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Case study: Guinea-Bissau study (Kristensen et al., 2000)

Observational study following 5274 babies during 6 months
• two possible vaccines: BCG, DTP
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Possible statistical analysis
Main research question

• assessing the effect of BCG on 6-month survival.
Statistical model:

• Cox adjusted for age as categorical variable
→ proportional hazard assumption
→ independent censoring conditional on age and BCG
→ ignore other vaccines

Results: average difference in survival
• 0.0156 [0.003;0.029] (p=0.018)
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What are we aiming at?

https://book.the-turing-way.org/reproducible-research/overview/overview-definitions/

3 / 40
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What are we aiming at?

Reproducible

Robust

Replicable

(Generalisable)
not for today

https://book.the-turing-way.org/reproducible-research/overview/overview-definitions/

Reproducibility: precisely the same results when re-running the
software

• I see that as a sanity check
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not for today
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Replicability: comparable results with another dataset.
• I see that as a sensitivity analysis
• closely related to the frequentist properties of the analysis

WHEN the new dataset is based on a similar population. 3 / 40
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It can be surprisingly challenging! (1/3)

Reproducibility: possible obstacles
• Time: added work at the end of a

(long) process
• Complexity:

- many (sub)-cohorts
- different software that may evolve
- time-consuming analyses

• Organisation: project involving
multiple researchers, some may have
left the project with their skills.

1. Research question(s)
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It can be surprisingly challenging! (2/3)

Replicability: how to define ’comparable results’?
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What do you think of this paragraph? (Ioannidis, 2005)

6 / 40
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It can be surprisingly challenging! (2/3)

Replicability: how to define ’comparable results’?
• "Unfortunately, many popular and readily accessible methods

for ascertaining replicability, such as comparing significance
levels across studies or eyeballing confidence intervals, are
generally ill suited to the task of comparing results across
studies." (Spence and Stanley, 2024)

• Does it even make sense to compare estimates relative to
different estimands?
(here relative risk vs. hazard ratio)

7 / 40
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It can be surprisingly challenging! (3/3)
Robustness: how to define ’comparable results’?

Sensitivity analyses are typically

not expected to lead to the same
p-values when they consist in:

- using less restrictive assumptions
- considering subset of the dataset

(higher p-values are expected when the original model was correct)

"the odds ratio or hazard ratio comparing treated and untreated
individuals will change upon including a baseline covariate in the
model, whenever that covariate is associated with the outcome"
(Daniel et al., 2021)

• no matter how large the sample size
• even when there is no confounding

8 / 40
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Reproducibility
(same results when re-running the software)

- principles
- illustration on a simplified project

9 / 40
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Why ’bother’ making my analysis reproducible?
Avoid embarrassing situations to your future self:

• by cleaning-up your code, you may spot mistakes
• re-generate results/tables/graphs for review (months later)
• explain apparently conflicting results to other researchers

working on the same data (months to years later)

Facilitating collaborations:

• implement last minute feedback about the analysis/plots
• recycling your code for other projects

Moral responsibility:

• makes it possible for co-authors/reviewers to spot mistakes
• transparency: provide all details about the analysis

10 / 40
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Personal opinion
Ensuring reproducibility is like keep the kitchen clean:

• 1. you can make a mess and only clean at the end, hoping to
save time and getting help from cleaning machines.

• 2. you can think about what to cook in which order and clean
after you are done with each dish. The final cleaning should
not be hard to do.

11 / 40
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save time and getting help from cleaning machines.
• 2. you can think about what to cook in which order and clean

after you are done with each dish. The final cleaning should
not be hard to do.

I prefer option 2, trying to be organised and ’low tech’.
• others statisticians like to use the package targets
• I have not tried using AI to ensure/check reproducibility.

Option 2 is illustrated in a Github repository (link) with a
’template project’ inspired from the Guinea-Bissau study
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Organizing your folder

Documentation is time consuming - and not very stimulating.
• file organisation and clever naming can mitigate the need for

documentation

Be principled and consistent, e.g.
• 1 file per ’task’: data-processing, main analysis, secondary

analysis, create table 1, create figure 1
• file figure1.R generates figure 1 in the article

△! easier at the article stage, when it has been decided what the
figures and tables should be

△! files name should be understandable by humans and by
machines (avoid special characters)

12 / 40
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How to document the software?
People sometimes write in the method section of their paper:

• "All statistical analyses were performed using R (version 4.0.2,
R Foundation for Statistical Computing, Vienna, Austria)."

What does this achieve?

• give credit to the software
(no need to report the version! Use citation())

• help with reproducibility/replicability
Details about software implementation should be reported
separately as they are usually pretty lengthy:

"The R software (R Core Team, 2022) was use to implement the
statistical analysis. The source code, the version of R and of
related software package, can be found at https:
//github.com/bozenne/article-template/tree/main."

13 / 40
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How I work - during the project
Create a new folder containing sub-folders:

• code: code
• data: processed data
• source: original data
• report, figure, tables:

output of the analysis

In the code folder, I like to have:
• separate data processing file(s) + export processed data
• a data analysis file per research question

- with results reported in the article as comments
- extra analyses at the end or in a separate file

• data.frame objects summarizing results and self sufficient to
generate tables and figures.

14 / 40
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Structure of the project - data management

• Set the working directory once for all in the main script
(0-main.R). Other paths should be relative.

15 / 40
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Structure of the project - data analysis

• Read processed data, run some analysis, export results.
• Results can then be read and transformed into tables or

figures.
16 / 40
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How I work - end of the project

Clean up the project folder
• to reproduce results, tables, and figures of an article all of

those but only those.
• additional dataset/analyses should removed or put in separate

files labeled EXTRA-...

This means:
• removing un-necessary data processing/analysis instructions
• creating a separate file for generating each figure and table
• exporting intermediate results used to generate figures &

tables (no need to refit complex model to change the caption!)

17 / 40
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analysis.R - end of the project

Should be an obvious connexion between one file and the
result section in the article.

• in more complex projects, one may have: analysis.R for
fitting complex models and results.R for presenting results.

18 / 40
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Structure of the project - sharing the code
• add README file with the specifics about the program used

The folder should then contain all the necessary information to
reproduce the statistical analysis.
△! carefully consider whether to include data and source when

sharing the folder

19 / 40
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Robustness
(comparable results when varying modeling assumptions)
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Sensitivity analyses for the case study?
Main research question

• assessing the effect of BCG on 6-month survival.
Statistical model:

• Cox adjusted for age as categorical variable
→ proportional hazard assumption
→ independent censoring conditional on age and BCG
→ ignore other vaccines

Results: average difference in survival
• -0.0157 [-0.029;-0.003] (p=0.0185)

Age: 0 month Age: 1 month Age: 2 months Age: 3 months Age: 4 months Age: 5 months Age: 6 months
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Possible sensitivity analyses analyses
Changing the covariate set:
1. adding dtp, possibly with an interaction with bcg.
2. using a spline instead of a categorical age effect.
3. removing agem in from the covariates.

Changing the model:
4. using a Kaplan Meier estimator in each vaccination group.
5. using an IPCW logistic regression adjusted for agem.

. . .

• What are we achieving?
• What is the success/failure criteria?

22 / 40
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What are we achieving?
Sensitivity analyses often test how sensitive results are to an
assumption:

• start by stating the assumption that is being challenged
Proportion hazard assumption

• then explain how do you challenge it:
avoid the assumption or make another assumption
Kaplan Meier stratified on age and bcg
or IPCW logistic regression

They can also test how sensitive results are to an arbitrary choice:
• e.g. choice of the age groups, definition of the study

population

Sensitivity analyses making unrealistic assumptions, e.g. ignoring
known confounders, are in my opinion not relevant.

23 / 40
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What is the success/failure criteria?

Comparing p-values between analyses is generally a bad idea
• compare confidence intervals IF same underlying estimand

0.0156 [0.003;0.029] (p=0.018)
vs. 0.0166 [0.002;0.031] (p=0.0215)

Success/failure should be interpreted in the light of how
challenging the sensitivity analysis is.

• informally: getting p=0.1 instead of 0.04 when excluding one
subject vs. looking at one subgroup.

24 / 40
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Beward of non-collapsible estimands (Daniel et al., 2021)

Consider an ideal randomized study:
• no confounding, only age effect on outcome
• no drop-out nor competing risks (death)
• very large sample size

Hazard ratio (HR):
• HR=2.72 in a Cox model with age
• HR=1.89 in a Cox model without age

but nearly identical estimated average survival difference.
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Possible robustness analyses - revisited
Estimand: difference in 6 month survival had all chidren received
bcg vs. non received bcg (all else kept equal)

Sensitivity analysis 1: relax the proportional hazard (PH)
assumption

• by using a more flexible model: Kaplan Meier estimator
stratified on vaccination group and age.

△! stratifying only on group would be confusing: relax one
assumption (PH) but is exposed to confounding by age.
Age: 0 month Age: 1 month Age: 2 months Age: 3 months Age: 4 months Age: 5 months Age: 6 months
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How to summarize age-specific vaccine effects?
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Standardization - by hand
For ease of exposition

• risk = 1-survival
• only consider the first 3 age groups

age No vaccine Vaccine Number of individuals

0 r0,no = 4.29% r0,yes = 2.21% n0,no = 637, n0,yes = 237
1 r1,no = 5.02% r1,yes = 2.77% n1,no = 421, n1,yes = 468
2 r2,no = 3.82% r2,yes = 1.87% n2,no = 321, n2,yes = 598
ATE r.,no =

4.37%

r.,yes =

2.28%

n.,no = 1379, n.,yes = 1303

(p1, p2, p3) =
( 637 + 237

1379 + 1303 ,
421 + 468

1379 + 1303 ,
321 + 598

1379 + 1303

)
=(32.59%, 33.15%, 34.27%)

r.,no =

32.59% ∗ 4.29% + 33.15% ∗ 5.02% + 34.27% ∗ 3.82%

r.,yes =

32.59% ∗ 2.21% + 33.15% ∗ 2.77% + 34.27% ∗ 1.87%

Ψ =r.,yes − r.,no

≈ 2.09%
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Replicablity
(comparable results with another dataset)

- what to replicate
- facilitating replication

29 / 40
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Agreement, disagreement, what to replicate?
The vaccine effect in the Guinea-Bissau study:

n=5274

• was estimated to be 0.0157
• with a standard error (SE) of 0.0067
• with a confidence interval (CI) of [0.003; 0.029]
• with a p-value of 0.0185

Consider a randomized study where the vaccine effect:

n=200

• was estimated to be −0.0100
• with a standard error (SE) of 0.0344
• with a confidence interval (CI) of [−0.077; 0.057]
• with a p-value of 0.771

(same estimand: standardized difference in 6 months survival)

30 / 40
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Replicating p-values?
Consider the perfect study:

• 80% power under mean difference of 1
• true mean difference is 1
• no censoring, single age group

P-value distribution in replication studies:
(same sample size)
(0,0.001] (0.001,0.005] (0.005,0.01]

26.42% 20.31% 10.31%

(0.01,0.05] (0.05,0.1] (0.1,1]
23.68% 7.85% 11.42%
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If the observed p-value is 0.0185:
• 62% replication studies lead to a similar p-value (0.001;0.1).
• 80% replication studies have a p-value below 0.05

(drops to 56% if true mean difference is 0.75)
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Look at confidence intervals instead!

0

 

Minimal clinically important differenceτ

study 1

study 2

scenario

study 2 vs 1

estimated effect 

• scneario A and B may produce similar p-values
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A recent proposal (Spence and Stanley, 2024)
"Unfortunately, many popular and readily accessible methods for ascertaining
replicability [. . . ] are generally ill suited to the task of comparing results across studies.
To address this issue, we present the prediction interval as a statistic that is effective
for determining whether a replication study is inconsistent with the original study."

library(predictionInterval) ## survival in %
out <- pi.m(M = 1.57, SD = 0.67*sqrt(5274),

n = 5274, rep.n = 200)

Original study: M = 1.57, SD = 48.66, N = 5274, 95% CI[0.26, 2.88]
Replication study: N = 200
Prediction interval: 95% PI[-5.30,8.44].
[...]

• depends on the size of the replication study
• equivalent to a two sample t-test assuming a common

variance between the two studies, estimated based on study 1.
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Prediction intervals for different sample sizes

out <- pi.m(M = 1.57, SD = 0.67*sqrt(5274),
n = 5274, rep.n = 5274)

Original study: M = 1.57, SD = 48.66, N = 5274, 95% CI[0.26, 2.88]
Replication study: N = 5274
Prediction interval: 95% PI[-0.29,3.43].
[...]

out <- pi.m(M = 1.57, SD = 0.67*sqrt(5274),
n = 5274, rep.n = 2.5*5274)

Original study: M = 1.57, SD = 48.66, N = 5274, 95% CI[0.26, 2.88]
Replication study: N = 13185
Prediction interval: 95% PI[0.02,3.12].
[...]
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Facilitating replicability
△! Making the analysis reproducible is not enough to make
replication possible:

• source code can be very difficult to understand!
• does not age well - software evolve over time
• can be hard or impossible to re-run the code to obtain specific

results (e.g. standard error)

This is why we need both:
• description in the method section in plain english

→ Statistical analysis paragraph
• enough results: not only p-values but also estimate and CIs

(SE can often be deduced from CIs)
• the source code (with comments) and information about the

software for reproducibility (see ’Reproducibility’)
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Statistical analysis paragraph
Relate the research question(s) to a procedure producing the
numbers reported in the result section.

To be exhaustive it should explicit

• the parameter of interest (or estimand)
• the statistical model (i.e. assumptions) and the dataset used

to estimate the model parameters
• the estimation procedure for the model parameters and the

parameter of interest (e.g. Maximum Likelihod Estimation)
• the statistical inference framework:

- null hypothesis (H0)
- type of test (Wald test, likelihood ratio test . . . )
- uncertainty quantification (e.g. non-parametric boostrap

asymptotic theory for MLE, . . . )
- adjustment for multiple comparisons
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Statistical analysis paragraph (short)
Relate the research question(s) to a procedure producing the
numbers reported in the result section.

It should at least contain
• the parameter of interest
• the statistical model (i.e. assumptions) and the dataset used

to estimate the model parameters
• the statistical inference framework: adjustment for multiple

comparisons

Consider having an online appendix where you provide all the
necessary details instead of trying to squeeze a lot of information
in half a page.

• space requirement should not be an excuse in 2026!
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Discussion
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Take home messages

A reproducible analysis is important for yourself and for science
• being organized from the start helps: start with a statistical

analysis plan

Be mindful about what is being assessed in sensitivity analyses or
when comparing studies:

• same estimand? (△! non-collapsibility of hazard/odds rarios)
• p-values → use forest plots showing CIs

Facilitate replicability
• code AND statistical paragraph are important!
• report estimates with confidence intervals not only p-values!
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Comments or questions?
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from oranges: Comparing noncollapsible effect estimators and
their standard errors after adjustment for different covariate sets.
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Kristensen, I., Fine, P., Aaby, P., and Jensen, H. (2000). Routine
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package targets

• requires to wrap each step into a function with a single output

42 / 40



Aim and challenges Reproducibility Robustness Replicablity Discussion

package targets

• requires to wrap each step into a function with a single output

42 / 40



Aim and challenges Reproducibility Robustness Replicablity Discussion

package targets

• requires to wrap each step into a function with a single output42 / 40



Aim and challenges Reproducibility Robustness Replicablity Discussion

What do you think about
• The outcome was compared between the treatment groups

using a Welch’s t-test

- parameter of interest : difference in mean outcome
- statistical model : group-specific variance,

independent observations
- estimation : difference between the empirical means.
- statistical inference : (H0): equal mean outcome between

treatment groups. Wald test with Welch-Satterthwaite
approximation for the degree of freedom.

• A Cox model adjusted on age was used to assess the vaccine
effect on survival

- unclear, what is the parameter of interest ?
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A rather comprehensive description

"To estimate the age specific 6 months difference in survival between
BCG-vaccinated vs. non vaccinated infant, first a Cox model was used to
model the hazard rate of death as a function of time since inclusion in
the study (non-parametric baseline hazard), age group (in month as a
categorical variable) and BCG vaccination status (yes or no). The BCG
vaccination effect was assumed constant over time on the log-hazard
scale and identical for all age groups. The p-value relative to the hazard
ratio of BCG was used to evaluate the null hypothesis of no vaccine effect
at all timepoint in all age groups. The average difference in 6 months
survival had all infants been vaccinated vs. none was used to quantify the
vaccine effect. The survival was estimated as exponential minus the
cumulative hazard with the Breslow estimator of the baseline hazard. "
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