknown in
advance. In such situations, the importance of verifying results becomes even more significant.
4.0.7 Data Management. Dataset sizes are increasing in all fields involving computational
science—maybe not on the order of petabytes such as with high energy physics, but usually large
enough to merit distributed systems for processing and sometimes even simply storage. Most version control systems for managing source code are designed to fit on a single machine. In addition,
with a focus on managing lines of code, data is typically treated as an inscrutable blob of bytes.
A workflow is of no use without the data it depends on, but with big data, the data must often
be kept separate from information on the workflow with such version control systems. The connection between the two can be the first component to break down when attempting to reproduce
the workflow. With a little bit of personification [74], some have come to accept that data needs
more public attention.
In addition to large input datasets, the data generated by the workflow might be too large to
share with others practically or efficiently. Without the final datasets, it is difficult for a collaborator
to verify the results of an attempt to reproduce a workflow.
Data provenance refers to the derivation history of a data product starting from its original
sources. Derivation steps could include database queries, command line strings, executable files, or
other similar actions eventually producing some data result. Specific examples of ways to preserve
provenance for computational tasks are available [63]. But the exact metadata recorded varies
widely, depending both on the requirements of the system and the purpose for the provenance.
In fact, a full survey [148] is dedicated to this topic. Data provenance does not always include
sufficient detail to re-execute the history of operations.
4.0.8 Evolution. Designing a scientific workflow is an evolutionary process. Recording the evolution can be valuable in communicating the validity of research. If another scientist wants to try
changing some parameter in the workflow, the evolution history might reveal that the path has
already been tried. In addition, seeing the various workflow attempts can help to convince other
scientists that sufficient attention has been given to the parameter space surrounding the final
research. The absence of this data is a missed opportunity for more extensible reproducibility.
This evolutionary workflow data could also be useful in bi-directional research sharing. If multiple research groups are working in a similar vein, they can benefit from each others’ efforts.
However, this type of data could easily grow beyond the scientist’s capacity to preserve the workflow evolution data without attention on the minimum data that must be recorded, so that derived
data does not have to be stored indefinitely.
4.1

Workflow Execution

Certain methods for executing the workflow can introduce problems with both reproducibility
and in the validity of the scientific research itself. Research is vulnerable to measurement bias in
many different forms [124], especially when the scientist can execute code manually.
Automating the execution of all parts of the workflow can resolve some of the measurement
bias, while at the same time saving time and being more convenient for the researcher. However,
any model used to automate a workflow can be restrictive to the researcher. This could be because
there is significant performance overhead or the automation language is prohibitively complex for
the scientist. Whatever the reason, scientists can feel a great deal of temptation to execute at least
some of their workflow manually, making it hard to maintain a reproducible representation of the
workflow.
Even an automated workflow can run into isolation issues where data is available on the original
computing resources, but is not available in the workflow description. For example, either the
ACM Computing Surveys, Vol. 51, No. 3, Article 63. Publication date: July 2018.

Reproducibility in Scientific Computing

63:15

scientist or system administrator may be unaware of the dependency on some resource. In this
case, more isolation between the workflow and the user space would help with reproducibility
because such problems would have to be resolved before the experiment could complete execution
in the first place.
In other cases, the resource could also be intentionally unavailable based on proprietary or
privacy restrictions in place. In this situation, the isolation between the workflow and the user
space can actually get in the way of reproducibility.
Also, the size of a resource could make it impractical for inclusion in the workflow, or for performance reasons, the resource could have been made available on a site specific resource such as
a shared or distributed file system. In such cases, the resource should be identified in the workflow to satisfy isolation, but the actual run-time connection to the resource may need to be more
flexible. Finding a balance for isolation that is appropriate for reproducibility is difficult.
There are different ways [175] to make sure data is getting to the right places for execution.
In a user-directed approach, users must identify file locations in the specification and a method
for obtaining them, if not already available. In a centralized approach, a central repository holds
all the data and each execution node must transfer files to/from there. In a mediated approach, a
central repository holds only meta data about files and their locations. The files themselves can be
distributed across many nodes, reducing the bottleneck on the central repository. In a peer-to-peer
approach, no central repository exists, so each execution node has a list of neighbors that can be
queried for the data.
The centralized approach is the most reproducible, assuming the central repository remains
available. The peer-to-peer approach does not require a central repository, but a workflow might
not be reproducible if even one of the input files can’t be found. The mediated approach is also
more risky since the node(s) containing the actual data could be unavailable even if the central
repository is working. After long periods of time (such as decades), a user-directed approach might
need to be a fallback for reproducibility purposes, in the event that resources needed for the other
methods are no longer available.
Alternatively, the code can be moved to the data when the data is big and the code is small.
This can be a big boon to performance in some cases, but might not be supported by a workflow
management system designed for a data movement approach. It is also possible that this mode
of execution is not available for another scientist using different resources, so relying on code
movement would decrease the chances of a workflow being reproducible.
Fault tolerance is a phrase often used when describing distributed systems that can handle the
failure of some nodes in the system. But various levels of fault tolerance can be appropriate, depending on the scientific domain. For example, in some stages of high energy physics workflows,
not all tasks need to be completed to consider that stage complete. This type of behavior can be a
challenge for reproducibility because the failed tasks might vary between scientists. It can be difficult to determine whether a workflow is indeed reproducible when different individual failures
exist in two workflow executions, but the number of failures is acceptable for both executions.
If multiple users are a part of a single workflow, there can be a great deal of confusion when
someone updates the workflow at an earlier stage. A scientist working on the later portions of the
workflow will need to somehow merge that update into what they are working on. The update
may or may not affect the final results of the workflow, but it can be complex and challenging to
figure out an appropriate and convenient time at which to incorporate the update.
5 NAMING
Due to the exploratory nature of scientific discovery, attempting to introduce too much organization into the workflow too early can be wasteful. Scientists may prefer to wait on coming up
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with a name for certain components (such as “analysis” or “simulation”) until they are sure their
value in the workflow is proven. Or they might only give human-centric names to the most significant components. In the meantime, the computer still needs to distinguish between the remaining
objects and must most likely also group or link them together.
In addition, the names used to identify certain objects at one point in time can be repurposed
to refer to new objects as the workflow evolves. A workflow could also evolve in two different
directions (perhaps by multiple scientists, or by one scientist trying two different ideas). Given
two workflows with similar origins, it is difficult to identify which components are the same,
and which are different. If this comparison becomes too difficult, the effort needed to incorporate
a colleague’s research can be greater than the benefits that may come. In fact, a bad experience
attempting such a comparison can lead to a perception that no benefits from a colleague’s research
can outweigh that cost.
5.1 Namespaces
Each scientist, working individually, has full control over their own namespace, which allows them
to ensure that names identify the appropriate entity or entities. The home directory for a particular
user on a computer is an example of a namespace. A user generally has complete control over the
file and folder names in their home directory (except for a few reserved names and characters such
as the “.” and “..” folders and certain characters not permitted in file names). Users can also create
new namespaces when they create sub-directories.
An entity named “analysis’ by one scientist could refer to a completely different entity by another scientist. When their namespaces are separate, this is not an issue, but when sharing research methods with other scientists, these collisions can be impossible for a computer to resolve
automatically.
One solution for the merging of namespaces is to take an approach similar to how directories’
hierarchies work. Individual scientists are allowed to continue with their own namespace, and
a parent organization (or a super-namespace) is created to distinguish between the individual
namespaces when more than one namespace is involved. An identifier for each namespace (such
as a path or folder name) can be prefixed before the rest of the name.
However, the prefix can become tedious for frequently used entities that happen to have been
created in a different namespace. A scientist may want to give a new name for that entity in their
own namespace, which can also become confusing because now a single entity has multiple names.
If colleagues communicate with names that are only appropriate in their own namespace, there
can be a great of confusion about what is being referred to.
5.2 Persistent Identifiers
A scientist will occasionally need to move workflow files to new storage locations. If the naming
of workflow components is tied too closely to their pathname, this hinders the ability to compare
different evolutions of a workflow. On the internet, the ability to move and replace lower-level
network components is ensured by creating a hierarchy of names, each level of which can be
modified without affecting the higher-level names. Such higher-level names (such as DOIs) are
especially relevant when reproducibility is taken into consideration.
Each device on a network is an entity, identified at the lowest level, by a MAC address (Media
Access Control), which is essentially a name for an entity on a network (see bottom of Figure 6).
The MAC address is a 6-byte number, which is typically displayed to the user in hexadecimal
notation (for example, 48:65:6c:6c:6f:21). The purpose of the MAC address is to uniquely identify
that specific network device worldwide.
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Fig. 6. Examples of network and internet entity naming.

If that device fails and is replaced, the new name must be propagated to everyone who used the
old name. IP addresses were created to mitigate this problem. They are a new higher-level entity or
abstraction designed to identify a computer (rather than a device), and can be mapped to a specific
device as needed behind the scenes.
In general, lower-level entity names are typically more effective for replicability. They help
to identify the exact set of operations needed to re-execute an experiment precisely. The MAC
address is better for doing exactly what was done before, but an IP address makes it easier to
account for later changes to the system. This makes IP addresses a better choice when extensible
reproducibility is the goal, since the MAC addresses will not be appropriate on another set of
computing resources.
But IP addresses are still difficult for people to remember, so domain names were created. Domain names are more human-friendly names that identify a new entity called a site (rather than a
computer), and can be mapped to IP addresses.
Each of these namespaces is managed by an organization which allocates sub-namespaces to
other organizations. For example the first three bytes of a MAC address identify the organization (such as a hardware manufacturer), which manages the last three bytes. And with domain
names, top-level domains (such as .com and .org) have control over the namespaces below that top
level.
The identifiers for these namespaces are directly tied to a location, a domain name resolving
down to an individual network device at any given point in time. But there is also a need for
persistent identifiers that are separated from the location of the entity they refer to. And in addition
to identifiers for physical entities, such as a network device, there is also a need for identifiers (as
names) for any type of digital entity.
A URI (Uniform Resource Identifier) is designed to identify any resources, with a URL being the
most common type of URI. A URL is connected to a location through the domain name embedded in
its identifier, but a URI does not have to include a location. The Handle System [155] is also part of
the URI specification and is a namespace for global persistent and unique identifiers with a specific
data type, but no changeable attributes such as location, ownership, permissions, or timestamps.
One implementation of the Handle System is the DOI (Digital Object Identifier) system. A DOI can
be an identifier for any type of entity, and is associated with a URL, but the URL can change as
needed.
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A similar hierarchical approach could enhance extensible reproducibility by providing names
that persist across scientific domains, but such a system is not yet in place. DOIs are often used for
this purpose (to provide a global name for some entity) and are a great step towards reproducibility.
However, their ability to change can also be a problem over time, because there is no guarantee
that a given DOI will hold the same contents in the future as it did at the time a scientific paper
was published.
5.3 Immutable Identifiers
The ability to change the entity that a name refers to can make it difficult, from a historical perspective, to effectively communicate what entities were used to generate research results. For a
given name, if an entity is replaced after or even while results are generated, referring to that
name later on will likely prevent reproducibility if the system does not prevent this behavior.
In between a persistent identifier (which is designed for user convenience) and the location of
an entity (which is all the computer needs) is an immutable identifier that allows multiple copies
of the entity to exist in various locations, but prevents revisions or alterations to the entity that
could prevent reproducibility.
If a central authority exists that manages unique entities, the authority can assign an immutable
identifier to each entity using methods ranging from an incrementing number to UUIDs. In a
distributed environment, a checksum of only the significant parts of an entity can provide an
immutable identifier using an agreed upon algorithm. But a significant amount of forethought is
needed since there are many checksum algorithms available, and it can be difficult to distinguish
between significant and changeable attributes of an entity.
5.4

Overloading

Choosing an appropriate system for generating identifiers is further complicated by the challenges
that come from having too many names for an entity or too many entities for a name.
Reproducibility can be more expensive when there is more than one appropriate name for an
entity. In workflow descriptions, this entity overloading can cause extra network traffic, storage
space, and computational resources because the computer (or a person) might treat them as separate entities. These problems usually cause inefficiencies, but have no effect on reproducibility in
the presence of sufficient time and resources. File systems that support file linking can deal with
this problem by allowing a single file entity to appear to be in multiple folders and/or have multiple
filenames.
On the other end of this spectrum, when namespaces are not clearly defined or managed name
overloading can occur. This is a much more significant reproducibility problem than entity overloading. Imagine a folder on your computer with a single filename that points to two file entities.
When attempting to access the filename, the computer is unable to decide which actual file to
open. Perhaps the file system could prompt the user to choose one over the other, but if accessed
in a script, this is not possible.
The actual solution in most file systems is that the new file entity replaces the old one. The
user is often prompted to make sure this is the desired behavior, but once replaced, the old file
entity with that name is no longer available. Even if the file system keeps all versions [145], it is
difficult to resolve filenames when the version is ambiguous or without a desired timestamp, and
the system is forced to make a guess.
This is a common occurrence in evolving workflows when there is a progression of the specific
details (or entities) used to achieve some generic purpose. From the scientist’s perspective, each
progressive version is an improvement on the last, so the most recent one should be used. However,
even a small change in a single entity can drastically change the final results. So, for reproducibility,
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it is important to uniquely identify entities in the workflow so the correct entities get used for a
historical workflow. This means that a name alone may not be sufficient if previous versions need
to still be available.
5.5 Versioning
A example of this problem that is a common source of reproducibility problems is the evolving
versions of software libraries. The intent may be for all versions to be backwards compatible, but
there can still be subtle changes that alter results. In addition, for the purposes of reproducibility,
forward compatibility might be needed if the original scientist used a newer version of the library
than a later scientist. A version hierarchy (ex. 1.2.10) is often used to distinguish between updates
that are more or less likely to break a system that relies on the library. To identify relevant entities,
this version “number” should be used in connection with the name of the library to uniquely
identify an entity such that the name and version is an immutable snapshot of that library at a
specific point in time. The version hierarchy has meaning to the user, but a computer typically sees
it as no different than what could be achieved with a timestamp or a number that auto-increments
with each new version. The combination of a name and a version provides both; an appropriate
name for the user to understand the purpose of an entity, and an immutable entity that should be
used by the computer.
5.6 Hashing
Another problem is that computers are unable to detect similarities between entities the same
way humans can. However, they are very good at quickly identifying when two objects are in fact
the same identical entity. A hash function can be used to map data of some arbitrary size to an
identifier (or hash key) of some fixed size. To be useful, hash functions must always produce the
same fixed identifier for a given data entity. When using a hash function to name a data entity,
there is almost no possibility for entity overloading even without a central authority. A perfect
hash function will always produce a unique identifier with no collisions (i.e., no name overloading). While a universally perfect hash function is unlikely, a wide range of hashing algorithms
are available with various collision probabilities, many of which are appropriate for almost all
situations.
Unfortunately, despite the advantages, humans find it difficult to work with hash keys because
they appear to be random and need to be fairly large to provide sufficient assurance that collisions
will be avoided.
5.7

Distributed Hashing

To avoid a central authority, a hash function can be agreed upon as a way to uniquely identify
relevant entities. For example, git [110] uses hashes of file and directory content to generate a
hash that uniquely identifies each commit. A description of the commit is highly encouraged, but
is not intended to be unique or to serve as a key for finding the commit. The description is solely
for the benefit of the user.
A central authority is avoided because all participating computers agree upon a programmatic
division of entities. Each computer maintains the data agreed upon by the group’s hashing function, and the system relies on that function to ensure entities can be found using appropriate
names.
5.8 Tags
Tags aren’t much different than names, but the word is used to describe objects with no attempt
at or expectation of uniqueness. In fact, they are used more to group objects than distinguish
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between them. In a way, they are the opposite of versioning. Versions are a computer-friendly
addition to human-friendly names, while tags are a human- friendly addition to computer-friendly
unique identifiers (using hashes or an authority). Tags are also typically only relevant within some
localized namespace.
5.9

Lineage

Another approach to naming that is particularly attractive for reproducible research is to embed
the lineage or history of a particular entity in the name itself. For example, in a Merkle Tree [121],
the leaves are ordinary data entities without names, and every other node has a hash key as its
name. The hash key is generated using the hash of the sum of the hashes from the child nodes.
Other technologies that incorporate similar techniques include Git [110] and CVMFS [16].
Attempts have been made to create a universal identifier [70] for computational results. But
there are still many different approaches being taken and it seems like there is more divergence
in methods occurring than there is convergence. The conflicting goals of naming versus entity
identification make it difficult for both humans and computers to find and distinguish between
computational entities.
It should be clear at this point that there are many barriers to overcome, each of which can
distract a scientist from their domain of expertise. All combined together, the barriers seem to
form a wall that effectively prevents most computational science from being reproducible.
6 TECHNIQUES FOR ACHIEVING REPRODUCIBILITY
Scientists should carefully choose a reproducibility technique that aligns with their goals for replicability and/or reproducibility. Some techniques are convenient and provide replicability, but are
too complex to be effective for reproducibility. Others offer limited flexibility, but provide a high
level of reproducibility. The following reproducibility techniques draw from related ideals in computer science or have a focus on satisfying domain specific needs.
6.1

Track All Operations

One simple solution for preserving a workflow is to trace [30, 86, 135] and log all system calls
during the execution of a workflow. As mentioned before, the system call log can be used to reduce
the size of a package or image, enabling the execution environment. This approach works for
replicability, but is not always resilient enough for extensible reproducibility. However, there are
other considerations that can make this approach desirable.
Transparent Result Caching [164] is one way to automatically track the dependencies that are
explicitly stated in a Makefile, so the user can just use ordinary shell scripts to execute workflows.
If the method needed to generate results is recorded, the results themselves can be treated as a
cache. When an input changes, cascading results can be prompted for or automatically regenerated.
Certain dangers exist with this approach, such as when there are non-deterministic operations,
network communications, and/or failed tasks.
Nectar [77] is a more modern system designed for data centers. It can detect duplicate execution
requests before they get sent to execution nodes and instead return the cached results. Since VisTrails [12] is designed to generate images interactively, caching the results can be a large benefit
so that all historically explored images don’t have to be stored indefinitely. Logothetis [111] also
addresses saving and reusing previous computations to reduce the amount of traffic that has to
be aggregated. They can also use that information to detect effective file equivalence even when a
checksum comparison says the files are different.
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6.2 Track All Actions within a Walled Garden
Environment dependencies can also be resolved by requiring all execution [51] to occur on a
shared, public testbed. In such a system, a workflow can be tracked at a very high level. For example, an interactive text editor [100] could track lines of a script as they are entered by the user and
execute them in the background on behalf of the user.
To prevent conflicts between user and system control of the environment, such executions are
more reproducible if performed in a clean sandbox. In other words, execution should occur in an
environment that is both separate from user space and loaded without implicit dependencies.
This type of system can even support multiple users [71] with the possibility of some shared state
between them. This virtually ensures reproducibility and extension of workflows in the short term.
However, flexibility is very limited and scalability is often out of the hands of the researchers, and
eventually the shared system will need to be updated, requiring new consideration of all archived
workflows.
6.3 Track All Actions from An Achievable Initial State
Some methods assume an implied initial state, but it is a good idea to make the initial state more
explicit. Recording changes in a way to support undo [176] can provide a way to achieve a consistent initial state that can be shared with others. If the ability to replay the changes is included,
then there may also be the ability to revise the replay instructions to support extensions to research
rather than just replication. This replay ability also provides good efficiency during execution with
the ability to look at a particular operation in more detail later [42], without having to store all
details on the fly.
6.4

Execute a Detailed Specification

Rather than let the user perform or request operations on the fly, the user can be expected to
get organized and plan their workflow in advance, evolving the workflow as needed to handle
the exploratory nature of computational research. Such a plan should start with a clear recipe for
a repeatable environment, and then domain appropriately sized building blocks can be used to
advance the state of the workflow using that environment.
The relationship between all tasks in a workflow and their dependencies can often be fully
described using a DAG (directed acyclic graph). Some tasks may need to be run in series (a specific
order) if they depend on the results of other tasks to be executed. These series tasks contribute
to the height of a DAG that describes the workflow. Tasks without such dependencies on other
components can be run in parallel, and contribute to the width of a DAG.
Some workflow systems [3] only support tasks that can fit into a DAG structure. Such systems
can optimize the use of resources during execution because all required tasks are known in advance. The DAG could be extended to allow for additional functionality, such as with conditional
DAGs [128], but adding additional components to a DAG may reduce or negate optimizations that
a DAG based system can do.
Tasks whose execution is conditional or tasks within loops (see Figure 7) are beyond the scope
of a DAG. However, a higher-level abstraction can be used to describe conditional or looped tasks
without losing DAG optimizations as long as the conditions and loops can be decided before execution begins. For example, 2 tasks inside a loop that iterates exactly 10 times, where one of the
tasks only executes on odd iterations, can be easily translated into 15 tasks in a DAG, even if each
iteration of the loop depends on the results of the previous iteration.
However, any loop or condition that relies on runtime results cannot be directly translated into
a DAG before execution. Such workflows must be handled on a more on-demand basis. Prediction
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Fig. 7. Directional graph with conditional loop.

or estimation may be possible [113, 117], but the full benefits of a DAG are not available. If other
elements beyond a DAG are needed, the description must be more abstract.
A language-based workflow description can support large and/or complex workflows that can
be directly shared with collaborators. Also, a person with programming experience may be able to
easily write a program (perhaps in their preferred scripting language) that generates the desired
workflow description in the target language. This allows a user to create more complex (and more
abstract) workflows than are available in the workflow language itself.
Some systems created and use custom languages designed specifically for their workflow system [64, 68, 130, 140]. Others focus more on adapting the workflow into a standard language (XML
for example) [5, 8, 21, 171, 174]. Somewhere in the middle there are standardized languages created
for use in multiple workflow systems [6, 167]. A language can even be interactive with the ability
to run complex workflows programmatically, while at the same time preserving the workflow in
various convenient languages even before the code is executed [139].
There is great value in designing the language to approximate the scientist’s natural language [85]. This is more convenient for the original scientist, but is also easier for collaborators to
understand. Taken to the extreme, such systems [97] might remove the need for scientists to deal
with any kind of programming, since the language provides all scientific needs, and the low-level
details are handled by individuals outside the scientific domain.
However, users often prefer a graph-based system (rather than language based) for workflows (especially new users) because learning a new language can be difficult. A graph-based approach [80] also typically abstracts lower-level details away from the user, forcing/allowing them
to focus on higher-level concepts that are more applicable to their scientific research.
Graph-based modeling is sometimes implemented in the form of Petri nets [83, 166]. FlowManager [9] is one example. More recently, UML (Unified Modeling Language) [11, 49, 144] has
also been used to address some of the issues with Petri nets.
The best of both graph- and language-based approaches can be available by exposing both options to the user. In addition, allowing multiple representations of the workflow [114] can offer new
insights and capabilities. Grid-Flow [76] includes a Petri-net based interface and a programmable
Grid-Flow Description Language. XRL/Flower [170] also uses Petri-nets, but uses XML to support
standard parsing and validation of the language.
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For large/complex workflows, a graph-based approach can become unwieldy due to the vast
details available. To help graphically modeled systems support larger and more complex workflows, low-level details [131] should be abstracted away from the user. A system of templates [83]
can be used to specify sub-portions of a workflow in a hierarchy of abstractions. Triana [157]
supplies a graphical user interface that allows users to drag and drop tools and connect them
to inputs and outputs. Tools can then be “grouped” together to both simplify the visualization of the workflow and to support an abstraction hierarchy. Kepler [113] supports “abstract
components,” which collapse the details of a subworkflow to tame complexity. By using WSFL
(web services flow language) to compose workflow elements, each composition can be used
hierarchically as a web service for higher-level compositions [108]. Another interesting approach [69] is to attempt to automatically generate higher-level abstractions on top of the low-level
provenance.
Ideally, a user could describe a workflow in very abstract terms and some domain-specific system could flesh out the details automatically. Pegasus [40] combined with Chimera [61] support
this type of approach. Given a somewhat abstract description of inputs and the desired outputs,
Chimera can automatically look up operations in a database and those operations can then be used
to accomplish the desired behavior. Pegasus then marshals resources to execute the workflow, and
generate the desired results.
For all of the techniques, but especially for a detailed specification, it is helpful to ensure that
a history of the evolution of the workflow is somehow recorded. In software development, this is
done with a version control system where changes to the software are periodically recorded. This
is so that the state at important points in time can be obtained even after future changes have been
made. Such checkpoints can be automatic (so the user doesn’t forget), or the user must develop a
habit of choosing appropriate times to record the state. More frequent checkpoints make it easier to
isolate and undo bad changes, but they are more work to create and sort through. Websites such as
http://github.com and http://bitbucket.org have made it convenient to share this information with
collaborators, and are often used for scientific collaboration. However, such systems can break
down when large amounts of data are involved as they are designed more for source code than for
data.
Even with reproducible research there is no guarantee that the research results will be correct [106].
6.5

Verify and/or Validate the Final State

The above-mentioned Pegasus+Chimera method of workflow abstraction is also an example of
another broad technique for reproducibility. This technique is to pay very close attention to the
final result and less to the steps along the way.
Take for example, the difference between Puppet [112] and Chef [159]. Both are systems widely
used for system configuration. Chef takes an imperative if-then approach where the system administrator designs a sequence of statements that specify exactly what actions should be performed to
get the computer in the desired state. On the other hand, Puppet allows the system administrator
to declaratively say what packages should be on a computer, and Puppet has some freedom in
determining the best way to install those packages.
A declarative evaluation of scientific results is usually merited, with or without an imperative
list of steps required to get there. The responsibility to ensure that scientific research results pass
declarative needs generally rests completely on scientists. With tools that can assist or automate
some of this process, scientists can be responsible to ensure those tools are applicable and appropriate. Sometimes verification and validation are as simple as comparing newly generated results
to results which have already been verified or validated.
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If it is possible to automatically determine that results from a replication attempt are equivalent
to the results from the original research, then the exact methods used to achieve those results may
need less scrutiny. Verifying and/or validating the final state could be the only technique needed to
reproduce very simple workflows, but for large workflows, this technique would be more effective
when used in conjunction with another technique focused on the steps along the way.
Ideally, a scientific workflow will be fully deterministic and the generated results will always
be bitwise identical. However, in practice, there are many sources of non-determinism [91] that
contribute to results being different after a workflow replication attempt. The degree to which
small sources of non-determinism affect an entire experiment [35, 44, 98] is important to consider.
Some tools help with a comparison, but still require a user to make a final decision on equivalence. For example, a comparison tool called sfvplotdiff [57] is used in the Madagascar project to
compare a plot generated by an established version of a workflow with a plot generated by an
extended evolution of that workflow. Special care is given to tolerate precision differences [52]
between the computers executing the workflow, so that a scientist can observe only significant
differences between the plots. Then the scientist can more easily decide whether the differences
are justified depending on how the workflow was extended.
6.6

Require Formal Dependencies

Relying on conventions is more convenient (for most users) than creating elaborately configured
frameworks. However, preferring configuration over convention is helpful for reproducibility.
At the programming language level, dependencies on libraries can be specified using commands
like import, include, and require. However, it is unlikely that the programming language will locate
and retrieve those dependencies if they have not already been installed. A container image [120]
or virtual machine image can be coupled with the code to satisfy those dependencies.
The dependencies can also be specified in a functional manner [46] if the dependencies need
to be more granular than a single image. Alternatively, a set of commonly used dependencies can
be bundled together [119] so that a single reference to the bundle can indirectly include all of the
dependencies from the hardware to the command level.
A system that can embed a full environment specification into each component of a workflow [43, 90] enables users to ensure that all required dependencies are included. If the system only
executes the workflow using the fully specified environments, then any generated results have a
high likelihood of being at least replicable. In addition to providing the ability to replicate component execution on similar hardware, this form of encapsulation [85] could include subcomponents
such as a compiler, to make the environment specification more portable to hardware systems
that are less similar to the original ones used. This also allows for more separation between domain science and computer science [97], reducing the need for domain scientists to be involved in
programming in favor of focusing on their domain, and also increasing the reproducibility.
6.7

Validate Continuously

In software engineering, continuous integration [62] is when developers flag working updates
to a shared codebase as soon as they are ready, and then several times a day, updates from all
developers are merged, tested, and put into production. Various websites [31, 94, 161] can be used
to support continuous integration. Comprehensive testing (or validation) is typically automated
so that unexpected problems can be quickly identified before going live.
This concept can be applied (in part) to scientific workflows for collaboration. While the merging
is less likely to be valuable several times a day (compared to internet applications), the measures
taken to make that possible can simplify the collaboration process enough to make it more effective
for reproducibility. For this to work, a few practices need to be adopted.
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There is a big difference between a scientist manually reporting the command they executed
and the scientist requesting a command to be executed with the system automatically reporting
the command used. When the scientist manually reports a command, there is always a possibility
that something was left out, or that something was changed after the report was made. When the
reporting is automatic, there may still be room for implicit dependencies built into the system, but
those can be easier to track and resolve than transient changes based on what a user types into
the command line.
Automation is a good first step to ensure that a workflow, and any sub-components, are correctly
reported in connection with some results [39]. By some definitions [84], automation is the purpose
of creating a workflow in the first place.
One of the earliest and most prevalent ways to automate a workflow is the Unix make [118] utility. Early attempts [146] to encourage reproducible research using make resulted in some success,
but over 38% of the files (figures) were not reproducible. In addition, the system was fairly complex, including scripts in various languages and LaTeX macros, the combination of which made it
difficult for other scientists to reproduce [60].
More recent attempts [58] using the more modern automation utility SCons [101] (based on
Python) were eventually more successful [57], but that success isn’t necessarily tied to those utilities alone. There has been more pressure to make research reproducible in recent years, and some
of the successes could be attributed to that momentum.
In many cases, the benefits of automation may actually contribute to the overall “ease of experimenting” [24] while at the same time making great strides toward reproducibility.
In software engineering, test-driven development is where the programmer creates a test for
desired behavior before the behavior is even implemented [54]. This ensures that even if changes
are made to the software, the desired behavior is preserved. Scientific research is generally too exploratory to be able to define the desired workflow fully in advance. However, once some research
has been published reproducibly, it can be treated as a test in the sense that it can be used as a basis
for comparison as other researchers attempt to replicate or extend the research. Tests are vital for
performing continuous integration [50].
Various systems [7, 75, 99, 123] designed for automatic deployment and task execution could be
used to assist in efforts to validate continuously.
The Madagascar project [57] applies this concept to reproducible research by running tests
whenever someone submits a modification to preserved research. If automatic validation fails and
no one in the community steps in to correct the error, the project is removed from the set of maintained research workflows.
Some workflow systems are specifically geared toward automating and preserving the generation of graphs and figures to be shown in a publication. One approach combines Git And OrgMode [150] to handle the execution of a workflow that is fully documented as it is created. The
final result is similar to a lab notebook and can be published with all details on how to reproduce it.
Similarly, Paper Mâché [20] manages a workflow and a LATEX or .doc file, directly inserting images
generated by the workflow into the document for publication. Vistrails [27] is designed to interactively generate images so that the viewer can explore visualization with custom arguments to available parameters. These are tools that provide some automation, but final verification/validation is
performed by a user.
6.8 Make the Environment Explicit
The computing environment used by most scientists is provided by system administrators who
attempt to balance the needs of many users when making decisions about how to provision hardware. When scientists need system resources that are not already provided, they may ask the
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system administrator to install or procure those new resources for them. They might go as far
as choosing a specific version of an operating system or even bleeding edge hardware for their
research. If those resources are not automatically provided, some scientists will even take on some
of the role of system administrator to obtain those resources themselves. Virtual machines and
containers are relatively new technologies that give scientists more flexibility. Some of these new
technologies improve reproducibility at the same time.
6.8.1 Hardware Provisioning. The traditional way to provide compute resources to scientists is
to consistently provision dedicated hardware for each research group. This can include a detailed
list of imperative operations [159] that describe how to install the environment directly on hardware. Alternatively, a declarative specification [112, 119] lists all the components that are needed
in the environment, but does not dictate how they are to be installed.
It is also important to consider the community, reliability, and usability [132] of hardware provisioning specifications, as they can get very complicated.
6.8.2 Virtual Machines. A more recent technique involves provisioning the hardware with a
generic system that allows virtual machines to dynamically be instantiated as needed. This provides the scientist the most flexibility. But more importantly, it automatically provides an easy
to preserve copy of the full environment used in the original workflow execution. This virtual
machine image can then be easily shared [87] with colleagues using cloud services.
This approach is quite effective when the research can reasonable fit in a single virtual machine.
However, a networked system can break down with large datasets or with research that requires
distributed execution to complete in a reasonable timeframe. Vagrant [78] goes one step further
by including complex network configurations in addition to managing software within the virtual
environment. However, there is a high likelihood that many unneeded files will get included in the
virtual machine image, making the image excessively large and more difficult to curate and share.
6.8.3 Containers. A container image [120] serves many of the same purposes as a virtual machine image. But while the virtual machine image is a single file with everything needed, a container image is a progression of new packages added to previous ones. As such, a container can
have less overhead (especially when booting) because it may be able to rely on already running
parts of an operating system. Except for the fixed operating system kernel, a container can provide
what appears to be a completely independent system. This allows more efficient use of RAM and
faster startup times, in addition to layered file systems and common files that make disk usage
more efficient.
6.8.4 Package Management. A package management system mostly handles changes to installed software libraries. However, most package management systems require root access, which
means that access to such systems must be restricted [162] for security reasons. This contributes
to a barrier between system administrators and scientists leading to confusion when attempting
to identify and share the environment.
However a few non-root package managers [36, 46] are emerging that take a functional approach
to setting up appropriate environments. Giving the scientist such control can help ensure that
upgrades don’t sneak in leading to unexpected results, and can help even with heterogeneous [168]
devices.
6.8.5 Functions. Organizing a workflow into functions is one way to parameterize tasks into
abstract components that perform domain-specific operations and are organized in a way logical
to scientists. A simple command can be treated as a function if the executable is designed to work
that way (see Figures 3 and 8).
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Fig. 8. Environment scopes. The environment can describe anything from a command involving some data, to
the full computational stack down to the hardware specifications.

6.8.6 Distributed Systems. For workflows that don’t fit in a single node, a connecting structure
needs to exist between instances of an environment. To execute complex multi-cloud and multiVM applications reproducibly, cloudinit.d [22] can launch, configure, monitor, and repair a set of
interdependent virtual machines over multiple IaaS clouds. A launch plan describes a series of run
levels, each of which contain tasks that can be run in parallel. A service handles the launching,
configuring, and status of VMs, starting with package management tools like Yum or configuration
management tools like Puppet. In the case where failure is detected and repair actions are needed,
cloudinit.d only restarts the affected sections of a launch plan.
Whatever the method for defining and creating environments, doing so not only helps with
reproducibility, but also allows the scientist to delegate the responsibility of providing reproducible
system resources.
7 OPEN PROBLEMS FOR REPRODUCIBILITY
Despite advances in the tools currently available to enable reproducibility, many authors can’t
even replicate their own results after a year [45], let alone enable others reproduce them 10–
20 years from now. There is little external motivation to ensure scientific computing publications
are reproducible. Perhaps a metric needs to be created to measure reproducibility so that a sizable prize [15] could be offered to the most reproducible scientific computing publication. In the
absence of a funding source, maybe publishers could simply start offering a Most Reproducible
Paper Award similar to the Best Paper Awards commonly given. A little notoriety could go a long
way in encouraging scientists to strive for reproducibility. Efforts could also be made to improve
scientific computing tools so that reproducibility was less difficult and ambiguous.
7.1 Automatic Verification of Results
The ability to automatically compare two separate executions of a workflow is more valuable than
it may seem at first. Such comparisons, however, should not be limited to a simple conclusion of
identical or not. Enabling multiple levels of equivalence at each level of the workflow can allow
the scientist to be informed as to whether or not changes to system resources, timing, or other
incidental variances have affected the results in a meaningful way.
ACM Computing Surveys, Vol. 51, No. 3, Article 63. Publication date: July 2018.

63:28

P. Ivie and D. Thain

If the comparison involves many executions (more than just two), the scientist might be able
to make conclusions about whether or not a given level of equivalence is normal at that stage
of the workflow, or indicates a new variation that should be examined more closely. In addition,
automating comparisons at each level would make it trivial to identify specific components that
are causing variations, whereas a manual comparison at the end of the complete workflow would
necessitate reviewing all stages to identify an issue.
Automating the comparisons could also introduce the ability to establish scientific controls.
Iterative executions while one parameter changes could then identify not only parameters, but
parameter values that have an affect on reproducibility. Automated verification could also enable
continuous integration, which in turn could give the scientist earlier notification that some change
had a significant effect on the results. This could both save time for the scientist and reduce the
cost of compute resources.
As threats to reproducibility are identified more precisely, there is an opportunity to enhance reproducibility by making adjustments to domain methods. This could even lead to concrete metrics
on how reproducible a workflow is, similar to code coverage metrics that help encourage software
developers to have tests for as much of their code as possible.
7.2

Performance, Scalability and Efficiency

With automatic verification of results, a focus on performance, scalability, and efficiency can all
be undertaken without a concern that such optimizations will hamper the reproducibility. This
may not be the primary concern of most scientists today, but current trends indicate that big data
needs will only increase over time. A workflow that is sufficient to handle current databases may be
unable to perform the same operations on larger databases that become available, making it hard
to extend research to future input data. However, sometimes the most scalable approach for the
future is at odds with the most efficient approach today. This balance will be a constant struggle,
but with automatic verification, some of the struggle can at least be automated.
7.3 Infrastructure Independence
It is hard to even imagine any kind of workflow description that is entirely infrastructure independent. In addition, infrastructure independence is typically at odds with HPC (High Performance
Computing). HPC often focuses on using the commands that provide the best performance for the
specific infrastructure being used.
However, to increase the chances that a system will handle future infrastructures that are yet to
be invented, some level of infrastructure independence is important. One way to achieve this is to
make the architecture and/or workflow tasks generic enough that they can be adapted as needed.
Some sort of middleware could observe both sides and make appropriate conversions to ensure
proper execution.
These conversions could be especially dangerous to the reproducibility of a workflow, so it
would be important to couple efforts in this area with automated verification. However, this combination could make it possible to optimize performance without sacrificing reproducibility.
7.4 Curation of Workflow Evolution
Even research that was fully reproducible at the time of publication may cease to be usable in
the ensuing year as a result of unexpected hardware or software evolution. The Madagascar
project [59] and observations of its use after a couple of years [57] make a strong arguments
for making research preservation a community effort, rather than placing the burden entirely on
the original researcher.
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This is not an easy task and generic open source software techniques [56] are not always applicable. Strides have been made and lessons learned in very specific situations [163], but more needs
to be done for scientific workflows as a whole.
7.5 Usability
There are clearly usable solutions available for many of the reproducibility problems that have been
discussed. And it could be argued that improvements to usability are always possible. However,
usability does not seem to be a high priority in many of the the tools created and used in computational science. More focus on usability would clearly help to increase the adoption of tools that
are designed to reproducibly execute workflows and can satisfy the other needs of computational
scientists.
8

CONCLUSIONS

For a workflow that can run on a single machine, solutions exist for replicability, but for distributed
systems, and/or for reproducibility, existing systems are generally inadequate for scientists who
are experts in their scientific domain and not experts on computer systems.
Tracking system calls is one approach for replicability that requires little effort from the scientist,
but for large-scale, complex workflows, many issues can arise if the work needs to be distributed,
especially if the distributed resources are heterogenous. For such situations, a more flexible approach is needed to utilize such distributed and evolving resources. Within tasks, both source code
and binary code are important to communicate both scientific intent and concrete implementation, respectively. Task sizes can vary from a single system call (which is easy for a computer to
deal with), to everything behind a single high-level scientific concept with some parameters (for
user convenience). For most systems, a hierarchy of tasks interacting with each other is likely to
be appropriate. These interactions can be described as a workflow with a language or graphicalbased approach, the former being more expressive, and the latter being more convenient, but both
can be effective in communicating the real science to collaborators.
Each element of the workflow should have names that are sufficiently abstract and flexible for
the user, but at the same time sufficiently unique for a computer. This could include name and
version pairs for the user and computer, respectively, or unique identifiers with human readable
elements embedded in them.
Many existing efforts [85] to provide frameworks, middleware, and environments to support
computational science are available. With some effort, scientists can organize their research to
support parameterization so that the research might be extended in new directions. But in addition
to such efforts, which would allow new scientists to explore new avenues, there also needs to be
an effort to communicate intent and higher-level purpose to those new scientists. This might be
done in publications, or built into the workflow, but these methods definitely require additional
work from the scientist. However, this effort might not be wasted, as sometimes an author can be
communicating with their future selves when they clarify their workflow.
With that in mind and with a focus on usability, additional tools are needed to reduce the intellectual load on scientists so that they and their collaborators can focus on their scientific domain
instead of on the computer science. In general, the less work the scientist has to do to execute their
research workflows and evolutions of their workflows, the more likely it is that their collaborators
will be able to accept and benefit from that research. This includes any efforts towards validation,
infrastructure independent, and performant execution, recording, sharing, and synchronizing of
workflows.
Beyond technological improvements supporting reproducibility, a shift in intent and a greater
focus on reproducibility needs to be adopted by scientists. Reproducible research needs to be
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perceived by all involved as a more effective contribution to science rather than an inconvenient
and unachievable ideal. Scientists could also benefit from more exposure to any good software
development practices [172] that are not included in their education or training. There is no guarantee that even the most reproducible techniques available today will be reproducible at any given
date in the future. Therefore, a community of experts is needed who are willing to maintain a collection of relevant research. This community would secure funds, decide what research is no longer
relevant, what research needs to be updated to accommodate technological advances, and develop
additional tools to encourage new commitments to the reproducibility of computational scientific
research.
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