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Exploring the variability of the immune responses
using the Milieu Intérieur datasets
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The Milieu Intérieur Project

Hosted by Institute Pasteur on behalf of the Milieu Intérieur Consortium
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Milieu Interieur

Vers une médecine personnalisée

Milieu Intérieur explores the human immune system by
examining the genetic and environmental factors contributing
to the variability of healthy immune responses.
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WHY ARE IMMUNE RESPONSES DIFFERENT BETWEEN
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Duffy, Curr Opin Immunol. 2020
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Immunity

Duffy, Curr Opin Immunol. 2020



The Milieu Intérieur Project

Hosted by Institute Pasteur on behalf of the Milieu Intérieur Consortium

Healthy cohort

1000 donors

50% Women — 50% Men
20yr < Age < 70yr
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MILIEU INTERIEUR DATASETS FOR OUR WORKSHOP

Milieu ‘ {l INSTITUT

PASTEUR
D © 9  eCRF variables
* TruCulture Luminex dataset
= * TruCulture Nanostring dataset
| » Flow Cytometry dataset




MI DATASETS: ECRF

Clinical Immunology (2015) 157, 277-193

available a1t www. sciencedirect.com

Clinical Immunology

www.elsaviar.com/locatalyclim

« Age

* Sex
The Milieu Intérieur study — An integrative * Smoking
approach for study of human W e CMV status

immunological variance 7« ..
 Vaccination

Stéphanie Thomas™ ™', Vincent Rouilly®:“, Etienne Patin®"',

Cécile Alanio® <, Annick Dubois®, Cécile Delval®, » Physical Activity
Louis-Guillaume Marquier", Nicolas Fauchoux", Seloua Sayegrih",

Muriel Vray', Darragh Duffy "¢, Lluis Quintana-Murci®"* * Sleep

Matthew L. Albert®:":<:J:** for The Milieu Intérieur Consortium '

The Milieu Intérieur Consortium is composed of the following team leaders: * ..

Laurent Abel ', Andres Alcover, Philippe Bousso, Pierre Bruhns, Ana Cumano,
Marc Daéron, Cécile Delval, Caroline Demangel, Ludovic Deriano,

James Di Santo, Francoise Dromer, Gérard Eberl, Jost Enninga,

Antonio Freitas, Odile Gelpi, Ivo Gomperts-Boneca, Serge Hercberg >
Olivier Lantz?, Claude Leclerc, Hugo Mouquet, Sandra Pellegrini,

12/18/2025



MI DATASETS: TRUCULTURE LUMINEX

Article

Smoking changes adaptive immunity with
persistent effects

https://doi.org/101038/s41586-023-06968-8

Received: 1 November 2022

Accepted: 13 December 2023

Published online: 14 February 2024

Open access

¥ Check for updates

Violaine Saint-André"?*, Bruno Charbit’, Anne Biton?, Vincent Rouilly®, Céline Possémé',
Anthony Bertrand'®, Maxime Rotival®, Jacob Bergstedt®’®, Etienne Patin®, Matthew L. Albert®,
Lluis Quintana-Murci®", Darragh Duffy'*** & The Milieu Intérieur Consortium*

Individuals differ widely in theirimmune responses, with age, sex and genetic factors
having major rolesin thisinherent variability'*. However, the variables that drive such
differencesincytokine secretion—a crucial component of the host response to immune
challenges—remain poorly defined. Here we investigated 136 variables and identified
smoking, cytomegalovirus latent infection and body mass index as major contributors
to variability in cytokine response, with effects of comparable magnitudes with age,
sex and genetics. We find that smoking influences both innate and adaptiveimmune
responses. Notably, its effect on innate responsesis quickly lost after smoking
cessation and is specifically associated with plasma levels of CEACAMG6, whereas its
effect on adaptive responses persists long after individuals quit smoking and is
associated with epigenetic memory. This is supported by the association of the past
smoking effect on cytokine responses with DNA methylation at specific signal trans-
activatorsand regulators of metabolism. Our findings identify three novel variables
associated with cytokine secretion variability and reveal roles for smoking in the short-
and long-term regulation ofimmune responses. These results have potential clinical
implications for the risk of developing infections, cancers or autoimmune diseases.

e 816 Donors

e 12 TruCulture Stimulations:

o Null, TNFa, IL1b, IFNg, BCG, PolyIC,
C.albicans, E.colti,
Influenza, CD3+CD28, LPS, SEB

13-Plex:

o CXCL5, CSF2, IFNg, IL1b, IL2, ILS6,
IL8, IL10, IL12p70, IL13, IL17, IL23,
TNFa

Htruculture

Immunomonitoring made simple

ey

Luminex

xMAP® Technology

12/18/2025 10



MI DATASETS: TRUCULTURE NANOSTRING

L))

Check far
updates

Distinctive roles of age, sex, and genetics in shaping
transcriptional variation of human immune
responses to microbial challenges

Barbara Piasecka®®", Darragh Duffy®<%1, Alejandra Urrutia®®®, Héléne Quach®"9, Etienne Patin®"9, Céline Posseme®,
Jacob Bergstedt™, Bruno Charbit®, Vincent Rouilly®, Cameron R. MacPherson®, Milena Hasan®, Benoit Albaud,

David Gentien!, Jacques Fellay*!, Matthew L. Albert®“®®*2, Lluis Quintana-Murci®*9%3,

and the Milieu Intérieur Consortium*

3Unit of Human Evolutionary Genetics, Institut Pasteur, 75015 Paris, France; "Center for Translational Research, Institut Pasteur, 75015 Paris, France;
“Laboratory of Dendritic Cell Immunobiology, Department of Immunology, Institut Pasteur, 75015 Paris, France; “INSERM U1223, 75015 Paris, France;
°Department of Cancer Immunology, Genentech Inc., San Francisco, CA 94080; 'CNRS Unité de Recherche Associée 3012, 75015 Paris, France; Center of
Bioinformatics, Biostatistics and Integrative Biology, Institut Pasteur, 75015 Paris, France; "Department of Automatic Control, Lund University, Lund SE-221,
Sweden; 'International Group for Data Analysis, Institut Pasteur, 75015 Paris, France; 'Translational Research Department, Genomic Platform, Institut Curie,
Paris Sciences et Lettres Research University, 75248 Paris, France; *School of Life Sciences, Ecole Polytechnique Fédérale de Lausanne, 1015 Lausanne,
Switzerland; and 'Swiss Institute of Bioinformatics, 1015 Lausanne, Switzerland

Edited by Jean-Laurent Casanova, The Rockefeller University, New York, NY, and approved December 1, 2017 (received for review August 22, 2017)

Htruculture

Immunomonitoring made simple

D,

* 638 Donors

e 7 TruCulture Stimulations:

o Null, BCG, C.albicans,
E.coli, IAV, S.aureus, SEB

* 560 genes

nanosS Upg

®
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MI DATASETS: FLOW CYTOMETRY

namure RESOURCE
lmmunOlogy https://doi.org/10.1038/s41590-018-0049-7

Natural variation in the parameters of innate
immune cells is preferentially driven by genetic
factors

Etienne Patin@'232%* Milena Hasan"?, Jacob Bergstedt©°2¢, Vincent Rouilly*#, Valentina Libri®,
Alejandra Urrutia®’2?, Cécile Alanio @472, Petar Scepanovic'®", Christian Hammer™",

Friederike Jonsson'>®, Benoit Beitz*, Héléne Quach'??, Yoong Wearn Lim®, Julie Hunkapiller',
Magge Zepeda', Cherie Green's, Barbara Piasecka'?*#, Claire Leloup', Lars Rogge*",

Francois Huetz'®"”, Isabelle Peguillet?®?, Olivier Lantz?%?'2223, Magnus Fontes®?*, James P. Santo*#2,

Stéphanie Thomas®’%, Jacques Fellay ©°°, Darragh Duffy*’%, Lluis Quintana-Murci©'%37,
Matthew L. Albert ©478227* and The Milieu Intérieur Consortium?®

816 Donors

« Immune cell populations

12/18/2025 12



OUR LEARNING OBJECTIVES

« Explore the Variability of Healthy Immune Responses using the datasets from the Milieu
Intérieur (MI) Project (milieuintérieur.fr).

 Practice your R Skills

R/RStudio Good Practices

Tidy Data Principles and Tidyverse

Data Wrangling and Data Visualization

Foundational statistical methods (PCA, NHST, Linear Models)

O O O O

* Be equipped to continue your path in learning R and Statistics




R WORKSHOP PROGRAM

Tuesday, June 17th.

9am Lecture: Welcome &
Workshop
Introduction

Vincent Rouilly
10am Break

10.15am RStudio set-up &
Student introduction

12pm Lunch
1pm Data Wrangling

2.30pm Break

2.45pm Data Wrangling /
Data Visualization

4pm End of day




R WORKSHOP PROGRAM

9am

10am
10.15am

12pm
1pm

2.30pm
2.45pm

4pm

Tuesday, June 17th.

Lecture: Welcome &
Workshop
Introduction

Vincent Rouilly
Break

RStudio set-up &
Student introduction

Lunch
Data Wrangling

Break

Data Wrangling /
Data Visualization

End of day

Wednesday, June 18th.

Lecture: Milieu Intérieur
Healthy Donor Studies

Darragh Duffy

Break

Data Visualization

Lunch
PCA and Clustering

Break
PCA and Clustering

End of day



R WORKSHOP PROGRAM

Tuesday, June 17th. | Wednesday, June 18th. | Thursday, June 19th

9am Lecture: Welcome & Lecture: Milieu Intérieur Lecture: Comparing
Workshop Healthy Donor Studies Immune Phenotypes
Introduction Across Cohorts

Darragh Duffy

Vincent Rouilly Etienne Villain

10am Break Break Break

10.15am RStudio set-up & Data Visualization PCA and Clustering
Student introduction

12pm Lunch Lunch Lunch

1pm Data Wrangling PCA and Clustering Statistical tests (NHST)

2.30pm Break Break Break

2.45pm Data Wrangling / PCA and Clustering Statistical tests (NHST)

Data Visualization
4pm End of day End of day End of day



R WORKSHOP PROGRAM

Wednesday, June 18th. | Thursday, June 19th

9am

10am
10.15am

12pm
1pm

2.30pm
2.45pm

4pm

Tuesday, June 17th.

Lecture: Welcome & Lecture: Milieu Intérieur

Workshop
Introduction

Vincent Rouilly
Break

RStudio set-up &
Student introduction

Lunch
Data Wrangling

Break

Data Wrangling /
Data Visualization

End of day

Healthy Donor Studies

Darragh Duffy

Break

Data Visualization

Lunch
PCA and Clustering

Break
PCA and Clustering

End of day

Lecture: Comparing
Immune Phenotypes
Across Cohorts

Etienne Villain
Break

PCA and Clustering

Lunch
Statistical tests (NHST)

Break
Statistical tests (NHST)

End of day

Friday, June 20th

Lecture: Transcriptional
gene regulation & SES
effects

Anthony Bertrand

Break

Linear models

Lunch
Linear models

Break
Linear models

End of workshop






TIDY ANALYSIS PRINCIPLES IN R
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WET LAB AND DRY LAB ARE BOTH EXPERIMENTS

Wet Laboratory Data-Centric Dry Laborato

Many possible
Protocols Feedback v computational methods
SOPs N '—} _' to try

g Data reuse
ELN and repurpose

Both need to be highly iterative
Both need Agility, Traceability and Reproducibility

12/18/2025 20



TYPICAL DATA ANALY SIS WORKFLOW

Visualize

Import _;,( Model =—> Communicate

Tra nsf‘cin/




DIVERSE DATA REQUIRES DIVERSE CUSTOM TOOLS

XML

Visualize

==ma @l Mode| —> Communicate

Transform
{:}
=




TIDY DATA OPENS OPPORTUNITY FOR STANDARD TOOLS

XML

Vlsuallze \

‘ ﬂm ,,,,, MOdEI — Communicate

13

Im port
Transform
=
YAML




TIDY PRINCIPLES

Journal of Statistical Software

MMMMMM YYYY, Volume VV, Issue IT. http:/Swwn. jstatsoft.org/

%o . .
dard f h
TIDY DATA 2 standai vy of napping the
: to its structure. 99
Tidy Data

. each column a variable
Hadley Wickham | N t| dy d ata 4
RStudio *

. . .
« each variable forms a column id name color

floof gray
h b M f ‘A each row
Abstract e eacnh observation Torms a row max  black >
A huge amount of effort is spent cleaning data to get it ready for analysis, but there ° eaCh Ce” |S a Sin |e measurement cat orange dpservation
has been little research on how to make data cleaning as easy and effective as possible. g donut gray

This paper tackles a small, but important, component of data cleaning: data tidying.
Tidy datasets are easy to manipulate, model and visualise, and have a specific structure:
each variable is a column, each observation is a row, and each type of observational unit
is a table. This framework makes it easy to tidy messy datasets because only a small
set of tools are needed to deal with a wide range of un-tidy datasets. This structure
also makes it easier to develop tidy tools for data analysis, tools that both input and Wickham, H. (2014). Tidy Data. Journal of Statistical Software 59 (10). DOI: 10.18637/jss.v059.i10
output tidy datasets. The advantages of a consistent data structure and matching tools
are demonstrated with a case study free from mundane data manipulation chores.

merlin  black
panda calico

OJ £ wN—

Keywords: data cleaning, data tidying, relational databases, R.

12/18/2025 24



TIDY DATA

|
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DATA.FRAME OR TIBBLE AS A STANDARD CONTAINER

= Flights
Source: local dota freme [336,776 x 16]

year month  doy dep_time dep_delay arr_time arr_delay carrier toilnum

| <int> <ints <ints it i s <1rt <dbl> <chr> <chesdl Column Iypes :
T 2ars T T 517 Z B 1T O NIGZZH A
2 2013 1 1 533 4 RS9 29 ua  N24211 /33Lc
B w13 1 1 542 2 973 33 M ONeoAs . L
4 13 1 1 sS4 -18 B6 Nsgq)g | o0 W TWEES
s 2013 1 1 55 .25 oL meeeoN  printed by default
Ei & 2 = 2 ae imed T Lwiarge
3 2013 1 1 55 14 Ev nazoag O2ta sets)
o I ) k] 1 i 55, =8 & HSBEJBi
1EI Fali 1 | 558 -7 753 & A N3ALAE
L olumns that don'l Tibble vs Data.frame

1!'l.'-""|.-|.'-'|:'1f5- n-:l-t a-hl:lrm nght {l.nth ergln *:-.'.hn st tchrh alr_kume AN LHEl
wdbl>, distance <dbl>, hour <dbl>, mundte <dbls, it to the s¢

=1 IR



https://www.rpubs.com/OCMath/DSCI300tibble

TIDY DATA ANALYSIS

Visualize
Import —» Tidy —» ( Model =—> Communicate
A
regjxl rz;c:r Data Tl’a N Sf‘(in/

[Tuesday]

5

stringr




TIDY DATA ANALYSIS

Data Visualization
ggplot2 [Tuesday/Wed]

Visualize
Import —» Tidy —» ( Model —> Communicate
N B
reaOchxI rz;c:r Data Tl’a N Sf‘(:in/
A‘“ Wrangling

[Tuesday]

5

stringr




TIDY DATA ANALYSIS

Data Visualization
ggplot2 [Tuesday/Wed]

Import —» Tidy —» Model —> Communicate
Transform PCA
Data. [Wed/Thursday]
Wrangling NHST/LinearMode
[Tuesday] Is
é 7 [Thursday/Friday]

ﬁdyr %

stringr

|
7




TIDY DATA ANALYSIS

Data Visualization
ggplot2 [Tuesday/Wed]

Import —» Tidy —» Model —> Communicate

Transform PCA rto Report
Dat.‘sll. [Wed/Thursday] Qu?Ev(e)wagf(]) )
Wrangling NHST/LinearMode
[Tuesday] Is
[Thursday/Friday]

i %

stringr

|
7




GENERAL WORKSHOP PRINCIPLES

File Edit Code View Plots Session Bulld Debug Profle Tools Help rstudio (3 @

-opar- @ A Cotofle/funcion - Addins - 2 project: (None)
o Density Pota Environment  History  Connections  Tutorial

Sourceonsave Q' - 2 (4 7% import Daset - %225 MiB - | &
Library(ggplot2) R - | Global Environment ~
theme_set(thene_classic()) =

04 List of 9

T
2
3
4 B Pl

5 g < goplot(mg, ces(cty))

6 g + geom_density(ges(fill=factor(cyl)), alpha=0.8) +
2 &

s

9

0

1

abs(title-"ensity plot”,
itle-"City Mileage Grouped by Number of cylinders”,
g, Files Plots Packages Help Viewer =
seccity M lsage oom -3 Export - % publish
Fill="# Cylinders™)| Pz Expor - (O o % publish
Density plot
City Mileage Grouped by Number of cylinders

1127 (lop Leve) =

RE #Cylinders
. S
b theme_set(theme_classicO)

b Plot

b o < aoplotcmg, aesccty)

I o + geon_ensityCaescili=factorceyld), alpha=0.8) +

labs(title="pensity plot”,

subtitle="City Mileage Grouped by Number of cylinders”,
caption="Source: mpg",
x="City Mileage", 20 25
FILL="2 Cylinders™) City Mileage

Topic Introduction Cookbook Application
Overview R Recipes to MI Datasets
Synthetic Data
Use case




R CHOICES WE MADE FOR THIS WORKSHOP

* R Coding-related:
oFavor Tidyverse packages
oExtensive use of R Pipes: |> or %>%
oPackage prefixing e.g. dplyr::filter(...)
» Use of Synthetic Data for R examples
* Use of Quarto instead of RMarkdown

* Use of RStudio Cloud instead of a local RStudio




ALWAYS FAVORS TYDIVERSE R PACKAGES

12/18/2025 3 3



R CHEAT SHEETS

Data visualization with ggplot2

Basics

l0t2 is based on the grammar of graphics, the idea
that you can build every graph from the same
components: a data set, a coordinate system,
and geoms.visua| maris that epresent data points.

Goo .
aat o
-5
.
data geom coordinate plot
Fy=A system

To display values, map variables in the data to visual
properties of the geom (aesthetics) like size, color, andx
andy locations.

R4
coordinate plot
system
Complete the template below tobuild a graph.
required

geplot (data= TITD) +
[ <Geom_FuncTion>TLETTILEETE MAPPINGS> N
stat =G50, position <CLHNIID) * Not

<COORDINATE_FUNCTION> mauee
[<scaLe_runcrion] e
v runcrion-]

geplot{data = mpg, aes(x = cty,y = hwy)) Begins a plot
that you finish by adding layers to. Add one geom
function per layer.

last_plot() Retums the last plot.
ggsave("plot.png’, width=5, height = 5) Saves last plot

255'x 5 file named "plot.png” in working directory.
Matches file type tofile extension.

Aes

color and fill - string (*red", "sRRGGBS")

mon

"solid”,

tinetype- integerorating 0= blanic. 1
fash, 5= "longdash’,

2="dashed", 3= "dott
6="twodash",

size - integer (inmm for size of points and text)
linewidth - integer (in mim for widths of lines)

shape - integer/shape name or 11/ 4.
asingle character ("a")

== posit

GRAPHICAL PRIMITIVES

<- ggplotleconomics, aes(date, unemploy)
b <- ggplot(seals, aes(x=long,y = lat)

a+ geom_blank() and a+ expand_limits()
Ensure limits include values across all plots.
b+geom_ (nwl(aes(yen

/~ xend=long+1), curvatu e, y.yend,
aipha, angle,color, carvature, inetype, 62

| a+geom_path(lineend = "butt",
| linejoin = "round", linemitre = 1)
! xy.alpha, color, group, linetype, size

a+geom_polygon (aes(alpha = 50)) - x, y, alpha,
color, ill, group, subgroup, linetype, size

b+ geom_rect{aes(xmin = long, ymin = at,

TWO VARIABLES
both continuous

CHEATSHEET

e <- ggplot(mpg, aes(cty, hwy))

) 8+ grom_labaliaesabel =ty nudge = 1,
y, abel, alpha, angle, color,
tiace, st s eheight, s2e, viust

[
Q

1arm Iy,

e+ ge

om_point()
X3, 3lpha, color,ill, shape, size, stroke

quantile()
oS alphs olorgroup, inetype, e welght

e+ geom_rug(sides = *bl")

e+

geom_smooth(m Im)
A7 xy.alpha, color fill, group, linetype, size, weight

§ X3, alpha, color, linetype, size

ethod =

ariables

continuous bivariate distribution
h <-ggplot{diamonds, aes(carat, price))

h+geom_bin2d(binwidth = ¢(0.25, 500))
X3, alpha, color,fill, linetype, size, weight

h+geom_density_2d()
x.¥.2lpha, color,group, linetype, size

h+geom_hex()
P x,y,alpha, color, fill, size

(OH‘IHWUS'UHC‘ID"
il <- ggplot{economics, aes(date, unemploy))

i+ geom_area()

ggplot2

CHEATSHEET

Reshape Data - rivot datato reorganize values into a new layout.

Data tidying with tidyr

Tidy datais a way to organize tabular data in a
consistent data structure across packages.
Atable istidy if:

[alelc] [Alelc] | country BEES 2000 | [counsy | veor |cases } pivot_longer(data, cols, names_to = "name",
I I I & — :‘K > = T values_to = "value", values_drop_na = FALSE)
- € 21X 213K c 2;2"( “Lengthen" data by collapsing several columns
Eachvariableisin  Eachobservation, or —T— into two. Column names move to a new
its own column case, isinits ownrow [ 2000 [FIETS names_to column and values to a new values_to

column.

long+1, lat+1 3
B e ioneomancine ma i x.y;alphe, color il inetype,sze nnE n-n-[ pivot_longe ols =23, names_to="year’,
o geom tul(aes(lzbe\“uy nudge_x=1, A i+ linel) 1 es_t
3+ geom -ribbon(aestymin - unemoley 900, ¢ geom_line ) =
s © nudgey=1)- . label, apha, angle color
Jh |+ grom_step{direction = "hv’) Access variables Preserve cases in CITTETIET  ETmITT el - pivot_wider(data, names_from = "name’,
™ Xy, alpha, color, group, linetype, size - - P ’
st . = > values_from = "value")
LINE A -mm s A o0 o AR
common aesthetics: X, y, alpl A 2® B 1989 a7k 422M Theinverse of pivot_longer(). "Widen" data by
| biseom.abiineiag L B 20 Bk MM expanding two columns intoseveral. One column
+geom, 2e . . ;
= Data transformation with dplyr @ cHEATSHEET PR e e s heaneee
8 2000 80K
b +geom_segment(aes(yend p y s 2000 NN U values.
b+ geom_spoke(acs(angle c 18 21 pivo e
¢ 1o00 MTH 9T es._f
c 213K -
ONE VARIABLE continf  dplyr functions work with pipes and expect tidy data. In tidy data: A bl s ¢ 200 ETR 9T
c <- ggplot(mpg, aes(hwy));q | | | riaple -
Fa4 -— &
By vt I 1 ] s=» pipes EXTRACT CASES EXTRACT VARIABLES n Sp lit CellsS - usethese functions to split o combine cellsinto individual, isolated values.
" " Row functions return a subset of rows as a new table. Column functions return a set of columns as a new vector or table. L
€+ geom_dens| Eachvariableisin  Each observation,or x|~ f(y) .
izt ) ey el g S O —— . ditasvar="isnames s EEmCITm e unite(data, col, .., sep="_", remove = TRUE,
> r( data, ..., .preserve = FALSE) Extract rows pull(.data, var=-1,name = NULL, ...) Extract 7y 19 A narm=FALSE) Collapse callé across several
<+ geom_dotplot() thatmeet loglcal criteria. - column values asa vector, by name or index. ~—J N — i & g" %
xy, alpha, color fill S Y A g>20 tcars [ pulliwt] 8 i g columns into a single column.
. A A . B 20 B 20 tefta tury, C “year”, ")
¢+ geom_freqpoly( " B distinct{dats, , ., keen_sl|=FALSE) Remove “,F  select(data, ...) Extract columns asa table. " R
/ .V Sloha.colbrgiq  Apply summary functions to columns to create a new table of - rows with duplta(evalues " pRR
N summary statistics. Summary functions take vectors as inputand HEE fistinet(g . der_delim(d & de
c+geom _histogran returnone value (see back). separate_wider_delim(data, cols, delim, ...,
% y2aipha, color Al ' " . relocate(data, .., before =NULL, .after = NULL) [couniry | yeor | roto I couriry | ycor [asest oo | o - .
JL sum iy R ;Ixe;.svf!aitoan, preserve = FALSE) Select rows - Move columns to new position. A 1999 0.0 A 1999 07K names NULL:.names,sep NULL, names_repair
€2+ geom_gq(aes(: Y P 2 > relocatel(r er=I A D00 HIN_y A 200 K ‘check unique”, too_few, too_many, cols_remove =
. xy,alpha,color, il | m summarize(.data, ... " . et ) B 1999 3N B 1998 37K TRUE) Separate each cellin a column into several
* W Compute table of summaries. » ,|kg_,.m,,|,(,data',,,,n‘pmp' weight_by = el f I 0 o columns. Also separate_wider_regex() and
discrete itcars mmarize{avg = meal NULL, replace = FALSE) Randomly select rows. Use these helpers with selgn() and across()
e.g mtcars [>select(mp
d <= ggplot(mpg, aes(fl) AR WS R R EALSE R Use n'to select anumber of rows and prop to gt RS
s barl o w NULL) Count nimberof rows in each group defined selectafractionofeons,. . @ntains(match) - num.ranga(prefv, ange) : eg. mpgyl R t0= o' cases”, p
i b eyl TR0 =-£ l;;;h;\ﬁ;l(ahles in ... Also tally(), add_ count(), ;n;i’:;mgh(matcn) all_of (x)/any_of(x teg, gear L a— ——
- ; slice_min( data, order by, ..., = A 199 07K A 20 2K
= Y with_ties= TRUE) and slice_ mzx() Shiect rows el A 200 K T—p A 2000 separate._longer_delim(data, cols, defim, -,
. vylm (heylm‘/vest and nlgnes(values‘ MANIPULATE MULTIPLE VARIABLES AT ONCE : m :x : :2 S width, keep_eampty) Separate each cellin a
3roup Lase - E bb 1=c(1,2),x 2=c(3, B 2000 80K columninto several rows.
8 20w

the results.

m ™
a ?

Use group_by(.data, .
"grouped" copy of a table grouped by columns i .. dplyr
functions will manipulate each "group” separately and combine

Use rowwise( data, ..

.add = FALSE, drop=TRUE) to create a

g u
=mmm tate(film_co

) to group data into individual rows. dplyr
functions will compute results for each row. Also apply functions
tolist-columns. See tidyr cheat sheet for list-column workflow.

Returns ungrouped copy of table.
e

slice_head|(.data, ...,
Select the first or last rows.
nt ice_heac

Logical and boolean operators to use with filter()
< is.na() %in% |
lis.na() ! &
See 7hase::Logic and 2Comparison for help.

' > >=

ARRANGE CASES Apply ions to columns. Vectorized functions take
arrange(.data, ..., by_group = FALSE) Order vectors as input and return vectors of the same length as output
* rows by values of a column or columns (Iow to (see back). &
mma high), use with dese( to order from highto low. vectorized function
F g mutate(.data, ..., .keep = "all", .before = NULL,
(mpg - .after= NULL) Compute new column(s). Also
add_column().
ADD CASES o i =1/mpg _
add_row(.data, ..., .before = NULL, after = NULL)
‘Add one or more rows to a table. Ll rename(.data, ...) Rename columns. Use
ars [ add._ row(speed =1, dist= -+ rename_with() to rename with a function.
micars > rename(miles_per_galion =mpg
CC BY SA Posit Software, PBC - info@posit.co - positeo - Leam more « HTML chestshes - dplyr 114 - Updated: 2024-05

n, prop) and slice_tail()

across(.cols, .funs, ..., .names = NULL) Summarize parate_longer_delim(tables, ral =2k
or mutate multiple columns in the same way.
2| every g ear CC BY SA Posit Software, PBC - info@posit.co «

Expand
Tables

Create new combinations of variables or identify
implicit missing values (combinations of
variables not present in the data).

expand(data, ...) Create a

new tibble with all possible
combinations of the values
of the variables listed in ...

Dvupothervanables

xpand(mic
t

AL l%l !‘Ell'l!ll? complete(data, o

s 1 4> a2 . list() Add missing possible

— 8 1 4 combinations of values of

variables listed in ... Fill
remaining variables with NA.
plete rs gear

b

Handle Missing Values

Drop or replace explicit missing values (NA).

IJAII.ZI I:IAII:S drop_na(data, ...) Drop

g .~ p 3 rowscontainingNAsin..
@

. columns.

B rop_na

mE e fill{data,

& => &1 "down")Fillin NA'sin ..

c c

gl e on columns using the next or
€ — ]

previous value.
l(x, x2

replace_na(data, replace)
Specify avalue to replace
NAin selected columns.

posit.co « Learn more at tidyrtidyverse.org - HTML cheatsheets at pos.it/cheatsheets - tidyr 13.1 - tibble 3.2.1 - Updated: 2024-05

¢_across(.cols) Compute across columns in

e -
xor() H row-wise data.
u

MAKE NEW VARIABLES

12/18/2025
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R PIPE APPROACH

mutate() to round rto two digits, then
arrange() by rounded correlation coefficients

1. Take the ydat dataset, then
_— 2. filter() for genes in the leucine biosynthesis pathway, then
Cogn'the 3. group_by() the limiting nutrient, then
« 4. summarize() to correlate rate and expression, then
process: | 0 e
6.

12/18/2025 3 5



USE OF SYNTHETIC DATASETS

SYNTHETIC DATA

GENERATION

Great for testing No confidentiality issue Reproducible
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TRACEABILITY, REPRODUCIBILITY AND COMMUNICATION

Console  Terminal Background Jobs ™

R R4.3.0 - ~/Desktop/Intro-to-R/

R is a collaborative project with many contributors.
Type 'contributors()' for more information and
'citation()' on how to cite R or R packages in publications.

Type 'demo()' for some demos, 'help()' for on-line help, or

'help.start()' for an HTML browser interface to help.
Type 'qQ)" to quit R.

R Console

freq.reg <- Im(Calories ~ Duration+Weight, data-data)

mod <- m(Calories ~ ., data-data)

# With AIC
modATC <- MASS: :stepATC(mod, k = 2)
summary(modATC)

modBIC <- MASS: :stepAIC(mod, k = log(nrow(dof
sumnary(mod81C)

modZero <- Im(Calories ~ 1, data = data)

mod_forward = MASS: :stepAIC(modZero, direction = “forward",

scope = list(lower = modZero, upper = mod), k = log(nrow(data)))

freq.reg <- Im(Calories ~ Duration+Weight:Age+Height+Heart_Rate:Body_Temp, data-data)
summary(freq.reg)

plot(freq.reg)
predict(freq.reg)

predict(freq.reg, interval-"confidence")
predict(freq.reg, interval="prediction")
confint(freq.reg, level-.95)
Library(MMCglam)

bayes.reg <- MMCglmn(Calories ~ Duration, data-data)

R Script

communicate-plots.qmd ]

RenderonSave ', (@b Render - 2 HRun + G~

Source | Visual Normal +  i= } &  Format - Insert + Table Outline
The easiest place to start when turning an y graphic into an y graphic is with

good labels. You can add labels with the abs() function. This example adds a plot title
{r}- b
Llibrary ggplot2

ggplotimpg, aes(x = displ, y = hwy
geom_point(aes(color = class

geom_smooth(se ALS!
labs(title = "Fuel efficiency generally decreases with engine size."

Fuel efficiency generally decreases with engine size.

class
2seater
compact
- * midsize

hwy

© minivan

®  pickup
subcompact
20-
suv
2 3 4 5 6 7
displ
@ Chunk 1 3 Quarto 3




QUARTO REPORTS

Console Terminal Background Jobs —

‘R R4.3.0 - ~/Desktop/Intro-to-R/

R is a collaborative project with many contributors.
Type 'contributors()' for more information and
'citation()' on how to cite R or R packages in publications.

Type 'demo()' for some demos, 'help()' for on-line help, or

'help.start()' for an HTML browser interface to help.
Type 'q()' to quit R.

R Console

27

29
30
31
32
33

3
36

38
39

41
42
43

S

45

&

a7

&

49
50
51
52
53
54
55

frea.reg < In(Calories ~ Duration+Weight, data-data)

mod <- m(Calories ~ ., data-data)
# With AIC

modATC <- MASS: :stepAIC(mod, k = 2)
‘summary (modATC)

modBIC <- MASS: :stepAIC(mod, k = log(nrow(data)))
‘summary(modBIC)

modzero <- Im(Calories ~ 1, data = data)
mod_forward = MASS: :stepAIC(modZero, direction = "forward",
scope = list(lower = modZero, upper = mod), k = log(nrow(data)))

freq.reg <- Im(Calories ~ Duration+Weight:Age+Height+Heart_Rate:Body_Temp, data-data)
summary(freq.reg)

plot(freq.reg)

predict(freq.reg)

# plot(log(Volume), predict(freq.reg),pch=16)
predict(freq.reg, interval="confidence"
predict(freq.reg, interval="prediction")
confint(freq.reg,level-.95)

# Bayesian method

Library(MOMCgLmm)

bayes.reg <- MOMCglmn(Calories ~ Duration, data-data)

R Script

Quarto Documentation

» | communicate-plots.qmd -0

RenderonSave ', - kc] #Run ~ G -
Source | Visual Normal ~ | i= } &  Format - Insert - Table - Outline
The easiest place to start when turning an y graphic into an itory graphic is with

good labels. You can add labels with the labs() function. This example adds a plot title:
{r}- z
library(ggplot2
ggplot(mpg, aes(x = displ, y = hwy)) +
geom_point(aes(color = class)) +

geom_smooth(se FALSE) -+
labs(title = "Fuel efficiency generally decreases with engine size."

Fuel efficiency generally decreases with engine size.

40-
class
©  2seater
©  compact
B 30~ * midsize
z © minivan
®  pickup
©  subcompact
27 o su
@ Chunk 1 3 Quarto *

rmarkdown

RMardown

Quarto



https://quarto.org/docs/computations/r.html

R ENVIRONMENT FOR THE WORKSHOP

posit Cloud

- Web application

Eimir3 ~

o - X 2~ Go to file/function ~ Addins ~ L[] (]
ERRRAIRA]] e vovas - A A - Un lfo rm R environment for all
Source on Save = 4 /'~ SRun % Source ~ # | 7 Import Dataset ~ List ~ -
A\ Packages DataExplorer, mir3learners, and 2 others required but are not installed. Install Don't Show Again % (T Global Environment «
1 #### Library and dataset Data o b
' - Use of a share tudio project
checkpoint("2020-09-01") ) german 1000 obs. of 21 variables
Values
library("data.table") is_factor Named logi [1:21] TRUE FALSE TRUE TRUE FALSE TRUE ...

library("mlr3") task <Object containing active binding>
l\brury("mlrﬁleurners") el I lp a e

library("mlr3viz")
library("ggplot2")

Rl rorvCatins Script editor pane: Environment pane: R objects in memory 1 11 d 1.b 1
et suite of commands o Pre_lnSta € 1Draries

13 data("german", package = "rchallenge")

CeNOU A WN

14

15 Files Plots Packages Help Viewer =0 4 o
16 german_short = german -

17 is_factor = sapply(german_short, is.factor) " Export - O _1 1
18 -~ aerman shortlis factor| = laoolv(aermanlis factorl. function(x) {

7:13  (Top Level) * R Script

> WOI'kShOp

> library("mlr3")

> library("mlr3learners")

> library("mlr3viz") (]

i - But you can still download the
> library("skimr")

> library("DataExplorer")

> data("german", package = "rchallenge")

> german_short = german 4 4

RStudio project to run loca

> is_factor = sapply(german_short, is.factor)

Error in lapply(X = X, FUN = FUN, ...) : object 'german_short' not found

> german_short = german FiIeS, plots, help pane

> is_factor = sapply(german_short, is.factor)

> german_short[is_factor] = lapply(german[is_factor], function(x) { —
+ levels(x) = abbreviate(mlr3misc::str_trunc(levels(x), 16, "..."), 12)

+ X

+ 1D

> ####### Definying the task #####, . .

> # Task problem Console pane: sandbox, interactive area

> task = TaskClassif$new(id = "Ger " YETTTT, Tyt -

> rm(german_short)

>
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R: WHERE TO FIND HELP

 Your Instructors for this week
« Within the group

 ?function in R console

* R Cheat Sheets
 StackOverflow / Google

e And...




A NEW TOOL IN OUR TOOLBOX

« Have you already used it for R programming ?
o To explain some code you found
o To customize some existing code
o To explain an error message and suggest a fix

o ... other case ?

« What is your favorite prompt for R questions ?




“Art is I, Science is We” Claude Bernard 1865
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Human Evolutionary
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Wilson Ng
Rex Hung
Rosanna Fong
Raven Cheng
Cynthia Wong
Hebie Chen
Minnie Lo
Max Hui
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Anna Lee
Hilda On
Garrick Yip
Simon Muller

Elina Li

Kylie Chang
Raina Mok
Hebronson Yung
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Amandine Schneider

Peter Chung
Christy Wong
Grace Wu
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HKU-Pasteur Research Pole,
HKU/C2i

Roberto Bruzzone

Malik Peiris

Leo Poon
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Yu Lung Lau

Daniel Leung

Jaime Rosa Duque
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Michael Ni
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Matthew AILBERT

Laurent ABEL (Necker)
Andres ALCOVER
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Nollaig BOURKE (TCD)
Petter BRODIN (Karolinksa)
Pierre BRUHNS
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Ana CUMANO

Caroline DEMANGEL
Christophe D’ENFERT
Ludovic DERIANO
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James DISANTO

Gérard EBERL
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Milena HASAN

Magnus FONTES (Roche)
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Olivier LANTZ (Curie)

Frederique MICHEL

Hugo MOUQUET
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Eteinne PATIN

Antonio RAUSELL (Imagine)
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THANK YOU

43

12/18/2025



RESOURCES

* R Cheat Sheets
R Books

o R for Data Science
o R Cookbook
o R Graphics Cookbook

e R Tutorials

o Carpentries Open Science



https://carpentries-incubator.github.io/open-science-with-r/01-introduction/index.html

R PACKAGES USED IN THIS
WORKSHOP

ggplot2

;odo‘

readxl

rmarkdown

stringr




TIDYVERSE

Import

Communicate

Z

rmarkdown

Model

\ linear

models
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