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THE PROBLEM

95%
of bioinformatics analyses cannot 
be reproduced.

Of papers I read, approximately 95% fail to include details necessary for replication.  

It's very hard to build off of research like this. ᶔ Titus Brown
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Method Matters Ŭ both for academia and industry

Vague methods like "we integrated multiple algorithms" are 

not reproducible. Always specify tools, versions, and 

thresholds.
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The Stakes: A Real Clinical Catastrophe

ᶔ Science, Aug 2011

$3Bū$5B

Average cost to develop a 

single drug

Real People

Enrolled in trials based on 

flawed bioinformatics

The Importance of Reproducible Research in High-Throughput Biology 

By Dr.Keith A. Baggerly from MD Anderson Cancer Center

The root cause was not complex 
statistics. It was sloppy data 

handling that could have been 
prevented with basic 
reproducibility practices.
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Why Is Reproducibility So Hard?

Data Not Available

Raw data withheld or not version controlled. "Available upon 

reasonable request" rarely works in practice.

Scripts Not Shared

Analysis code omitted entirely, or buried in supplementary 

materials with no context.

Missing Method Detail

Parameter choices, filtering steps, and tool versions left 

undocumented.

Environment Drift

Different OS, R/Python versions, or package releases 

produce silently different results.

THE PROBLEM



You Can't Build Solid 
Science on Shaky 
Foundations
Irreproducible results don't just waste time ᶔ they contaminate 

downstream decisions, mislead collaborators, and ultimately put 

patients at risk.

ǋſứȉß Ǚứ᷃ứȉßȖứăǙứŢ ǙǙ|ƾǋ



If you can't reproduce your own analysis next year, no one else can 

either. And you will  need to rerun it ᶔ when a reviewer asks, when a 

dataset grows, when a new collaborator joins.

Reproducibility isn't just for others. It's professional self -

defense.

"Your closest collaborator is you six 
months ago ᶔ and they don't answer 
emails."

ǋſứȉß Ǚứ᷃ứȉßȖứăǙứŢ ǙǙ|ƾǋ



Ūſȉứȉß Ǚứ᷃ứǙß|ứƾſ qŢ Ƶ

Six Pillars of Reproducible Bioinformatics

Tidy Data

Structure datasets for 
clarity and analysis

Project Organization

Consistent files, folders, 
and naming

Version Control

Track changes with Git for 
provenance

Environment 
Management

Pin dependencies for 
reproducibility

Literate Programming

Weave code, narrative, and results together

Clean Code

Write readable, reusable, and well - tested functions

No single practice transforms reproducibility overnight. Applied together, these six pillars form a reliable foundation ᶔ from t he 
moment you receive raw data to the moment you submit a manuscript or deliver a regulatory package.



Data & Spreadsheets
PILLAR 1: TIDY DATA
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Bad Data In, Bad Science Out
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PILLAR 1: TIDY DATA

Bad Data In, Bad Science Out

Can you spot what's wrong? Merged 

cells, color -coded meaning, mixed data 

types in one column, free - text notes in 

data fields ᶔ all common spreadsheet 

mistakes that break downstream 

analysis.

Excel silently converts gene 

names like SEPT2 to dates and 

MARCH1 to numbers. These 

errors have contaminated 

thousands of published 

genomics datasets.
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https://www.tandfonline.com/doi/full/10.1080/00031305.2017.1375989

Best practices using spreadsheets
PILLAR 1: TIDY DATA
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Five Rules for Spreadsheets That Actually Work

1 One value per cell

Never combine multiple pieces of information in a single cell.

2 Use good field names

No spaces, no special characters, no leading numbers. Use janitor::clean_names()  to fix existing headers.

3 Be consistent

Pick one value per category: "male" not sometimes "M", "Male", or "male". Same variable name across all files.

4 Use correct null values

Leave them blank. Never use - 999 or other values.

5 Save as plain text

CSV or TSV ᶔ not .xlsx ᶔ for long - term portability and version control compatibility.

PILLAR 1: TIDY DATA



Consistency Is Not Optional

 What breaks pipelines

ƺ Glucose_10wk vs gluc_10weeks  vs 10 week glucose

ƺ 153 vs mouse153 vs mouse- 153F

ƺ M vs male vs Male

 What works

ᶖ One canonical name per variable ᶔ documented in a 

data dictionary

ᶖ One subject ID format, applied everywhere

ᶖ One value per category, applied consistently across all 

batches

Inconsistency forces every downstream analyst to reverse -engineer your intent. Don't make them guess.

It is not rocket science, but learning how to use spreadsheet effectively will greatly benefit your research,
avoid errors and have a happy collaborator (me)! 

PILLAR 1: TIDY DATA



File Naming & Project 
Organization

PILLAR 2: FILE NAMING and PROJECT ORGANIZATION



Naming files is hard
PILLAR 2: FILE NAMING and PROJECT ORGANIZATION



Bad File Names Are a Reproducibility Crisis

We've all seen it ᶔ and probably done it:

ƺ analysis_final.R

ƺ analysis_final_v2.R

ƺ analysis_FINAL_USE_THIS.R

ƺ analysis_really_final.R

If your file names include "final," 
"v2," or "USE_THIS" ᶔ you need 

Git and better naming conventions.
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Three Principles for File Names That Last

Machine Readable

No spaces, no special characters. 

Use underscores or hyphens. Glob 

and regex friendly.

Human Readable

Add a slug that describes the 

content. 2024- 01-

15_rnaseq_qc_report  beats 

output_v3  every time.

Default Ordering

Lead with ISO 8601 dates (YYYY -

MM -DD) or zero -padded numbers. 

Files sort correctly in any OS.

Credit: Jenny Bryan ᶔ http://www2.stat.duke.edu/~rcs46/lectures_2015/01 -markdown -git/slides/naming -slides/naming -slides.pdf
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A Consistent Project Structure Saves Hours

A standard folder layout means any 

collaborator (including future -you) can 

navigate the project instantly.

ƺ data/  ᶔ raw, never modified

ƺ scripts/  ᶔ all analysis code

ƺ results/  ᶔ outputs, figures, tables

ƺ docs/  ᶔ reports, README

Protect raw data: chmod u- w - R 

data/  ᶔ make it physically 

impossible to overwrite.

PILLAR 2: FILE NAMING and PROJECT ORGANIZATION



Use here()  Ŭ Never Use Absolute Paths Again
Absolute paths are the #1 reason code 

fails on a collaborator's machine. The 

here()  package in R constructs paths 

relative to the project root ᶔ 

automatically, on any OS.

ᶖ R: library(here); 

read_csv(here("data", 

"samples.csv"))

ᶖ Python: pip install pyhere

Use R Projects in RStudio to anchor the 

root. One project = one working 

directory.
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Git: Version Control for 
Code

PILLAR 3: VERSION CONTROL



Git Is Your Time Machine for Code
Recover Anything

Broke something? Roll back to 

any previous commit instantly. 

No more 

"analysis_FINAL_v7_USE_THIS.

R."

Code Review

Pull requests let collaborators 

catch bugs before they 

propagate into results. We all 

make mistakes.

Fearless Experimentation

Create a branch, try a new 

approach, discard it if it fails ᶔ 

without touching your working 

code.

PILLAR 3: VERSION CONTROL



Six Git Commands Cover 90% of Your Needs

git init

Start tracking a project

git clone

Copy a remote repo

git add

Stage your changes

git commit

Save a snapshot

git push

Upload to GitHub

git pull

Sync from remote

The Golden Rule

Commit often. Push by the end of the day.  Think of 

commits as checkpoints in a video game ᶔ the more 

frequently you save, the less you lose when something 

goes wrong.

Start with happygitwithr.com and 

learngitbranching.js.org ᶔ both are excellent, 

free, and interactive.
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Managing Your Computing 
Environment

PILLAR 4: ENVIRONMENT MANAGEMENT
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A collaborator runs your exact R script on their machine and gets different clustering results. Why? A different version of S eurat. 
Or a different UMAP random seed. Environment drift is silent and deadly.

Full Stack
Use Biocontainers registry 
for end - to-end 
reproducibility

OS Container
Encapsulate system libs 
with Docker/Singularity

Package Layer
Pin R/Python packages via 
renv/uv/conda

Lock every layer ᶔ packages, system libraries, and OS ᶔ to guarantee identical results across machines and time.
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Conda/Mamba: Reproducible Python & 
Bioinformatics Environments

Conda creates isolated environments 

with pinned tool versions. Share the 

environment.yml  and anyone can 

recreate your exact setup.

ᶖ Mamba : drop - in conda replacement, 

dramatically faster solves

ᶖ Pixi: modern, lock - file - first 

alternative for reproducible conda 

envs

ᶖ Always export: conda env export > 

environment.yml
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ĝĨŘÝāďŘmįęâāûŘŤŘďÑûĨŘÝāďŘp

uv (Python)

Blazing - fast Python package manager from Astral. 

Replaces pip + venv. Generates a uv.lock  file ᶔ commit 

it to Git and anyone can restore your exact environment 

with one command.

renv (R)

Creates a private, project - local R library. renv::init()  to 

start, renv::snapshot()  to record, renv::restore()  to 

recreate. The renv.lock  file is the source of truth.

Commit your lock files ( renv.lock , uv.lock ) to Git. This is the single highest - leverage habit for environment 

reproducibility.
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Docker: Freeze Your Entire Computing Environment
Docker packages your code, all 
dependencies, system libraries, and OS into 

a single portable image. When you share 
the image, you share the exact  environment 
ᶔ not just a list of packages.

Think of it as a sealed virtual 
machine that runs identically on 

any hardware. For HPC 
environments, use 
Singularity/Apptainer  instead. Pre -

built bioinformatics containers: 
biocontainers.pro  and rocker -
project.org .

PILLAR 4: ENVIRONMENT MANAGEMENT
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Literate Programming & 
Automation

Code Without Context Is an 
Artifact, Not Science

PILLAR 5: LITERATE PROGRAMMING& AUTOMATION



Mix Code With Prose Ŭ Make Your Analysis Self-
Explaining

Jupyter Notebook

The standard for Python 

workflows. Interleave code, 

output, and narrative. Note: not 

natively Git - friendly ᶔ 

consider Marimo  as a reactive 

alternative.

R Markdown

Weave R (and Python via 

Reticulate) with prose to 

produce HTML, PDF, or Word 

reports. Knitr renders 

everything reproducibly.

Quarto

The next generation of R 

Markdown. Supports R, 

Python, Julia, and Observable. 

One framework for articles, 

slides, websites, and books.

The goal: anyone should be able to open your notebook and re - run it top - to-bottom to get identical results.
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Write a README. Then Write a Better One.

Good documentation outside the code includes:

ᶖ A project - level README.md with context, data 

sources, and how to run the analysis

ᶖ A per - analysis Quarto or Rmd file with 

narrative explaining why , not just what
ᶖ A changelog or lab notebook entry for each 

major analysis update

Use Claude Code or ChatGPT to draft 

README files from your code. Then 

review and refine. AI - assisted 

documentation is still better than no 

documentation.

https://gitlab.com/tangming2005/Enhancer_promoter_interaction_data

PILLAR 5: LITERATE PROGRAMMING& AUTOMATION
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Automate Everything You'll Do More Than three times

The best documentation is automation. ᶔ Twitter - verse wisdom

If you ran it manually three times, Write a script, and future -you gets it 

for free every time after.
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Workflow Managers: Beyond Shell Scripts

Shell Scripts

Simple repetitive tasks. 

my_routine.sh  as a starting point.

GNU Make /
{targets}  in R for dependency -

aware pipelines. Reruns only what 

changed.

Production -grade workflow 

managers for HPC and cloud. Scales 

to thousands of samples.

Pick the level of complexity that matches your use case. Snakemake and Nextflow have large bioinformatics ecosystems 

and community -maintained pipelines (nf - core).
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Clean Code & Functional 
Programming

PILLAR 6: CLEAN CODE



Don't Repeat Yourself Ŭ Wrap It in a Function
PILLAR 6: CLEAN CODE

Copy -paste code is fragile. If your 
logic changes, you must update 

every copy. A function means you 
fix it once, everywhere.

The Rule of Three

If you copy -paste a block of code three 

times, it's time to write a function. 



PILLAR 6: CLEAN CODE

Use purrr::map()  to Replace Loops

ᶖ Use purrr::map()  in R to apply 

functions across lists ᶔ no more 

copy -paste loops

ᶖ Python equivalent: map() , list 

comprehensions, or functools

ᶖ Document with Roxygen2 in R so your 

functions are self -explaining



Use AI to Refactor Your Code Ŭ Not to Write It Blind
AI tools like Claude Code and ChatGPT can 
dramatically accelerate code quality ᶔ 

when used correctly:

ᶖ Ƶȹεφʤứ̼ʤεεгᶻứΡʤΘʤφ˯φ˯Сʤứʈ͔ʓʤứἋứȹε̕ứ˅͔Ρứ
a functional refactor

ᶖ Ask for unit tests to lock in expected 
behavior

ᶖ Request documentation strings for 

every function
ᶖ Use AI to scaffold R or Python packages 

from your existing scripts

Always review AI -generated code. 
AI doesn't know your biological 

context ᶔ you do.
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