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Replica(on	  

•  The	  ul(mate	  standard	  for	  strengthening	  scien(fic	  
evidence	  is	  replica(on	  of	  findings	  and	  conduc(ng	  
studies	  with	  independent	  
–  Inves(gators 	  	  
– Data	  
– Analy(cal	  methods	  
–  Laboratories	  
–  Instruments	  

•  Replica(on	  is	  par(cularly	  important	  in	  studies	  
that	  can	  impact	  broad	  policy	  or	  regulatory	  
decisions	  



Why	  Do	  We	  Need	  
Reproducible	  Research?	  

•  Some	  studies	  cannot	  be	  replicated	  
–  No	  (me,	  opportunis(c	  
–  No	  money	  
–  Unique	  

•  New	  technologies	  increasing	  data	  collec(on	  
throughput;	  data	  are	  more	  complex	  and	  extremely	  
high	  dimensional	  

•  Exis(ng	  databases	  can	  be	  merged	  into	  new	  
“megadatabases”	  

•  Compu(ng	  power	  is	  greatly	  increased,	  allowing	  more	  
sophis(cated	  analyses	  

•  For	  every	  field	  “X”	  there	  is	  a	  field	  “Computa(onal	  X”	  



How	  Can	  We	  Bridge	  the	  Gap?	  

Replicate	   Nothing	  

?	  
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Reproducible	  Air	  Pollu(on	  
and	  Health	  Research	  

•  Es(ma(ng	  small	  (but	  important)	  health	  effects	  
in	  the	  presence	  of	  much	  stronger	  signals	  

•  Results	  inform	  substan(al	  policy	  decisions,	  
affect	  many	  stakeholders	  
– EPA	  regula(ons	  can	  cost	  billions	  of	  dollars	  

•  Complex	  sta(s(cal	  methods	  are	  needed	  and	  
subjected	  to	  intense	  scru(ny	  



Internet-‐based	  Health	  and	  Air	  
Pollu(on	  Surveillance	  System	  (iHAPSS)	  

h_p://www.ihapss.jhsph.edu	  



What	  is	  Reproducible	  Research?	  

•  Analy(c	  data	  are	  available	  
•  Analy(c	  code	  are	  available	  
•  Documenta(on	  of	  code	  and	  data	  

•  Standard	  means	  of	  distribu(on	  



Who	  are	  the	  Players?	  

•  Authors	  
– Want	  to	  make	  their	  research	  reproducible	  

– Want	  tools	  for	  RR	  to	  make	  their	  lives	  easier	  (or	  at	  
least	  not	  much	  harder)	  

•  Readers	  
– Want	  to	  reproduce	  (and	  perhaps	  expand	  upon)	  
interes(ng	  findings	  

– Want	  tools	  for	  RR	  to	  make	  their	  lives	  easier	  



Challenges	  

•  Authors	  must	  undertake	  considerable	  effort	  to	  
put	  data/results	  on	  the	  web	  (may	  not	  have	  
resources	  like	  a	  web	  server)	  

•  Readers	  must	  download	  data/results	  
individually	  and	  piece	  together	  which	  data	  go	  
with	  which	  code	  sec(ons,	  etc.	  

•  Readers	  may	  not	  have	  the	  same	  resources	  as	  
authors	  



In	  Reality…	  

•  Authors	  
–  Just	  put	  stuff	  on	  the	  web	  
–  Journal	  supplementary	  materials	  
– There	  are	  some	  central	  databases	  for	  various	  
fields	  (e.g.	  biology,	  ICPSR)	  

•  Readers	  
–  Just	  download	  the	  data	  and	  (try	  to)	  figure	  it	  out	  
– Piece	  together	  the	  socware	  and	  run	  it	  



Literate	  (Sta(s(cal)	  Programming	  

•  An	  ar(cle	  is	  a	  stream	  of	  text	  and	  code	  
•  Analysis	  code	  is	  divided	  into	  text	  and	  code	  
“chunks”	  

•  Each	  code	  chunk	  loads	  data	  and	  computes	  results	  
•  Presenta(on	  code	  formats	  results	  (tables,	  figures,	  
etc.)	  

•  Ar(cle	  text	  explains	  what	  is	  going	  on	  
•  Literate	  programs	  can	  be	  weaved	  to	  produce	  
human-‐readable	  documents	  and	  tangled	  to	  
produce	  machine-‐readable	  documents	  



Literate	  (Sta(s(cal)	  Programming	  

•  Literate	  programming	  is	  a	  general	  concept	  that	  
requires	  
1.  A	  documenta(on	  language	  (human	  readable)	  
2.  A	  programming	  language	  (machine	  readable)	  

•  Sweave	  uses	  LATEX	  and	  R	  as	  the	  documenta(on	  and	  
programming	  languages	  

•  Sweave	  was	  developed	  by	  Friedrich	  Leisch	  (member	  
of	  the	  R	  Core)	  and	  is	  maintained	  by	  R	  core	  

•  Main	  web	  site:	  http://www.statistik.lmu.de/ 
̃leisch/Sweave 

•  Alterna(ves	  to	  LATEX/R	  exist,	  suchas	  HTML/R	  
(package	  R2HTML)	  and	  ODF/R	  (package	  odfWeave).	  
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Caching	  Computa(ons	  

Code	  chunk	  1	  

Code	  chunk	  2	  

Magnum	  Opus	  

Database	  1	  

Database	  2	  

Magnum	  Opus	  

Figure	  1	  

Table	  1	  

Cached	  
computa(ons	  

LaTeX/R	   PDF	  
Local/Remote	  



The	  cacher	  package	  for	  R	  

•  Add-‐on	  package	  for	  R	  
•  Evaluates	  code	  wri_en	  in	  files	  and	  stores	  
intermediate	  results	  in	  a	  key-‐value	  database	  

•  R	  expressions	  are	  given	  SHA-‐1	  hash	  values	  so	  that	  
changes	  can	  be	  tracked	  and	  code	  reevaluated	  if	  
necessary	  

•  “Cacher	  packages”	  can	  be	  built	  for	  distribu(on	  
•  Others	  can	  “clone”	  an	  analysis	  and	  evaluate	  
subsets	  of	  code	  or	  inspect	  data	  objects	  

Journal	  of	  Sta/s/cal	  So;ware,	  26	  (7),	  1—24	  
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Using	  cacher	  as	  an	  Author	  

1.  Parse	  the	  R	  source	  file;	  Create	  the	  necessary	  cache	  
directories	  and	  subdirectories	  

2.  Cycle	  through	  each	  expression	  in	  the	  source	  file:	  
–  If	  an	  expression	  has	  never	  been	  evaluated,	  evaluate	  it	  

and	  store	  any	  resul(ng	  R	  objects	  in	  the	  cache	  database,	  	  

–  If	  a	  cached	  result	  exists,	  lazy-‐load	  the	  results	  from	  the	  
cache	  database	  and	  move	  to	  the	  next	  expression,	  	  

–  If	  an	  expression	  does	  not	  create	  any	  R	  objects	  (i.e.,	  there	  
is	  nothing	  to	  cache),	  add	  the	  expression	  to	  the	  list	  of	  
expressions	  where	  evalua(on	  needs	  to	  be	  forced	  

–  Write	  out	  metadata	  for	  this	  expression	  to	  the	  metadata	  
file.	  	  



Using	  cacher	  as	  an	  Author	  

•  The	  cachepackage	  func(on	  creates	  a	  
cacher	  package	  storing	  
– Source	  file	  
– Cached	  data	  objects	  
– Metadata	  

•  Package	  file	  is	  zipped	  and	  can	  be	  distributed	  
•  Readers	  can	  unzip	  the	  file	  and	  immediately	  
inves(gate	  its	  contents	  via	  cacher	  package	  



Example:	  Simple	  Analysis	  

library(datasets)!
library(stats)!

## Load the dataset!
data(airquality)!

## Fit a linear model!
fit <- lm(Ozone ~ Wind + Temp + Solar.R, data = airquality)!
summary(fit)!

## Plot some diagnostics!
par(mfrow = c(2, 2))!
plot(fit)!

Nothing	  created	  (packages	  a_ached)	  

“airquality”	  object	  loaded	  into	  workspace	  

“fit”	  object	  created	  in	  workspace	  

Side	  effect	  (prin(ng	  to	  console)	  

Side	  effect	  (plojng	  to	  graphics	  device)	  



Using	  cacher	  as	  a	  Reader	  

> library(cacher)!
> clonecache(id = "092dcc7dda4b93e42f23e038a60e1d44dbec7b3f”)!
> clonecache(id = “092d”)  ## Same as above!
created cache directory '.cache'!

> showfiles()!
[1] "top20.R"!
> sourcefile("top20.R") !

“…the	  code	  and	  data	  for	  this	  analysis	  can	  be	  found	  in	  the	  cacher	  package	  
092dcc7dda4b93e42f23e038a60e1d44dbec7b3f.”	  

A	  journal	  ar(cle	  says...	  



Cloning	  an	  Analysis	  

•  Local	  directories	  created	  
•  Source	  code	  files	  and	  metadata	  are	  
downloaded	  

•  Data	  objects	  are	  not	  downloaded	  by	  default	  
•  References	  to	  data	  objects	  are	  loaded	  and	  
corresponding	  data	  can	  be	  lazy-‐loaded	  on	  
demand	  



Examining	  Code	  

> code()!
source file: top20.R!
1  cities <- readLines("citylist.txt")!
2  classes <- readLines("colClasses.txt")!
3  vars <- c("date", "dow", "death", !
4  data <- lapply(cities, function(city) {!
5  names(data) <- cities!
6  estimates <- sapply(data, function(city) {!
7  effect <- weighted.mean(estimates[1, !
8  stderr <- sqrt(1/sum(1/estimates[2, !

> graphcode()!



Analysis	  Code	  Graphs	  
cities classes vars

data

estimates

quasipoisson

effect stderr



Tracing	  Code	  Backwards	  

> objectcode(“data”)!
source file: top20.R!
1  cities <- readLines("citylist.txt")!
2  classes <- readLines("colClasses.txt")!
3  vars <- c("date", "dow", "death", "tmpd", "rmtmpd", "dptp",!
             "rmdptp", "l1pm10tmean")!
4  data <- lapply(cities, function(city) {!
           filename <- file.path("data", paste(city, "csv",!
                                 sep = "."))!
           d0 <- read.csv(filename, colClasses = classes,!
                          nrow = 5200)!
           d0[, vars]!
   })!
5  names(data) <- cities!



Running	  Code	  

•  The	  runcode	  func(on	  executes	  code	  in	  the	  
source	  file	  

•  By	  default,	  expressions	  that	  results	  in	  an	  
object	  being	  created	  are	  not	  run	  and	  the	  
resul(ng	  objects	  is	  lazy-‐loaded	  into	  the	  
workspace	  

•  Expressions	  not	  resul(ng	  in	  objects	  are	  
evaluated	  



Checking	  Code	  and	  Objects	  

•  The	  checkcode	  func(on	  evaluates	  all	  
expressions	  from	  scratch	  (no	  lazy-‐loading)	  

•  Results	  of	  evalua(on	  are	  checked	  against	  
stored	  results	  to	  see	  if	  the	  results	  are	  the	  
same	  as	  what	  the	  author	  calculated	  
– Sejng	  RNG	  seeds	  is	  cri(cal	  for	  this	  to	  work	  

•  The	  integrity	  of	  data	  objects	  can	  be	  verified	  
with	  the	  checkobjects	  func(on	  to	  check	  
for	  possible	  corrup(on	  of	  data	  (i.e.	  in	  transit)	  



Inspec(ng	  Data	  Objects	  

> loadcache()!

> ls()!
[1] "cities"    "classes"   "data"      "effect"    !
[5] "estimates" "stderr"    "vars" !

> cities!
/ transferring cache db file b8fd490bcf1d48cd06...!
 [1] "la"   "ny"   "chic" "dlft" "hous" "phoe"!
 [7] "staa" "sand" "miam" "det"  "seat" "sanb"!
[13] "sanj" "minn" "rive" "phil" "atla" "oakl"!
[19] "denv" "clev"!



Inspec(ng	  Data	  Objects	  

> effect!
/ transferring cache db file 584115c69e5e2a4ae5...!
[1] 0.0002313219!

> stderr!
/ transferring cache db file 81b6dc23736f3d72c6...!
[1] 0.000052457!

A	  10	  unit	  increase	  in	  PM10	  is	  associated	  with	  a	  0.23%	  increase	  in	  daily	  
mortality	  



cacher	  Summary	  

•  The	  cacher	  package	  can	  be	  used	  by	  authors	  
to	  create	  cache	  packages	  from	  data	  analyses	  
for	  distribu(on	  

•  Readers	  can	  use	  the	  cacher	  package	  to	  
inspect	  others’	  data	  analyses	  by	  examining	  
cached	  computa(ons	  

•  cacher	  is	  mindful	  of	  readers’	  resources	  and	  
efficiently	  loads	  only	  those	  data	  objects	  that	  
are	  needed	  



A	  Central	  Archive	  for	  Reproducible	  Data	  Analyses	  

h_p://penguin.biostat.jhsph.edu/	  



Reproducible	  Research	  and	  Journals	  

•  What	  policies	  can	  journals	  implement	  to	  make	  
published	  research	  reproducible?	  

•  Carrot	  or	  s(ck?	  



RR	  Policy	  at	  Biosta/s/cs	  

Biostatistics (2009), 10, 3, pp. 405–408
doi:10.1093/biostatistics/kxp014
Advance Access publication on xxx xx, xxxx

Editorial

As coeditors of Biostatistics, we wish to encourage the practice of making research published in the
journal reproducible by others. The following invited piece by Roger Peng sets out our policy on this;
Roger will be assuming the role of Associate Editor for reproducibility as set out in his piece.

While we consider reproducibility to be a desirable goal, we wish to emphasise that our policy is to
encourage our authors to consider this as an opportunity that they may wish to take, rather than as a re-
quirement that we impose upon them. All submissions to the journal will continue to be reviewed using
our established system; the issue of reproducibility will be considered only when a paper had been
accepted for publication on the basis of its scientific merit as judged by our peer-review process.

PETER J. DIGGLE, SCOTT L. ZEGER

Reproducible research and Biostatistics

ROGER D. PENG

1. INTRODUCTION AND MOTIVATION

The replication of scientific findings using independent investigators, methods, data, equipment, and pro-
tocols has long been, and will continue to be, the standard by which scientific claims are evaluated.
However, in many fields of study there are examples of scientific investigations that cannot be fully repli-
cated because of a lack of time or resources. In such a situation, there is a need for a minimum standard that
can fill the void between full replication and nothing. One candidate for this minimum standard is
“reproducible research”, which requires that data sets and computer code be made available to others
for verifying published results and conducting alternative analyses.

The need for publishing reproducible research is increasing for a number of reasons. Investigators are
more frequently examining weak associations and complex interactions for which the data contain a low
signal-to-noise ratio. New technologies allow scientists in all areas to compile complex high-dimensional
databases. The ubiquity of powerful statistical and computing capabilities allows investigators to explore
those databases and identify associations of potential interest. However, with the increase in data and com-
puting power comes a greater potential for identifying spurious associations. In addition to these develop-
ments, recent reports of fraudulent research being published in the biomedical literature have highlighted
the need for reproducibility in biomedical studies and have invited the attention of the major medical jour-
nals (Laine and others, 2007). Even without the presence of deliberate fraud, it should be noted that as
analyses become more complicated, the possibility of inadvertant errors resulting in misleading findings
looms large. In the examples of Baggerly and others (2005) and Coombes and others (2007), the errors
discovered were not necessarily simple or obvious and the examination of the problem itself required

c© The Author 2009. Published by Oxford University Press. All rights reserved. For permissions, please e-mail: journals.permissions@oxfordjournals.org.
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Dimensions	  of	  Reproducibility	  
•  Data	  (“D”):	  The	  analy(c	  data	  from	  which	  the	  principal	  results	  

were	  derived	  are	  made	  available	  on	  the	  journal’s	  Web	  site.	  
The	  authors	  are	  responsible	  for	  ensuring	  that	  necessary	  
permissions	  are	  obtained	  before	  the	  data	  are	  distributed.	  



Dimensions	  of	  Reproducibility	  
•  Data	  (“D”):	  The	  analy(c	  data	  from	  which	  the	  principal	  results	  

were	  derived	  are	  made	  available	  on	  the	  journal’s	  Web	  site.	  
The	  authors	  are	  responsible	  for	  ensuring	  that	  necessary	  
permissions	  are	  obtained	  before	  the	  data	  are	  distributed.	  

•  Code	  (“C”):	  Any	  computer	  code,	  socware,	  or	  other	  computer	  
instruc(ons	  that	  were	  used	  to	  compute	  published	  results	  are	  
provided.	  For	  socware	  that	  is	  widely	  available	  from	  central	  
repositories	  (e.g.	  CRAN,	  Statlib),	  a	  reference	  to	  where	  they	  
can	  be	  obtained	  will	  suffice.	  



Dimensions	  of	  Reproducibility	  
•  Data	  (“D”):	  The	  analy(c	  data	  from	  which	  the	  principal	  results	  

were	  derived	  are	  made	  available	  on	  the	  journal’s	  Web	  site.	  
The	  authors	  are	  responsible	  for	  ensuring	  that	  necessary	  
permissions	  are	  obtained	  before	  the	  data	  are	  distributed.	  

•  Code	  (“C”):	  Any	  computer	  code,	  socware,	  or	  other	  computer	  
instruc(ons	  that	  were	  used	  to	  compute	  published	  results	  are	  
provided.	  For	  socware	  that	  is	  widely	  available	  from	  central	  
repositories	  (e.g.	  CRAN,	  Statlib),	  a	  reference	  to	  where	  they	  
can	  be	  obtained	  will	  suffice.	  

•  Reproducible	  (“R”):	  An	  ar(cle	  is	  designated	  as	  reproducible	  if	  
the	  AER	  succeeds	  in	  execu(ng	  the	  code	  on	  the	  data	  provided	  
and	  produces	  results	  matching	  those	  that	  the	  authors	  claim	  
are	  reproducible.	  In	  reproducing	  these	  results,	  reasonable	  
bounds	  for	  numerical	  tolerance	  will	  be	  considered.	  



Kite	  Marking	  
Biostatistics (2009), 10, 4, pp. 756–772
doi:10.1093/biostatistics/kxp029
Advance Access publication on July 27, 2009

Second-order estimating equations for the analysis of
clustered current status data

RICHARD J. COOK∗, DAVID TOLUSSO

Department of Statistics and Actuarial Science, University of Waterloo,
Waterloo, ON, Canada N2L 3G1

rjcook@uwaterloo.ca

SUMMARY

With clustered event time data, interest most often lies in marginal features such as quantiles or proba-
bilities from the marginal event time distribution or covariate effects on marginal hazard functions. Cop-
ula models offer a convenient framework for modeling. We present methods of estimating the baseline
marginal distributions, covariate effects, and association parameters for clustered current status data based
on second-order generalized estimating equations. We examine the efficiency gains realized from using
second-order estimating equations compared with first-order equations, issues of copula misspecification,
and apply the methods to motivating studies including one on the incidence of joint damage in patients
with psoriatic arthritis.

Keywords: Current status data; Generalized estimating equations; Piecewise constant hazards; Relative efficiency.

1. INTRODUCTION

Current status data, also referred to as type I interval censored data, arise when the status of a subject
is only known at a single point in time, and hence, the underlying failure time is either left or right
censored. Ayer and others (1955) show how to obtain the nonparametric maximum likelihood estimate
of the distribution function with current status data using techniques from isotonic regression (Barlow
and others, 1972). Methods for fitting multiplicative semiparametric models are described by Xu
and others (2004) via sieve estimation, and generalized additive models are fitted using isotonic regres-
sion in Shiboski (1998). Sun (2006) provides a comprehensive summary of modern statistical methods for
current status data.

Several authors have investigated estimation of joint models for bivariate current status data. In the
spirit of Shih and Louis (1995), Wang and Ding (2000) describe a 2-stage semiparametric estimation
procedure for bivariate current status data under a Clayton copula and assess the asymptotic and empirical
properties of the resulting estimator of Kendall’s τ. van der Laan and Jewell (2002) discuss identifiabil-
ity issues for bivariate current status data and develop an expectation-maximization algorithm that can
be used to estimate associated marginal features for constructing tests of independence. Extensions of
this work appear in Jewell and others (2005) where other topics including goodness of fit of the copula
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SUMMARY

This paper presents an epidemiological study investigating the effects of long-term air pollution exposure
on public health in Scotland, focusing on the 4 major urban areas, Aberdeen, Dundee, Edinburgh, and
Glasgow. In particular, the associations between respiratory hospital admissions in 2005 and exposure to
both PM10 and NO2 between 2002 and 2004 are estimated using a small-area ecological design. The im-
plementation of such studies requires careful consideration of a number of statistical issues, including how
to model spatial correlation, identifiability of the model parameters, and the possible effects of ecological
bias. The results show that long-term exposures (over 3 years) to PM10 and NO2 are significantly associ-
ated with respiratory hospital admissions in Edinburgh and Glasgow, whereas the risks for Aberdeen and
Dundee are generally positive but nonsignificant.

Keywords: Air pollution and health; Bayesian spatial modeling; Ecological bias.

1. INTRODUCTION

The adverse effects on health associated with air pollution exposure came to public prominence in the
mid 1900s as a result of high air-pollution episodes that caused large numbers of excess deaths (Ministry
of Public Health, 1954; Firket, 1936). Since then, numerous studies investigating both the short- and the
long-term effects of various constituents of air pollution have been conducted, with the majority finding
positive associations between exposure and both mortality and morbidity events. Short-term studies are
typically based on an ecological (at the population level) time series design, in which counts of mortality
or morbidity events on a given day are related to pollution exposures on the preceding few days. Examples
include the National Morbidity, Mortality, and Air Pollution Study (Dominici and others, 2002) and Air
Pollution and Health: a European Approach (Katsouyanni and others, 2001), which are multicity studies
based on America and Europe, respectively.

Long-term studies estimate the cumulative effects on health of exposure over a number of years and are
based on either individual or ecological designs. Individual-level studies relate to a large cohort of people
whose health status is periodically assessed and subsequently related to ambient pollution concentrations
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What	  is	  Reproducible?	  

Lee,	  Ferguson	  &	  Mitchell,	  Biosta/s/cs,	  2009	  



Supplementary	  Data	  (not	  ideal)	  



Some	  Sparse	  Data	  

Data	  so	  far	  (a	  li_le	  old…)	  
•  4	  papers	  have	  requested	  and	  received	  the	  “R”	  
kite	  mark	  

•  4	  papers	  received	  a	  “C”	  
•  2	  papers	  received	  a	  “D”	  
•  1	  paper	  with	  “DC”	  



Further	  Work	  

•  Need	  a	  be_er	  system	  at	  journal	  for	  tracking	  
and	  highligh(ng	  papers	  with	  kite-‐marks	  

•  Infrastructure	  for	  hos(ng	  data	  is	  limited	  

•  Infrastructure	  for	  reproducing	  results	  is	  limited	  

•  Need	  be_er	  adver/sing	  of	  this	  policy	  



Summary	  

•  Reproducible	  research	  is	  important	  as	  a	  
minimum	  standard,	  par(cularly	  for	  studies	  that	  
are	  difficult	  to	  replicate	  

•  Infrastructure	  is	  needed	  for	  crea8ng	  and	  
distribu8ng	  reproducible	  documents,	  beyond	  
what	  is	  currently	  available	  

•  The	  cacher	  package	  caches	  intermediate	  
computa(ons	  for	  future	  inspec(on	  

•  Scien(fic	  culture	  needs	  to	  evolve	  to	  encourage	  
greater	  sharing	  of	  datasets	  and	  methods	  

•  Journals	  can	  play	  a	  key	  role	  by	  providing	  both	  
carrots	  and	  s(cks	  to	  authors	  
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