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C lass schedule and  location

Day Ses sio n Tim e Lo catio n

M onday Lecture 3:00 – 4:20 p m LH 2

Tuesd ay Lecture 4:00 – 5:20 p m C R 1

Wednesday Lab 5:00 – 6:50 p m C R 5

Moodle

lms.mbzuai.ac.ae, course 2743

GitHub

github.com/khan-lab/cbio7501-f26

Slack

mbzuai-all.slack.com · #cbio7501-f26
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Assessment and  g rading

Component W eig ht C riteria fo r c redit

Attendance 5% Attend at least 8 0%  of c lasses

Partic ipation 10 % A ctive eng ag em ent in  class d iscussions and activities

H ands- on activities 45 % C om p lete at least 80%  o f the assig ned hands- on task s

Final project presentation 30 % A  fu lly functional repro ducib ility pro ject

O nline assessm ent 10 % In- c lass quizzes
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Seven weeks, one rep roducible project

Week Lecture and  lab top ic

Week 1 Intro duction to  reprod ucib ility and o pen sc ience

Week 2 Project org anisation and literate p rog ram m ing

Week 3 Version co ntro l with  Git and  GitH ub

Week 4 Po rtab le and repro ducib le co m puting  enviro nm ents

Week 5 C ontainerisation with  D ocker and S ing ularity

Week 6 Work flows and  autom ation

Week 7 P ub lishing , archiving  and op en sc ience practice
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Week 1 learning  g oals

Monday · reproducibility

1 Explain what reproducibility is and how it differs from 

replicability

2 Explain the factors and reasons behind irreproducible 

research

3 List and define tools and techniques that support each level of 

reproducibility
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Plan for the 90 m inutes

Time Block W hat hap pen s

0–8 C ourse and g oals Sched ule, g rad ing , the seven weeks

8–15 A cautionary  tale The Stap el case and publish o r p erish

15–27 The evidence Surveys  and larg e  replication p ro jects

27–35 D efinitio ns Repro ducible, replicab le, rob ust; a spectrum

35–45 Why it m atters D uke, the Excel CO VID  error, se lfish reaso ns

45–57 C auses Re search cycle, practices, think- pair- share

57–63 ML  and AI N ew threats, new too ls

63–68 To olk it p review Five pillars; to ol slides  o ptio nal

68–90 Ac tivity  and wrap - up Fo re ns ic re co nstructio n, deb rief, takeaways
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Diederik Stapel
An academic star

A highly successful Dutch social psychologist, internationally known for research 

on human behaviour, publishing in elite journals with data that often looked close 

to perfect.

Photo by Koos Breukel
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The Utrecht train station experiment

The paper argued that physical disorder in the environment, chaotic 

and messy surroundings, made people rely more on stereotypes, 

which in turn promotes discrimination.
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From academic star to con man

58
of his articles have been retracted, including the Science paper; several PhD 

theses were affected

The seating arrangement described at the station never existed. The data were never 

collected: they were fabricated.

Lecture 1 · Reproducibility · 9



One of the reasons:

Publish or perish
What kind of academic culture lets this go on for so long?
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Most scientists have hit a wall trying to reproduce a result

>70%
failed to reproduce another scientist’s experiment

>50%
failed to reproduce one of their own

90%
said there is a significant or slight “reproducibility 

crisis”

Baker M. Nature 533:452–454 (2016) · Lecture 1 · Reproducibility · 11



Reproducibility Project: Psychology

• Replication of 100 experiments from three high-ranking 

psychology journals

• A large collaborative effort, 2011–2015

• Only 36% of replications had statistically significant results

Open Science Collaboration. Science 349:aac4716 (2015) · Lecture 1 · Reproducibility · 12



Reproducibility Project: Cancer Biology, 2013–2021

193 → 50
experiments planned from 53 high-

impact papers vs. completed, from 23 

papers

85%
smaller median effect size in replications 

of positive results

40%
of positive effects (39/97) replicated on 

at least 3 of 5 criteria

None of the 193 experiments was described in enough detail to design a replication protocol from the paper alone.

Sources: Errington TM et al. eLife 10:e71601 (2021); Rodgers & Collings, eLife 10:e75830 (2021) · Lecture 1 · Reproducibility · 13



The Brazilian Reproducibility Initiative, 2019–2025

• A multicentre initiative to estimate the reproducibility of Brazilian 

biomedical science, supported by the Serrapilheira Institute

• 56 laboratories performed 143 replications of 56 experiments

• Replication rates ranged from 15% to 45%, depending on the 

criterion used to define success

reprodutibilidade.bio.br · Lecture 1 · Reproducibility · 14



Even with the data, published microarray analyses rarely re-ran

18 Nature Genetics papers (2005–06); one table or figure each, re-analysed by two independent teams

Reproduced in principle 2

Partially, with discrepancies 6

Could not be reproduced 10

Main cause of failure: the data were not actually available. Main cause of discrepancies: incomplete annotation and under-specified 

processing.

Source: Ioannidis JPA et al. Nat Genet 41:149–155 (2009) · Lecture 1 · Reproducibility · 15



Sharing code is necessary, but shared code mostly doesn't run

Jupyter notebooks on GitHub

24%
ran without error

4%
gave the same results

~864,000 executions attempted · Pimentel et al., MSR 2019

R scripts in published replication packages

74%
crashed on first run

56%
after automatic clean-up

9,000+ R files, Harvard Dataverse · Trisovic et al., Sci Data 2022

Most failures were mundane: missing packages, hard-coded paths, cells run out of order, absent input files.
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Two words that are not synonyms

Reproducibility

Getting consistent results when you reuse 

the same data, code, methods and 

conditions of analysis.

Mostly a computational question. It should be close to 

guaranteed.

Replicability

Getting consistent results in a new study 

that asks the same question and collects its 

own data.

A scientific question. Some failure is expected and 

informative.

Adapted from National Academies of Sciences, Engineering, and Medicine, Reproducibility and Replicability in Science (2019) · Lecture 1 · Reproducibility · 17

http://www.nap.edu/25303

http://www.nap.edu/25303


Reproducibility ≠ Replicability

A rigorously conducted study, using best practices, correctly analysed and transparently 

reported, should be computationally reproducible, yet it may still fail to replicate.

Reproducibility is the minimum standard for good science.
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Four ways a result can 
hold up
Vary the data, the analysis, or both. A 

trustworthy finding survives all four.

Same analysis Different analysis

Same data
Reproducible

rerun my code on my data

Robust

other reasonable pipelines agree

Different data
Replicable

same method, new cohort

Generalisable

holds beyond the original setting

Adapted from The Turing Way's reproducibility matrix (K. Whitaker) · Lecture 1 · Reproducibility · 19



Reproducibility is a spectrum

From “not reproducible” to the gold standard of full replication: each step adds code, data, or executable links between them .

Peng RD. Reproducible research in computational science. Science 334:1226–1227 (2011) · Lecture 1 · Reproducibility · 20



Fields have used  these words differently, so define them 
when you write

Goodman, Fanelli & Ioannidis (2016) W hat it asks

M etho ds reprod ucib ility Is there enoug h detail to  rep eat exactly what was done?

Results reprod ucib ility D oes an  independent repeat of the stud y g ive the sam e results?

Inferential rep roducib ility Would  others draw  the sam e conclusions from  the evidence?

Computing's ACM badges once used “reproducible” and “replicable” the other way round, before aligning with the National Acade mies in 

2020. In this course we use the National Academies' meanings.

Optional · Goodman SN, Fanelli D, Ioannidis JPA. Sci Transl Med 8:341ps12 (2016) · Lecture 1 · Reproducibility · 21



Your m ost important collaborator is you, 
six months from  now — and they don't 
answer email.
Reproducibility is first a gift to your own future work, and only then to everyone else.



Reproducible science: why should we bother?

Collage: Jess Butler, University of Aberdeen · Lecture 1 · Reproducibility · 23



Five selfish reasons to work reproducibly

1 Avoid disasters

2 Easier to write papers

3 Easier to talk to reviewers

4 Continuity of your work in the lab

5 Build your reputation

Reproducibility helps you first, then science and society.

Markowetz F. Five selfish reasons to work reproducibly. Genome Biol 16:274 (2015) · Lecture 1 · Reproducibility · 24



Duke: gene names off by one, duplicated patients

2006 · Potti et al. build a model 
predicting chemotherapy 
sensitivity from gene-expression 
signatures. Four clinical trials start; 
a fifth is planned.

2009 · Baggerly & Coombes (MD 
Anderson) find off-by-one gene 
lists, swapped labels and 
duplicated patients and cell lines.

2011 · Nature Medicine retraction; 
trials halted. The study was not 
transparent and data were not 
shared.

Baggerly KA & Coombes KR. Ann Appl Stat 3:1309–1334 (2009) · Lecture 1 · Reproducibility · 25



How events unfolded

Nature 469:139–140 (13 January 2011) · Lecture 1 · Reproducibility · 26



16,000 COVID-19 cases went unreported in England

• Test results were collated in an old Excel file format

• Older versions of Excel hold only 65,536 rows; Microsoft 365 holds 1,048,576

• Rows past the limit were silently dropped, so contacts were not traced
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Do you have a story to share with 
us?
A result you could not reproduce, a lost file, a version that changed everything
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The research cycle

After Chris Chambers, osf.io/dfr85 · Lecture 1 · Reproducibility · 29

Generate 
and specify 
hypotheses

Design 
study

Collect data
Analyze data

Test 
hypotheses

Interpret 
data

Publish or 
Conduct next 
experiment



The research cycle: where it goes wrong

After Chris Chambers, osf.io/dfr85 · Lecture 1 · Reproducibility · 29



Q uestionab le p ractices, and  what counters them

Practice W hat it lo oks like C o unter- m easure

p- hacking Trying  analyses until som ething  crosses p  <  0 .05 Pre- sp ecified analysis plan

Fo rking  paths Many defensible choices, one  repo rted  o utcom e Multiverse or sensitivity analysis

H AR King Presenting  a p ost- hoc finding  as the orig inal hypothesis Prereg istration; lab el explo rato ry  wo rk

Lo w p ower Sm all n, so  p ositives are often false o r inflated Power analysis; collab oration

Publication b ias N ull results stay in the d rawer Reg istered  Reports; preprints
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Why the sam e data and  co de g ive different answers

Missing pieces

Code never shared, raw data not deposited, 

deposited, a step done by hand in a 

spreadsheet

Software drift

Unpinned package versions; a default 

parameter that changed between releases

Moving references

Genome build (hg19 vs hg38), annotation 

release, database snapshot not recorded

Hidden state

Notebook cells run out of order; variables 

left over in memory

Machine-specific

Hard-coded paths, OS-dependent sorting, 

GPU or thread non-determinism

Unseeded randomness

Sampling, clustering, train/test splits, UMAP 

layouts without a fixed seed
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Who is to blame? Responsibility is shared

Researchers

Uphold rigour: document methods, data and code 

and make them open. Train students in rigour and 

reproducibility.

Institutions

Set policies for transparent research and oversee 

them. Recognise reproducible work in hiring and 

promotion.

Funding agencies

Mandate open code and data and set clear 

expectations. Fund and reward reproducible, 

open researchers.

Journals

Ensure code and data are available, in line with 

funders’ mandates. Publish replications and 

negative results.

Scientific societies and the public

Demand transparency and accountability. 

Advocate for policies that promote open, 

reproducible science.

Responsibility begins with us, the 

researchers.
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Think, pair, share

Think · 2 min

On your own, write down one or two 

major factors that hurt reproducibility.

Pair · 3 min

With a neighbour, discuss how each 

problem could be fixed, and by whom.

Share · 3 min

Pairs report back; we sort the answers 

into the four groups on the next slide.
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Factors that affect reproducibility

doi.org/10.6084/m9.figshare.8267630.v1 · Lecture 1 · Reproducibility · 34



Machine learning and AI have a reproducibility crisis too

Key challenges

• Code, data and trained models not shared

• Undocumented hyperparameters and preprocessing steps

• Dependence on hardware and compute: GPU type, random seeds

• Benchmark cherry-picking

Nature 624:22–25 (2023) · Lecture 1 · Reproducibility · 35



How AI threatens reproducibility

Speed

A rapid pace of publication limits the depth of peer review, and AI is now 

used in peer review itself.

Closed models

Proprietary data and models prevent independent verification.

Benchmark chasing

Overfitting to benchmarks without real generalisation.

Compute barriers

Large models need resources few groups have, so replication is out of 

reach.

Generated content

AI tools may produce unverifiable or hallucinated text, code and 

citations.

Nature 624:22–25 (2023) · Lecture 1 · Reproducibility · 36



Hidden prompts aimed at AI peer reviewers

The Guardian (July 2025); Lin Z. arXiv:2507.06185 (2025) · Lecture 1 · Reproducibility · 37



AI as a tool for reproducibility

Experiment tracking

Automatic logging of parameters, runs and results with MLflow or 

Weights & Biases.

Environments and workflows

AI assistance in writing Dockerfiles, Snakemake and Nextflow pipelines.

Code quality

AI-assisted linting, documentation and unit tests.

Error detection

AI-driven spotting of anomalies and inconsistencies in data and results.
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When should you worry about reproducibility?

Before you start the project

While you write the code and do the analysis

When you write the paper as lead author

When you co-author a paper

When you review a paper

All the time

Adapted from Florian Markowetz · Lecture 1 · Reproducibility · 39



Five p illars of comp utational reprod ucib ility

Pillar Taug ht in

Literate prog ram ming Week 2

C od e vers io n contro l and sharing Week 3

C om p ute environm ent contro l Weeks 4–5

Persistent data sharing Week 7

D ocum entatio n Every week

End- to - end  auto m ation Week 6

Ziemann M, Poulain P, Bora A. Brief Bioinform 24:bbad375 (2023) · Lecture 1 · Reproducibility · 40



The reprod ucib ility ladder: clim b one rung  at a time

0
Paper and figures only

1
Code shared

2
+ data or accessions

3
+ pinned environment

4
+ one command 

reruns from raw data

5
+ tests, automated 

reruns, archived with a 

DOI
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Reproducibility starts on day one

It starts when you create the first folder for the project:

$ cd projects

$ mkdir <project_name>

Not when your PI asks you to put the code in a repository because a 

journal or funder requires it.

Optional · Week 2 preview · Lecture 1 · Reproducibility · 42



A predictable project layout

my-project/

├── README.md

├── data/

│ ├── raw/ # read-only

│ └── processed/ # made by code

├── code/

├── envs/ # lockfiles

├── results/ # regenerable

├── docs/

└── Snakefile # one entry point

Raw data is sacred

Never edit it. Everything else is derived and can be deleted.

Relative paths only

No /home/aziz/… in code. The project runs wherever it is copied.

copied.

README first

What this is, how to install, how to run, where outputs go.

Optional · Week 2 preview · See also: Wilson G et al. Good enough practices in scientific computing. PLoS Comput Biol 13:e1005510 (2017) · Lecture 1 · Reproducibility · 43



Version control: a lab  noteboo k fo r code

Commit small, commit often

One logical change per commit, with a message that says why.

Keep big data out of git

Ignore FASTQ and BAM files; record accessions and checksums instead.

Tag what you publish

Tag the exact commit behind each submission; archive it with a DOI.

git init

git add code/align.smk

git commit -m "Use hg38; drop

ENCODE blacklist regions"

git tag -a v1.0-submission

git push --tags

GitHub + Zenodo: each release gets a citable DOI

Optional · Week 3 preview · Lecture 1 · Reproducibility · 44



Version control and archiving prevent disasters

“The authors have notified Science of the theft of the 
computer on which the raw data for the paper were stored. 

These data were not backed up on any other device nor 

deposited in an appropriate repository.”

Science editorial expression of concern, doi:10.1126/science.aah6990 · Lecture 1 · Reproducibility · 45



Track software versions and avoid dependency hell

Our code depends on other code, which depends on other code… We control our 

code, but how do we control its dependencies?

On an HPC cluster, pin module versions:

# not reproducible

$ module load cuda

# reproducible

$ module load cuda/11.4.2

# see what exists

$ module avail cuda

Conda, Bioconda, Mamba, pip, pixi and virtualenv install, record and isolate exact versions per 

project.

Optional · Weeks 4–5 preview · Lecture 1 · Reproducibility · 46



Freeze the software, not just the code

Package environments

conda / mamba, Python venv, R renv

Pins: language packages and tool versions

environment.yml · renv.lock

Containers

Docker on laptops and cloud; Apptainer on 

HPC clusters

Pins: the whole operating-system user 

space

Dockerfile · image@sha256

Functional builds

Guix, Nix

Pins: every dependency down to the 

compiler

manifest.scm · flake.lock

Minimum standard: exact versions in a lockfile, and the session info printed at the end of every analysis.

Optional · Weeks 4–5 preview · Lecture 1 · Reproducibility · 47



The best documentation is automation

• A repetitive simple task: put it in a shell script

• Good old GNU make

• Modern workflow managers: Snakemake, Nextflow, WDL

A pipeline that runs end to end is a methods section that 

cannot be out of date.

Optional · Week 6 preview · Lecture 1 · Reproducibility · 48



Workflow managers turn steps into a rerunnable graph

FASTQ Trim Align Filter Peaks Figures

Declares dependencies

Each rule names its inputs, outputs and 

environment: the methods section, executable.

Reruns only what changed

Change a filter threshold and only the downstream 

steps run again.

Scales without edits

The same file runs on a laptop, a SLURM cluster or 

the cloud.

Snakemake (Python-like) · Nextflow and the nf-core community pipelines

Optional · Week 6 preview · Lecture 1 · Reproducibility · 49



Literate documents: text, code and results together

Quarto, R Markdown and Jupyter put the narrative next to the 

code that produced each number and figure.

The risk is hidden state: a notebook that only works in the order 

you happened to run it.

House rules

1. Restart and run all before you share or commit

2. Render reports from source; never edit the output

3. Heavy compute in the workflow; notebooks for figures

4. Imports and parameters at the top

5. End with session info

Optional · Week 2 preview · Lecture 1 · Reproducibility · 50



Record where every input cam e from , and which version

Input Re co rd  at m inim um

S equencing  data Repo sitory accession (G EO , S RA , EN A , EGA ) and  sam ple ID s

Reference g enom e Build  and  so urce, e.g . GR C h38 fro m  a nam ed  provider; patch  level

A nnotation Release num ber, e.g . a specific  GEN CO D E o r Ensem bl release

D atabases Version or d ownload date (JAS PA R, dbS N P, g nom A D , M S ig D B…)

D ownloaded files C heck sum  (m d5 or sha256 ) sto red next to  the file

Best of all: make the download itself a workflow step, so provenance is code rather than a note.

Optional · Lecture 1 · Reproducibility · 51



Same cod e, same d ata, d ifferent answer?

Set and report seeds

Subsampling, clustering, UMAP or t-SNE, permutation tests, train/test splits and model 

training.

Expect small numerical drift

Multi-threading and GPUs can change the order of floating-point sums, so last digits can 

differ.

Define “the same” in advance

Identical files, identical within a tolerance, or the same conclusion?

# R

set.seed(20261025)

# Python

rng = np.random.default_rng(

20261025)

torch.manual_seed(20261025)

Then check stability across several seeds: one lucky seed is not 

a result.

Optional · Lecture 1 · Reproducibility · 52



Ten simple rules for reproducible computational research

1 Track how every result was produced

6 Record the random seeds

2 Avoid manual data manipulation

7 Store the raw data behind every plot

3 Archive exact versions of all programs

8 Produce output in inspectable layers

4 Version-control your scripts

9 Link statements in the text to results

5 Keep intermediate results, in standard formats

10 Share scripts, runs and results openly

Paraphrased from Sandve GK, Nekrutenko A, Taylor J, Hovig E. PLoS Comput Biol 9:e1003285 (2013) · Lecture 1 · Reproducibility · 53



Forensic reconstruction

A TYP ICAL METHODS P ARAGRAP H

“Reads were trimmed and aligned to the human genome using Bowtie2 with default 

parameters. Duplicates were removed and peaks were called with MACS2 (p < 0.01). 

Differential binding between conditions was assessed with DESeq2, and regions with 

FDR < 0.05 were considered significant. Motif enrichment was performed using 

HOMER.”

1 · Alone, 8 min

List every decision you would need to rerun this. Circle each one the 

paragraph leaves unstated.

2 · In pairs, 8 min

Draw the analysis as boxes and arrows. On each arrow, write what is 

missing to make that step rerunnable.

3 · In pairs, 4 min

Place the paper on the ladder (0–5). Write the one fix that would help 

a reader most.

The paragraph is invented for this exercise · Lecture 1 · Reproducibility · 54



Four sentences, twenty-plus hidden decisions

Data

Accessions; replicates per 

condition; input or control 

samples; read length; paired or 

single end

References

Genome build; which contigs kept; 

blacklist regions; annotation 

release; HOMER genome and 

motif library version

Parameters

Trimming tool and adapters; 

MAPQ filter; duplicate tool; 

MACS2 mode and genome size; 

consensus peak rule; count 

method; DESeq2 design; HOMER 

background and region size

Software

A version for each of four named 

tools and the unnamed ones 

(trimmer, dedup, counting); what 

“default” meant in that version

A shared workflow file would have answered every one of these questions without a single extra sentence of prose.
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Five things to remember

1 Reproducibility (same data) should be near-certain; replicability (new data) is the scientific test.

2 Across fields, many published results do not hold up, and effects shrink when repeated.

3 Most computational failures are mundane: missing files, versions, paths and seeds.

4 Prose cannot carry a pipeline; code, environments and workflows can.

5 Climb the ladder one rung at a time, starting with your next analysis.

Lecture 1 · Reproducibility · 56



Reading list

Core

National Academies. Reproducibility and Replicability in Science (2019)

Sandve GK et al. Ten simple rules for reproducible computational research. PLoS 

Comput Biol 9:e1003285 (2013)

Wilson G et al. Good enough practices in scientific computing. PLoS Comput Biol

13:e1005510 (2017)

Markowetz F. Five selfish reasons to work reproducibly. Genome Biol 16:274 (2015)

Ziemann M et al. The five pillars of computational reproducibility. Brief Bioinform

24:bbad375 (2023)

Baker M. 1,500 scientists lift the lid on reproducibility. Nature 533:452–454 (2016)

Further

Noble WS. A quick guide to organizing computational biology projects. PLoS Comput 

Biol 5:e1000424 (2009)

Wilson G et al. Best practices for scientific computing. PLoS Biol 12:e1001745 (2014)

Alnasir JJ. Fifteen quick tips for success with HPC. PLoS Comput Biol 17:e1009207 

(2021)

Peng RD. Reproducible research in computational science. Science 334:1226 (2011)

Open Science Collaboration. Science 349:aac4716 (2015); Errington TM et al. eLife

10:e71601 (2021)

Baggerly KA & Coombes KR. Ann Appl Stat 3:1309 (2009); Ioannidis JPA et al. Nat 

Genet 41:149 (2009)
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Open science: making it possible for others to check

Homework!

Pick one recent paper in your area. Try to find its raw data, its code and its 
software versions. Bring a one-line verdict on paper: where does it sit on the 
ladder, and what stopped you going higher?
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