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Abstract

The concept of reproducible research has evolved significantly over the past 30 years,
with the idea growing in popularity, awareness, and acceptance. Upon its introduction to
the statistical and broader scientific community, computational reproducibility was pro-
posed as an essential concept for communicating the process of computational research
and for being able to understand what exactly was done to produce a result. However,
in the early stages, computational reproducibility faced at least one significant challenge,
which was the lack of tools to make it easier for people to implement reproducible work-
flows. Fritz Leisch made major contributions to this area with his development of Sweave
for the R programming language and his general promotion of software tools for repro-
ducibility. We consider these contributions in the context of the history of reproducible
research and consider what the implications are for the future of data analysis.
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1. Introduction

Over the past 30 years the nature of computational research has changed significantly with
respect to how it is conducted, disseminated, and extended. One of the drivers of this change
has been the concept of reproducibility, or reproducible research, which calls for data and
software code to be made available to others so that published claims can independently
be verified and reconstructed (Peng 2011). Introduced to the statistical community in the
1990s, the concept of reproducibility involved communicating the computational details of an
analysis to colleagues, collaborators, students, funders, the public, and oneself (Buckheit and
Donoho 1995; Schwab, Karrenbach, and Claerbout 2000). At the time, code and data would
be transmitted over CD-ROMs or other hard media, introducing considerable friction and
cost to others who might want to see the details. Since the development and the expansion
of the Internet, many of the technical barriers to disseminating information in general have
been reduced significantly.

In any work discussing reproducibility, one must be careful to distinguish between a few
related, but different, ideas, as there is often confusion regarding their meaning (Barba 2018).
The concept of reproducibility we discuss here is sometimes referred to as “computational


http://www.ajs.or.at
http://www.ajs.or.at/
http://dx.doi.org/10.17713/ajs.v54i3.2052
www.osg.or.at
https://orcid.org/0000-0003-0572-9055

2 Tools for Reproducible Research

reproducibility,” whereby the code and data used to conduct a data analysis can be executed
together to reproduce an original published result (usually exactly). A different, and perhaps
broader concept is sometimes referred to as replication, whereby independent investigators
collect new data to address a similar question examined in a previous publication. With
replication, a success is often characterized as obtaining a result similar to, but not exactly
the same as previous work. The definition of reproducibility used in this paper is characterized
in greater detail in Patil, Peng, and Leek (2019).

In the early 2000s computational reproducibility still faced two significant challenges. First,
in many corners of the scientific establishment there was resistance to the idea itself (Peng,
Dominici, and Zeger 2006). Researchers cited a variety of reasons including the reluctance to
share proprietary data, embarrassment over poorly written code, and the potential for misuse
or even abuse (Peng 2011; Keiding 2010). Second, there was a lack of software tools that
would allow researchers who had accepted reproducibility as an important concept to easily
incorporate it into their data analysis workflow. Across the variety of statistical software tools
that people used to analyze data (including the R environment), there were few tools that
would allow researchers seamlessly to improve the reproducibility of their analyses.

Over time, the idea of reproducibility slowly gained acceptance within various scientific com-
munities. A number of high profile failures of data analysis (e.g., Herndon, Ash, and Pollin
2014; Coombes, Wang, and Baggerly 2007) kept the issue of reproducibility alive and increased
awareness of its importance. One consequence was that many scientific journals, encouraged
by the research community, changed their article submission policies to encourage or require
the submission of data and code along with their manuscripts (Peng 2009; Stodden, Guo,
and Ma 2013; Wrobel, Hector, Crawford, D’Agostino McGowan, da Silva, Goldsmith, Hicks,
Kane, Lee, Mayrink, Paciorek, Usher, and Wolfson 2024). Major funding sources, such as the
U.S. National Institutes of Health have expanded policies around reproducibility, for example,
to encourage deposition of data and code in central repositories (NITH 2024).

Addressing the need for software tools to build reproducible data analyses was a challenge
because it required developing something that would be embedded deep within an analyst’s
workflow. Such tools would need to encourage reproducibility without introducing too much
overhead. Fritz Leisch made a major contribution to the tooling for reproducible research
by introducing and developing Sweave for the R programming environment (R Core Team
2024). In addition, Fritz actively promoted and encouraged the development of other soft-
ware by co-editing the book Implementing Reproducible Research with Victoria Stodden and
myself (Stodden, Leisch, and Peng 2014). These efforts, which we will discuss further in the
next section, set an example for how to constructively face a difficult problem confronting
all scientific researchers and laid a foundation on which many others would make their own
contributions.

2. Tools for building reproducible data analyses

Sweave drew its inspiration from the literate programming ideas originally developed by Don-
ald Knuth (Knuth 1984). There, Knuth envisioned a system by which computer programs and
their documentation could be written together in a single document using both a program-
ming language and a documentation language (his original WEB system used Pascal as the
programming language and TEX as the documentation language). With a literate program
one could then tangle it into a compilable program or weave it into a human-readable docu-
ment. A key benefit was that documentation and code were placed in the same document,
thereby making it easier for the programmer to maintain coherence between the two.

Data analysis and programming are not the same activities and therefore a system for writing
reproducible analyses would likely differ from the original literate programming vision. How-
ever, the basic ideas would carry over to the Sweave system (Leisch 2002). Sweave’s original
format closely resembled Norman Ramsay’s noweb format (Ramsey 1994) and used the weave
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and tangle verbs. Documents would be written using a programming language, in this case R,
and a documentation language (I4TEX). Documents would be divided into text chunks with
human-readable documentation and code chunks with machine readable code. Analysts could
then use the Sweave system to weave the documents into nicely formatted human-readable
documents, such as PDF files, or tangle them into pure R source files. Rather than compiling
the code and creating an executable, as in Knuth’s original system, Sweave executed the code
chunks in the R interpreter (as part of the weave-ing process) and replaced the code with the
results of the execution. This difference in behavior from the original literate programming
ideas reflects the different context in which Sweave was used. While the weave and tangle
verbs make some sense in a data analysis context, Fritz’s adapting of these ideas made them
more useful for the statistical programmers that would adopt the system in their work.

Very often, the result of executing code in a Sweave document was a plot or a table or some
other numerical result derived from data. This feature of Sweave, whereby the results of
executed code would be automatically embedded within the document, made it particularly
useful for building dynamic documents or compendia, where results could be updated and
kept in sync by re-weaving the original source files (Gentleman and Temple Lang 2007). Thus,
there was no need to have separate files containing analysis code and results. Everything could
be combined into a single document and the analyst could choose to present as much of the
code, results, and data as was considered necessary. If there were a change to the data or the
code, re-weaving the source file would update the results and confirm the reproducibility of
the analysis (or not, if there were some error in the code).

It is perhaps easy to overlook the novelty of the original Sweave system, which was introduced
to the R community in 2002 with R version 1.5.0. In particular, Sweave was not a new
programming language or even a tool to help with programming, it was not a tool (like an
editor) for writing papers or reports, and it was not a statistical method for analyzing a
specific kind of data. Rather, it was a tool for building a reproducible data analysis workflow.
Specifically, Sweave enabled the user to fundamentally improve the reproducibility of a data
analysis by allowing the presentation of the results of that analysis to be connected directly
with the data and the code. Critically, Sweave’s use of INTEX and R and plain text formats (as
opposed to proprietary file formats like Microsoft Word) did not require many statisticians to
learn different tools or languages. Sweave therefore gave analysts the ability to improve the
quality and reliability of any document that relied on the output of code and data without
having to make major workflow changes.

One task that Sweave seemed particularly well-suited for from the beginning was the develop-
ment of tutorials and manuals for R packages. Version 1.5.0 of R also introduced the capability
for developing R package vignettes, which could be written in the R/nowebd format mixing
KTEX with R code chunks (Leisch 2003). These vignettes could be longer than a typical R
manual page and could provide more details about how to use the functions in the package.
When an R source package was built, the vignette would be woven to produce a PDF version
that would be distributed along with the package code. Users could then read the vignettes
in the package with the vignette() function upon installing the package. A key feature of
these vignettes is that the users could always be assured that the code and the output were
up to date (at least as of the last build) and that the code had executed, because otherwise
the package could not have been built in the first place. Some time later, the Bioconductor
Project mandated the inclusion of at least one vignette in each of its packages and continues
to maintain that as a minimum documentation standard (Bioconductor Project 2024).

Sweave has also inspired the development of numerous related tools that modified the existing
elements of the Sweave system, including the programming language, the documentation
language, and the documentation output. For example, the R packages RZHTML (Lecoutre
2003) and odfWeave (Kuhn 2006) allowed for the creation of HTML and Open Document
Format output, respectively. The IDynDocs package substituted XML for IMTEX as the
documentation language (Nolan and Temple Lang 2007) and SASweave moved away from the
R system and allowed for the integration of SAS code into documents (Lenth and Hgjsgaard
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2007). The cacher (Peng 2008) and weaver (Falcon 2009) packages introduced object caching
in order to speed up the weaving process for large documents. The widely used knitr system
(and the later Quarto system from Posit) added Markdown as a documentation language
(in addition to I4TEX) in the now popular R Markdown format (Xie 2017). The integration
of knitr into the original RStudio interactive development environment increased Sweave’s
accessibility to a wide range of new developers.

Since its introduction, Sweave has been adopted far beyond the statistical community for
producing reproducible data analysis reports (e.g., Garbade and Burgard 2006; Meredith and
Racine 2009; Koenker and Zeileis 2009). Others have advocated for its use in collaborative
workflows to ensure reproducibility and efficient documentation of statistical analyses (Bag-
gerly and Coombes 2009). Beyond its use in research applications, Sweave has found consid-
erable interest in teaching settings and has transformed the development of computational
textbooks. One application that leverages the use of live code and dynamic computation is
the development of scalable randomized exams in a classroom setting (Griin and Zeileis 2009;
Goémez, Mulero, Nueda, Pascual, and Molina 2013; Zeileis, Umlauf, and Leisch 2014). For
publishing, entire book series, such as Springer’s Use R! or Chapman & Hall’'s R Series, have
been established to highlight the use of R, and many of these have been written in Sweave or a
descendant tool (e.g., Peng and Dominici 2008). Tools like Sweave, and later bookdown (Xie
2016), are well suited to books which need frequent updating due to changes to the underlying
software being demonstrated (Holmes and Huber 2019).

3. Building better data analyses

Since the publication of the book Implementing Reproducible Research in 2014, much in the
world of data analysis has changed. That book had a simple purpose, which was highlighted
in the Preface:

Assuming one agrees that reproducibility of a scientific result is a good thing, how
do we do it?

The answer to that question, from a software perspective, is largely answered, as the prolifer-
ation of software tools in the over ten years since the book’s publication demonstrates. Fritz’s
development of Sweave played a major role in this effort and his impact continues to this day.
The general problem of reproducibility still faces challenges though, primarily regarding the
need for infrastructure to support the distribution and maintenance of data and code (Peng
and Hicks 2021).

A key goal of reproducible research, and all of the tooling developed to support it, is to allow
the scientific community to see what was done in an analysis. But achieving this goal leads us
to ask whether answering the question, “What was done in this analysis?” is enough for all of
our purposes. Ultimately, a broader question would be to ask “Do I understand and trust this
data analysis?” While reproducibility seems to provide the means to answer this question, it
does not answer the question itself, as even a poor data analysis can be reproducible (Leek
and Peng 2015).

One of the most pathological examples of the shortcomings of reproducibility is the paper
of Potti, Dressman, Bild, Riedel, Chan, Sayer, Cragun, Cottrill, Kelley, Petersen, Harpole,
Marks, Berchuck, Ginsburg, Febbo, Lancaster, and Nevins (2006) and the investigations that
ensued to figure out what was done. Keith Baggerly and Kevin Coombes ultimately did
reproduce the original investigators’ work (after deliberately introducing numerous data and
statistical errors) but estimate that they took over 1,000 person-hours to do so. If the paper
had been fully reproducible from the beginning, it is highly likely that the number of hours
dedicated to obtaining the original results would have been reduced. However, reproducibility
would have only reduced the time to produce an incorrect result! Arguably, much of the time
spent by Baggerly and Coombes was spent figuring out what the results should have been, had
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the original investigators done things properly. Such painstaking “forensic bioinformatics” is
time-consuming and tends to go far beyond what was done in the original analysis.

Pathological data analyses aside, there has been a growing concern over the lack of replication
and reproducibility of significant findings in areas such as psychology and medicine, whereby
independent investigators are sometimes unable to confirm published findings, either with new
datasets or with the original datasets (Patil, Peng, and Leek 2016; Ioannidis 2005). While
there are likely many causes for the lack of replication of findings, one question is whether
better tooling could be invoked to prevent such problems from occurring. Baggerly and
Coombes directly suggested that the use of Sweave could prevent irreproducibility in some
analyses (Baggerly and Coombes 2009). More broadly, the implementation of reproducible
software workflows could improve the quality of data analysis overall. A number of entities,
such as the Center for Open Science have been building tools to encourage reproducibility
and replicability. Such efforts will likely play an important role in mitigating some of the
worst outcomes. That said, it is unlikely that software tooling alone can improve all data
analyses. Rather, problems may reach into issues of study design or statistical methodology
that need to be addressed via other means, such as education.

Perhaps another goal of tools like Sweave could be framed as allowing for and encourag-
ing more “frictionless reproducibility” (Donoho 2024). It is worth noting that even in ideal
circumstances, when code and data are made available to others, reproducing a published
result can still be challenging (Barba 2024). One could think of individual data analyses
or papers much the same way we view software packages—as re-usable entities upon which
we can build larger or more complex analyses or models. While much work has been done
to consider formats for enabling this approach, such as caching and distributing computa-
tional results (Peng 2008), the transition from writing primarily human-readable analyses to
developing machine-readable data products is ongoing (Barba 2024).

Moving beyond the minimum data analysis standard of reproducibility will require re-thinking
and updating our goals for data analysis. While reproducibility, and the tools supporting it,
will continue to play a key role in data analysis, ultimately we want to know that an analysis
does not suffer from a significant failure. Specifically, it would be useful to know from the
presentation of a data analysis that (1) there are no errors in the analysis that, if fixed,
would change the results; and (2) there does not exist a plausible alternative explanation
that is consistent with the data but is inconsistent with the primary claim. In order to make
such assurances, we likely will need to develop data analysis representations that go beyond
showing what was done to produce the final result. For example, it could be valuable to see
analyses that were done but not chosen to be included in the final presentation, especially if
those analyses considered alternative hypotheses. However, a comprehensive dump of every
analytic twist and turn would likely be overwhelming. New tools will need to be developed
that can open up the data analysis process in a compact and usable way, while also providing
significant advantages to the analyst, much as Sweave did when it was first released. Such
tools would further allow the community to extend and rely on published data analyses to
answer new questions.

The impact of Fritz Leisch on the scientific community has been substantial and his devel-
opment of tools for reproducible research has played a key role in encouraging a culture of
transparency and openness in research. By providing the means to implement reproducible
data analyses, he allowed advocates of reproducibility to demonstrate its value and impor-
tance in a constructive manner. Ultimately, the succession of software tools implementing
his original ideas in a variety of other contexts is an important legacy that has extended his
impact across time and disciplines.
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