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Reproducibility and Replicability

“Reproducibility means computational reproducibility –
obtaining consistent computational results using the same
input data, computational steps, methods, code, and
conditions of analysis”

“Replicability means obtaining consistent results across
studies aimed at answering the same scientific question,
each of which has obtained its own data ”

“The replication crisis (or replicability crisis or reproducibility
crisis ) is, as of 2020, an ongoing methodological crisis in
which it has been found that many scientific studies are
difficult or impossible to replicate or reproduce.”
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... reproducibility and replicability HDSR Issue 2.4

“reproducibility is a property of a study”

“replicability is a property of the result of a study”

“replicability of the stand-alone study cannot be
ensured, only enhanced”

“unattended selective inference ... is a silent killer of
replicability in middle-size studies”

“the borders between replicability and
generalization are not sharp, and need not be so” geoscience, particle physics, economics,

metrology, climate science, genomics
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Statistical Science and Data
Science



Statistical science and data science HDSR 2.3
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Ten research challenge areas

1. understanding algorithms

2. causal reasoning

3. precious data

4. multiple heterogeneous data

5. inferring from noisy/incomplete data

6. trustworthy AI

7. computing systems for data-intensive apps

8. automating front end strategies

9. privacy

10. ethics

1. quantitative precision

2. fair and interpretable learning

3. postselection inference

4. statistical/computational efficiency

5. scalable/distributed inference

6. design for reproducibility/replicability

7. causal inference for big data

8. integrative analysis types/sources data

9. statistical analysis of privatized data

10. emerging data challenges
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“Build a big tent” Jenny Bryan, RStudio

“It’s important that we build a really big tent” FieldsLive, 2015
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... statistical science and data science Cox & Donnelly 2011

• start with a scientific question
• assess how data could shed light on this
• plan data collection
• consider of sources of variation and how careful planning can minimize their impact

• develop strategies for data analysis: modelling, computation, methods of analysis
• assess the properties of the methods and their impact on the question at hand

• communicate the results: accurately but not pessimistically

• visualization strategies, conveyance of uncertainties
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... statistical science and data science

• data acquisition
• making data trustable and usable
• management of data

• modelling and analysis

• dissemination and visualization
• data and analysis preservation

!"""""""""""""""""""""""""#

security , privacy , ethics , policy , impact
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... statistical science and data science

• scientific question, data
• plan data collection
• sources of variation

• data analysis: modelling, computation,
methods of analysis

• properties of the methods and their
impact, replicability

• communicate
• visualization strategies, conveyance of
uncertainties

• data acquisition
• making data trustable and usable
• management of data

• modelling and analysis
• computational efficiency

• data and analysis preservation ,
reproducibility

• dissemination and visualization

security , privacy , ethics , policy , impact
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Examples



Example 1: Vaccine efficacy Guardian, Jan 24

Pfizer-BioNTech vaccine trial:

vaccine: 22000 subjects, 8 cases

placebo: 22000 subjects, 162 cases

8/162 = 5% =⇒ 95% efficacy

Press release November 18 2020

Published December 31 2020 in NEJM
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https://www.theguardian.com/theobserver/commentisfree/2021/jan/24/behind-the-numbers-what-does-it-mean-if-covid-vaccine-has-90-per-cent-eifficacy
https://www.statnews.com/2020/11/18/pfizer-biontech-covid19-vaccine-fda-data/comment-page-1/
https://www.nejm.org/doi/full/10.1056/NEJMoa2034577


Pfizer publication NEJM Dec 31

Results: A total of 43,548 participants underwent randomization, of whom 43,448
received injections: 21,720 with BNT162b2 and 21,728 with placebo. There were 8 cases of
Covid-19 with onset at least 7 days after the second dose among participants assigned
to receive BNT162b2 and 162 cases among those assigned to placebo;
BNT162b2 was 95% effective in preventing Covid-19 (95% credible interval, 90.3 to 97.6).
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... Pfizer publication NEJM Dec 31
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... Pfizer publication NEJM Dec 31
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... Pfizer publication NEJM Dec 31

• main paper efficacy estimate 95.0% (90.3 – 97.6) 0.95 credible interval

• supplementary material estimate 95.0% (90.0 – 97.9) Clopper-Pearson
adjusted for surveillance time

• Binomial estimate 95.0% (90.9 – 97.9) back of the envelope

Xplacebo ∼ Poisson(λ); Xvacc ∼ Poisson(ψλ);

Xvacc | (Xvacc + Xplacebo) ∼ Binom(s, ψ

1+ ψ
)

s = xvacc + xplacebo = 8+ 162; $ψ = 8/162

safety
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More good news Press release Nov 16
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Moderna publication NEJM Feb 4

Results: Symptomatic Covid-19 illness was confirmed in 185 participants in the placebo
group and in 11 participants in the mRNA-1273 group

vaccine efficacy was 94.1% (95% CI, 89.3 to 96.8%; P < 0.001) H0 : efficacy < 30%
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... Moderna publication NEJM Feb 4
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... Moderna publication NEJM Feb 4

“a stratified Cox proportional hazard (PH) model with Efron’s method of tie handling and
with vaccine groups (mRNA-1273 or Placebo) as covariate is used to assess the vaccine
efficacy (i.e. 1-HR) between mRNA-1273 vs. placebo. The model is adjusted for the same
stratification factors used for randomization. The estimator of VE and its 95% CI is
provided from the stratified Cox proportional model. ” stratified on age and risk groups

Estimate of efficacy: Cox PH 94.1% (89.3 – 96.8)

Binomial calculation: 94.1% (89.6 – 97.0)
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Not quite as exciting AZ press release Nov 23
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Astra-Zeneca Lancet Dec 8

“Overall vaccine efficacy across both groups was 70.4% (95.8% CI 54.8 – 80.6)”

back of envelope 70.3% (68.6 – 84.3)
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... Astra-Zeneca Lancet Dec 8
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Data is accumulating NEJM Feb 24
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Pfizer observational study NEJM Feb 24

• “We designed this observational study to emulate a target trial of the causal effect
of the vaccine on Covid-19 outcomes”

• “We matched vaccine recipients and controls on variables associated with the
probability of both vaccination and infection or severity of Covid-19”

• “Survival curves for the vaccinated and unvaccinated groups were estimated with
the Kaplan-Meier estimator”

• “We calculated 95% confidence intervals using the percentile bootstrap method
with 500 repetitions”
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... Pfizer observational study NEJM Feb 24
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Data is accumulating Nature Mar 3
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Data Science/Statistical Science

1. understanding algorithms

2. causal reasoning

3. precious data

4. multiple heterogeneous data

5. inferring from noisy/incomplete data

6. trustworthy AI

7. computing systems for data-intensive
apps

8. automating front end strategies

9. privacy

1. quantitative precision

2. fair and interpretable learning

3. postselection inference

4. statistical/computational efficiency

5. scalable/distributed inference

6. design for reproducibility/replicability

7. causal inference for big data

8. integrative analysis types/sources data

9. statistical analysis of privatized data

10. emerging data challenges
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Policy and politics Nature March 4
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Statistics in the spotlight COPSS-NISS Mar 4
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Example 2: Social Science HDSR 2.3

• Prediction, machine learning, and individual lives:
an interview with Matthew Salganik

• Measuring the predictability of life outcomes
with a scientific mass collaboration

• An introduction to the special collection on
Fragile Families Challenge
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Fragile Familes Data Salganik et al., PNAS

• Fragile Families and Wellbeing Study: longitudinal survey of
∼ 4700 births; 3600 non-marital

• stratified random sample of all US cities with 200,000 or more people
• random samples of hospitals within cities
• random samples of married and unmarried births within hospitals

Reichman et al., 2001
https://fragilefamilies.princeton.edu/documentation

• six waves of data collection: birth, ages 1, 3, 5 9, 15
• each wave had a number of data collection modules
• each module had a number of sections/topics
• in-home assessments in waves 3, 4 and 5 ages 3, 5, 9

Statistics Seminar Università di Roma March 5 2021 29
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Fragile Familes Challenge Salganik et al., PNAS

• use data from waves 1–5 background data
• and some data from wave 6 labelled data
• to predict outcomes on remaining data from wave 6 (age 15) holdout data
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... the Challenge Salganik et al., PNAS

• predict any or all of 6 outcome variables 3 continuous, 3 binary
• evaluated on relative mean-squared-error on leaderboard data
• final evaluations on holdout data at the end of the challenge 160 teams

Statistics Seminar Università di Roma March 5 2021 31



... the Results Salganik et al., PNAS

• “even the best predictions were not very accurate

• “the best submissions were only somewhat better than ... a simple benchmark
model that used linear ... or logistic regression with four predictor variables
selected by a domain expert and a measure of the outcome [from wave 5]

• “teams used a variety of different data processing
and statistical learning techniques

• “despite diversity in techniques, the resulting predictions were quite similar

• “within each outcome, squared prediction error was strongly associated with the
family being predicted and weakly associated with the technique”
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... the Results Salganik et al., PNAS Supp. Fig S6
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... the Conclusions Salganik et al., PNAS

• predictive models are used in policy settings Chouldechova et al 2018

• theory needed to address the difficulty of prediction weather, stock market

• study can serve as a template for similar challenges code and predictions open source

• methodology development
• much missing data, some missing by design
• distribution of responses quite skewed
• “bottom up” vs “top down” approaches
• binary vs continuous predictions
• ...
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... the Conclusions Salganik et al., PNAS Supp. Fig S2
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More Information Socius special issue

https://doi.org/10.1177/2378023119871580

Socius: Sociological Research for  
a Dynamic World
Volume 5: 1 –21
© The Author(s) 2019
Article reuse guidelines:
sagepub.com/journals-permissions
DOI: 10.1177/2378023119871580
srd.sagepub.com

Creative Commons Non Commercial CC BY-NC: This article is distributed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 License (http://www.creativecommons.org/licenses/by-nc/4.0/) which permits non-commercial use, reproduction 

and distribution of the work without further permission provided the original work is attributed as specified on the SAGE and Open Access pages 
(https://us.sagepub.com/en-us/nam/open-access-at-sage).

Special Collection: Fragile Families Challenge

Introduction
Social scientists studying the life course have described 
social patterns, theorized factors that shape outcomes, and 
estimated the effects of specific interventions. However, it is 
unclear how much the knowledge developed from this prior 
research enables researchers and policymakers to accurately 
predict life outcomes. Although social scientists have gener-
ally focused on questions about explanation rather than ques-
tions about prediction (Breiman 2001; Hofman, Sharma, and 
Watts 2017; Shmueli 2010; Yarkoni and Westfall 2017), 
questions about prediction are important for three reasons.

First, there is growing interest in using predictive models to 
target assistance to children and families at risk (Kleinberg 
et al. 2015). For example, policymakers in Allegheny County, 
Pennsylvania, are currently using predictive models to assist 
case workers in deciding whether a maltreatment referral about 
a child is of sufficient concern to warrant an in-person investi-
gation (Chouldechova et al. 2018; Eubanks 2018). Although 
using predictive models in policy settings raises important 
questions about data collection (Barocas and Selbst 2016; 
Lakkaraju et al. 2017), fairness (Courtland 2018), and causal 
inference (Athey 2018), the use of predictive models in policy 
settings is nevertheless likely to accelerate. Basic scientific 
knowledge about the predictability of life outcomes can serve 
as a guide for future policymaking around these models.

Second, the predictability of a person’s life outcomes is a 
measure of social rigidity (Blau and Duncan 1967): the 

degree to which future outcomes can be predicted by family 
characteristics or past experience. Measures of rigidity, such 
as the relationship between a father’s and son’s occupation, 
have been the subject of extensive sociological research 
(Torche 2015). Although this research has tended to focus on 
statistical association, these questions can also be framed in 
terms of prediction: Given certain background information 
about a person, how well can we predict what will happen to 
them at a later time?

Third, efforts to improve predictive performance can spark 
developments in theory, methods, and data collection, even in 
settings where prediction is not of direct scientific interest. The 
finding that some important life outcomes are not very predict-
able from the kinds of data that social scientists normally collect 
could lead to numerous improvements. For example, 
researchers could theorize about social processes not currently 
being considered and develop new methods to better utilize 

871580 SRDXXX10.1177/2378023119871580SociusSalganik et al.
research-article2019

1Princeton University, Princeton, NJ, USA

Minor updates have been made since first publication: Salganik et al. 2020 
was previously cited as Fragile Families Team 2020; Figure 6 has been 
updated to show all y-axes start at 0.00 for reader clarity and the graph 
for Layoff, Leaderboard (missing excluded) has been corrected; and the 
grant number from the National Science Foundation has been corrected.

Corresponding Author:
Matthew J. Salganik, Department of Sociology, Princeton University, 
Wallace Hall, Princeton, NJ 08544, USA. 
Email: mjs3@princeton.edu

Introduction to the Special Collection on 
the Fragile Families Challenge

Matthew J. Salganik1, Ian Lundberg1, Alexander T. Kindel1,  
and Sara McLanahan1

Abstract
The Fragile Families Challenge is a scientific mass collaboration designed to measure and understand the predictability 
of life trajectories. Participants in the Challenge created predictive models of six life outcomes using data from the 
Fragile Families and Child Wellbeing Study, a high-quality birth cohort study. This Special Collection includes 12 articles 
describing participants’ approaches to predicting these six outcomes as well as 3 articles describing methodological and 
procedural insights from running the Challenge. This introduction will help readers interpret the individual articles and 
help researchers interested in running future projects similar to the Fragile Families Challenge.

Keywords
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Statistical Theory



The role of theory R & Cox, 2013

• how to get from data to conclusions

• with generalizable strategies

• what principles do we use to develop these strategies

• how are these strategies to be evaluated efficiency, precision

• a long history of the subject; using probability to both develop statistical methods
and to evaluate their performance

Bayes, Laplace, Gauss; Student, Fisher, Neyman, Pearson, Jeffreys, ...

• leading to confidence intervals, p-values, estimates and standard errors, etc.
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Role of Probability R & Cox 2013

• probability to describe physical haphazard variability frequentist

• probabilities represent features of the “real” world
in somewhat idealized form

• subject to empirical test and improvement

• probability to describe the uncertainty of knowledge Bayesian

• measures rational or “impersonal” degree of belief,
or Jeffreys, 1939,1961

• measures a particular person’s degree of belief
F.P. Ramsey, 1926

• linked to personal decision making
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Those pesky p-values
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... those pesky p-values ASA Task Force

• report actual p-value, not “*”, p < 0.05, etc. to sensible number of decimal points

• supplement p-value with sample size, estimated power, etc.
• clarify ‘exploratory’ and ‘confirmatory’ p-values Spiegelhalter 2017

• report effect sizes and estimated standard errors
• report confidence intervals

• pre-register trials, specifying primary and secondary outcomes
• pre-specify data analysis NEJM

• provide a p-value function significance function

• or some analogous distribution Bayes posterior
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... those pesky p-values

• science is a process

• learning is incremental

• probability expresses uncertainty

• either epistemically or empirically

• for scientific advances, empirical behaviour of procedures is key

• for decision-making, personal probabilities have an important role
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Statistical theory

• causality
• data on networks
• multivariate extremes
• quantile regression
• high-dimensional inference
• model selection
• sparsity
• inference after model selection
• multivariate responses
• nonparametric, robust methods
• foundations
• ...

Biometrika (2015), pp. 1–5 doi: 10.1093/biomet/asv033
Printed in Great Britain

Big data and precision

BY D. R. COX
Nuffield College, Oxford OX1 1NF, U.K.

david.cox@nuffield.ac.ox.uk

SUMMARY
So-called big data are likely to have complex structure, in particular implying that estimates of precision

obtained by applying standard statistical procedures are likely to be misleading, even if the point estimates
of parameters themselves may be reasonably satisfactory. While this possibility is best explored in the
context of each special case, here we outline a fairly general representation of the accretion of error in large
systems and explore the possible implications for the estimation of regression coefficients. The discussion
raises issues broadly parallel to the distinction between short-range and long-range dependence in time
series theory.

Some key words: Components of variance; Large data; Long-range dependence; Multilevel model; Time series.

1. INTRODUCTION
Big data raise several essentially statistical issues. There may be concern over data quality and the

standardization of definitions and with the rationale for inclusion in the data base. Importantly also, there
is a distinction between investigations in which the research questions are at least broadly defined from
the start and those in which there needs to be a wide search to isolate any information of interest.

Here, however, we concentrate on a narrower objective. With very large amounts of data, direct use
of standard statistical methods, including simulation-based approaches, will tend to produce estimates of
apparently very high precision, essentially because of strong explicit or implicit assumptions of at most
weak dependence underlying such methods.

In particular applications it may be feasible to represent the main sources of variation in an explicit
model and thereby produce both improved estimates and more relevant assessments of precision. In the
present paper we outline in general terms a formulation that indicates at least some of the ways in which
error may accrue in relation to data size.

The discussion has quite a strong link with the contrast in time series analysis between long-range and
short-range dependence. We therefore start with a brief review of that distinction.

2. DEPENDENCE IN TIME SERIES ANALYSIS

We consider a stationary time series {Y (t)} in continuous time with mean zero and autocorrelation and
spectral density functions

ρ(h) = corr{Y (t), Y (t + h)}, f (ω) = (2π)−1
∫ ∞

−∞
exp(−iωh)ρ(h) dh,

respectively. There is long-range dependence if

∫ ∞

0
ρ(h) dh

c© 2015 Biometrika Trust

 Biometrika Advance Access published June 29, 2015

 at B
odleian Library on July 2, 2015

http://biom
et.oxfordjournals.org/
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The Andromeda study JAMA Feb 2019
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Aside: Andromeda Trial Hernández et al. 2019

• comparing two treatments for septic shock
• randomized clinical trial

• estimated hazard ratio 0.75 [0.55, 1.02] after adjusting for confounders

• 2-sided p-value 0.06 34.9% vs 43.4% unadjusted

• Discussion: “ a peripheral perfusion-targeted resuscitation strategy
did not result in a significantly lower 28-day mortality
when compared with a lactate level-targeted strategy”

• Abstract: “Among patients with septic shock, a resuscitation strategy targeting
normalization of capillary refill time, compared with a strategy targeting serum
lactate levels, did not reduce all-cause 28-day mortality.”
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A p-value function Fraser 1991

ANDROMEDA trial

Died Lived

New 74 138 212
Old 92 120 212

Total 166 258 424

2-sided p-value = 0.07

likelihood ratio test
no adjustment for covariates 90% confidence interval: [−0.688,−0.030 ]

95% confidence interval: [ −0.751, 0.034 ]
99% confidence interval: [ −0.825, 0.107 ]
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A p-value function Fraser 1991

ANDROMEDA trial

Died Lived

New 74 138 212
Old 92 120 212

Total 166 258 424

2-sided p-value = 0.07

likelihood ratio test
no adjustment for covariates 90% confidence interval: [−0.688,−0.030 ]

95% confidence interval: [ −0.751, 0.034 ]
99% confidence interval: [ −0.825, 0.107 ]

confidence distribution Cox 58Statistics Seminar Università di Roma March 5 2021 46



Thank you!


