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1. Framing Reproducibility in Computational Science
2. A (Very) Brief History of Recent Efforts
3. Steps Forward

Merton’s Scientific Norms (1942)
Communalism: scientific results are the common
property of the community.
Universalism: all scientists can contribute to
science regardless of race, nationality, culture, or
gender.
Disinterestedness: act for the benefit of a
common scientific enterprise, rather than for
personal gain.
Skepticism: scientific claims must be exposed to
critical scrutiny before being accepted.

Skepticism and Boyle’s Idea for Scientific
Communication
Skepticism interpreted to mean
claims can be independently
verified, which requires
transparency of the research
process in publications.
Standards established by
Transactions of the Royal Society
in the 1660’s (Robert Boyle).

Today: Technology drives a re-assessment of
transparency
•

Big Data / Data Driven Discovery: e.g. high dimensional data,

•

Computational Power: simulation of the complete evolution of
a physical system, systematically varying parameters,

•

Deep intellectual contributions now encoded only in software.
The software contains “ideas that enable biology…”
CSHL Keynote; Dr. Lior Pachter, UC Berkeley
“Stories from the Supplement” from the Genome Informatics meeting 11/1/2013
https://youtu.be/5NiFibnbE8o

Parsing Reproducibility
“Empirical Reproducibility”

“Statistical Reproducibility”

“Computational Reproducibility”

V. Stodden, IMS Bulletin (2013)

A Credibility Crisis

The Ubiquity of Error
The central motivation for the scientific method is to root out
error:
•

Deductive branch: the well-defined concept of the proof,

•

Empirical branch: the machinery of hypothesis testing,
appropriate statistical methods, structured
communication of methods and protocols.

Claim: Computation presents only a potential third/fourth
branch of the scientific method (Donoho et al. 2009), until
the development of comparable standards.

“It is common now to consider
computation as a third branch of science,
besides theory and experiment.”

“This book is about a new, fourth
paradigm for science based on
data-intensive computing.”

Really Reproducible Research
“Really Reproducible Research” (1992) inspired by Stanford
Professor Jon Claerbout:
“The idea is: 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 ... set of instructions [and data] which generated
the figures.” David Donoho, 1998

A (Very) Brief History..

Yale 2009
Inspired by the Bermuda Principles, “Data and Code Sharing Roundtable” on
November 21, 2009. See http://stodden.net/RoundtableNov212009
We collectively produced the Data and Code Sharing Declaration including a
description of the problem, proposed solutions, and dream goals we’d like to
see.

ICERM 2012

ICERM Workshop Report

Issues from ICERM
•

The need to carefully document the full context of computational
experiments including system environment, input data, code used,
computed results, etc.

•

The need to save the code and data in a permanent repository, with
version control and appropriate meta-data.

•

The need for reviewers, research institutions, and funding agencies to
recognize the importance of computing and computing professionals, and
to allocate funding for after-the-grant support and repositories.

•

The increasing importance of numerical reproducibility, and the need for
tools to ensure and enhance numerical reliability.

•

The need to encourage publication of negative results as other
researchers can often learn from them.

•

The re-emergence of the need to ensure responsible reporting of
performance.

Supercomputing

Efforts by SIGHPC, SIGMOD, SIGCOMM…

“Fostering Integrity in Research”
6: Through their policies and through the
development of supporting infrastructure, research
sponsors and science, engineering, technology,
and medical journal and book publishers should
ensure that information sufficient for a person
knowledgeable about the field and its techniques
to reproduce reported results is made available
at the time of publication or as soon as possible
after publication.
7: Federal funding agencies and other research sponsors should
allocate sufficient funds to enable the long-term storage,
archiving, and access of datasets and code necessary for the
replication of published findings.
Fostering Integrity in Research, National Academies of Sciences, Engineering, and Medicine, 2017
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REPRODUCIBILITY

Enhancing reproducibility
for computational methods
Data, code, and workflows should be available and cited
By Victoria Stodden,1 Marcia McNutt,2
David H. Bailey,3 Ewa Deelman,4 Yolanda
Gil,4 Brooks Hanson,5 Michael A. Heroux,6
John P.A. Ioannidis,7 Michela Taufer8

O

to understanding how computational results were derived and to reconciling any
differences that might arise between independent replications (4). We thus focus on
the ability to rerun the same computational
steps on the same data the original authors
used as a minimum dissemination standard
(5, 6), which includes workflow information
that explains what raw data and intermediate results are input to which computations
(7). Access to the data and code that underlie discoveries can also enable downstream
scientific contributions, such as meta-analyses, reuse, and other efforts that include
results from multiple studies.

ver the past two decades, computational methods have radically changed
the ability of researchers from all areas
of scholarship to process and analyze
data and to simulate complex systems.
But with these advances come chalSufficient metadata should be provided for
lenges that are contributing to broader consomeone in the field to use the shared digicerns over irreproducibility in the scholarly
tal scholarly objects without resorting to
literature, among them the lack of transparcontacting the original authors (i.e., http://
ency in disclosure of computational methods.
bit.ly/2fVwjPH). Software metadata should
Current reporting methods are often uneven,
include, at a minimum, the title, authors,
incomplete, and still evolving. We present a
RECOMMENDATIONS
version, language, license, Uniform Resource
novel set of Reproducibility Enhancement
Share data, software, workflows, and details
Identifier/DOI, software description (includPrinciples (REP) targeting disclosure chalof the computational environment that genering purpose, inputs, outputs, dependencies),
lenges involving computation. These recomate published findings in open trusted reposiand execution requirements.
Stodden,
al. general
“Enhancing
reproducibility
for computational
Science
(2016)
mendations,
which Victoria,
build uponet
more
tories.
The minimal components
that enablemethods.”
To enable
credit for354(6317)
shared digital
scholarly
proposals from the Transparency and Openindependent regeneration of computational
objects, citation should be standard practice.
ness Promotion (TOP) guidelines (1) and
results are the data, the computational steps
All data, code, and workflows, including softrecommendations for field data (2), emerged
that produced the findings, and the workflow
ware written by the authors, should be cited
from workshop discussions among funding
describing how to generate the results using
in the references section (10). We suggest that
agencies, publishers and journal editors, inthe data and code, including parameter setsoftware citation include software version industry participants, and researchers repretings, random number seeds, make files, or
formation and its unique identifier in addi-

Access to the computational steps taken to process data and
generate findings is as important as access to data themselves.

Reproducibility Enhancement Principles
1: To facilitate reproducibility, share the data, software, workflows,
and details of the computational environment in open repositories.
2: To enable discoverability, persistent links should appear in the
published article and include a permanent identifier for data, code,
and digital artifacts upon which the results depend.
3: To enable credit for shared digital scholarly objects, citation
should be standard practice.
4: To facilitate reuse, adequately document digital scholarly artifacts.
5: Journals should conduct a Reproducibility Check as part of the
publication process and enact the TOP Standards at level 2 or 3.
6: Use Open Licensing when publishing digital scholarly objects.
7: Funding agencies should instigate new research programs and
pilot studies.

National Strategic Computing Initiative 2015

NSCI Sec. 2. Objectives.
1. Accelerating delivery of a capable exascale computing system that integrates
hardware and software capability to deliver approximately 100 times the
performance of current 10 petaflop systems across a range of applications
representing government needs.
2. Increasing coherence between the technology base used for modeling and
simulation and that used for data analytic computing.
3. Establishing, over the next 15 years, a viable path forward for future HPC systems
even after the limits of current semiconductor technology are reached (the "postMoore's Law era").
4. Increasing the capacity and capability of an enduring national HPC
ecosystem by employing a holistic approach that addresses relevant factors
such as networking technology, workflow, downward scaling, foundational
algorithms and software, accessibility, and workforce development.
5. Developing an enduring public-private collaboration to ensure that the benefits of
the research and development advances are, to the greatest extent, shared
between the United States Government and industrial and academic sectors.

•

From a technical requirements perspective,
infrastructure for data- intensive science needs to
consider data acquisition, storage and archiving, search
and retrieval, analytics, and collaboration (including
publish/sub- scribe services). Recent NSF requirements
to submit data management plans as part of proposals
signal recognition that access to data is increasingly
important for interdisciplinary science and for
research reproducibility. Although the focus is
sometimes on the hardware infrastructure (amount of
storage, bandwidth, etc.), the human and software
infrastructure is also important. Understanding the
software frameworks that are enabled within the various
cloud services and then mapping scientific workflows
onto them requires a high level of both technical and
scientific insight. Moreover, these new services enable a
deeper level of collaboration and software reuse that are
critical for data-intensive science.

•

changing scientific workflows extend to the human side
of scientific computing as well. Especially in regards to
data-intensive science, reproducibility will be
challenging. These requirements will often be as
important as the traditional technical requirements of
CPU performance, latency, storage, and bandwidth.

•

deciding how much data to save is a trade-off between
the cost of saving and the cost of reproducing, and this
is potentially more significant than the trade-off
between disks and processors.

Community Infrastructure
Innovations
Research Environments
Verifiable Computational Research

SHARE

Code Ocean

Jupyter

knitR

Sweave

Cyverse

NanoHUB

Collage Authoring Environment

SOLE

Sumatra

GenePattern

IPOL

Popper

Galaxy

torch.ch

Whole Tale

flywheel.io

Open Science Framework Vistrails

Workflow Systems
Taverna

Wings

Pegasus

CDE

Kurator

Kepler

Everware

Reprozip

binder.org

Dissemination Platforms
ResearchCompendia.org

DataCenterHub

RunMyCode.org

ChameleonCloud

Occam
Wavelab

RCloud
Sparselab

TheDataHub.org

Madagascar

Converging Trends
Two (competing?) conjectures:
1. Scientific research will become massively more computational,
2. Scientific computing will become dramatically more transparent.

These trends need to be addressed simultaneously:
Better transparency will allow people to run much more
ambitious computational experiments.
And better computational experiment infrastructure will allow
researchers to be more transparent.

Looking ahead…
We imagine a major effort to develop infrastructure that promotes
good scientific practice downstream like transparency and
reproducibility.

But plan for people to use it not out of ethics or hygiene, but
because this is a corollary of managing massive amounts of
computational work.
This infrastructure is used because it enables efficiency and
productivity, and discovery.

Life Cycle of Data Science

