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ÅMecanismes

ÅDéterminants

ÅPerspectives

2.Intelligence artificielle
ÅSystème expert vs Machine learning

ÅMachine learningtraditionnel et deeplearning

ÅMetrics
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Objectives: learnAI for collaboration with AI project



aŞŎŀƴƛǎƳŜǎ ŘŜ ƭΩŀƴǘƛōƛƻǊŞǎƛǎǘŀƴŎŜ

Horizontal genetransferMutant selectivewindows

Amplification 

vertical horizontal



5ŞǘŜǊƳƛƴŀƴǘǎ ŘŜ ƭΩŀƴǘƛōƛƻǊŞǎƛǎǘŀƴŎŜ

Aspergillus
VoricoR

ERV
Salmonella
Campylobacter
BLSE
Carbapénémase

SARM

Antimicrobial
misuseand 
overuse

Health-care 
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Understandingthe mechanismesand drivers of antimicrobialresistance, Lancet 2016
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ArtificialIntelligence (AI)
IA =branchof computer science that aimsto create
systemscapable of performingtasksthat typically
requirehumanintelligence» 
Applications : problem-solving, decision-making, 
perception, understandingnaturallanguageΧ



ArtificialIntelligence (AI)

Prediction



Expert system Machine Learning

mail

Non spam

Spam

MachineLearnpattern from data

Humanfinds the rulesfrom expertise

y= f(x)

? ?

LŦΧelseΧ

Predictionsystem

sender ortho sex Spam

1 1 1 yes

0 0 0 no

1 0 1 yes

features label



Machine learning: Training then Testing

x2

x1

x2

x1

1.training 2.Testing

y= f(   ) y= f(   )

dataset

ML model

?

/ŀǘŞƎƻǊƛŜΥ {ǇŀƳΣ CǊŀǳŘŜǳǊ ōŀƴŎŀƛǊŜΣ aŀƭŀŘƛŜΧ 



Prediction= findinga mathematicalpattern

Linear Non linear

complexity
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x2x2
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Machine Learning & Auto correction mechanism
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TraditionnalML: linearalgorithms

Linear/ logisticregression Support VectorMachine
SVM

x1

x2



TraditionnalML: DecisionTree
x2

x1

RandomForest (RF)

eXtremGradient Boosting(XGBoost)

µ

Ҫ
Decisiontree



Deep Learning

x1

x2

prediction

Neural network

x
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errors

truth

10 000 data points



Modèle Avantages techniques Limites Applicabilité clinique

XGBoost

- Excellente performance en 
régression et classification- Gère 
les données manquantes-
Rapide et interprétable (feature 
importance)

- Moins performant sur des 
données très petites- Peut 
surajuster sans régularisation

Très adapté à la prédiction 
ŘŜ ƭΩ!¦/ Ŝǘ ŘŜ ƭŀ ŘƻǎŜ ƛƴƛǘƛŀƭŜ Ł 
partir de peu de variables

Random Forest
- Stable et robuste face au bruit-
aƻƛƴǎ ǎŜƴǎƛōƭŜ Ł ƭΩƻǾŜǊŦƛǘǘƛƴƎ 
que XGBoost

- Moins précis que XGBoost dans 
des tâches complexes- Moins 
facilement interprétable

Bon choix pour les 
premières itérations de modèles 
cliniques

Réseaux de neurones
- Capable de modéliser des 
relations très complexes- Bon 
sur grands jeux de données

- « Boîte noire » difficile à 
expliquer-wƛǎǉǳŜ ŘΩƻǾŜǊŦƛǘǘƛƴƎ 
important- Long entraînement

Moins adapté à la pratique 
clinique sans système 
d'explication intégré

Modèles empilés
- Combine les forces de 
plusieurs algorithmes- Très 
performants

-/ƻƳǇƭŜȄŜǎ Ł ƳŜǘǘǊŜ Ŝƴ ǆǳǾǊŜ-
Peu transparents- Plus longs à 
entraîner et à valider

Potentiel fort pour outils 
automatisés, mais encore 
difficilement utilisables au lit du 
patient

Comparaison critique des modèles IA



Large LanguageModel: «stochasticparrots»

«¦ƴΣ ŘŜǳȄΣ ǘǊƻƛǎ Χ» « quatre, cinq, six»

ζǇŀǊǘŜȊΗη

« Soleil!»

User prompt

System prompt= context

LLM

« tu es un 
ƳŀǘƘŞƳŀǘƛŎƛŜƴΧη

P= 0.8

P= 0.15

tҐ лΦлр



ComparingML algo: Metrics

Resistant(+) Sensible (-)

R (+) TruePositive False positive

S (-) False negative TrueNegative

Truth

P
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ω F1 Score (harmonicmeanof precision & recall): >0.8: good

άōŀƭŀƴŎŜ resistantcases and false alarmsΚέ

ω PPV(Precision)

ω NPV

ω Sensitivity(Recall): ω {ǇŜŎƛŦƛŎƛǘȅ

άIƻǿ ǊŜƭƛŀōƭŜ isa positive/negativeresultΚέ

ω AccuracyΥ άoverallpredictionΚέ



Indicateur Effet moyen pondéré (IC 95%)

Aire sous la courbe (AUC) 72,3 [70,4 ς74,1]

Exactitude (Accuracy) 75,0 [73,4 ς76,6]

Sensibilité 76,9 [71,9 ς81,9]

Spécificité 73,8 [67,9 ς79,7]

Valeur prédictive négative 79,9 [76,5 ς83,3]

Valeur prédictive positive 69,4 [60,2 ς78,6]

Les modèles de machine learningont montré 
une bonne performance globale :



AMR prediction: 4 examples

Données épidemio-clinico-bio Examen direct Cultures LŘŜƴǘƛŦƛŎŀǘƛƻƴLiquide biologique

<1d <5d <1d

#1: Epidemio

#3 Maldi-TOF

GenomicІн LƳŀƎƛƴƎ
surveillance

BK
acinetobacter
Χ

Antibiogramme

Vitek, phoenix

<48h

Betalactatest

GeneXpert, BioFire

Іп !{¢



ML article readingguidelines

Key findings

= f    (   )
label

Å Expert system
Å ML
Å deepLearning
Å LLM

Features



Exemple #1: Epidemiologicaldata
όǳǊƛƴŜǎύ

(gram negativerod)

(enterobacteria)

(Escherichia coli)



#1 Objective & Methods

AMR predictionfor: Å 2014- 2020, Hôpital 
Européen Marseille

Å 13,166 patients 30,975 
antibiograms

Å Historicalbacterial
ecology, Stage, Ward, 
BMR pasthistory, 
period

Bayes/frequencybasedinference

Logisticregression

Randomforest
XGBoost
ADA, GBS

Neural network

Ŧ  ό   ύ

Abcès
hémoc

Pulm
ECBU

pyo

E. faecalis

KP

{!

E. coli12 species

22 ATB



#1 Key findings

Å Predictionquality improvewith stage of analysis
Å Bayesianand neural net win the competition

Model
Stage 1 

"sampling"
Stage 2 
"Direct"

Stage 3 
"Culture"

Stage 4 
"Species"

Overall mean

All isolates of the 2020 validation 
dataset

BAY 0.677 0.782 0.861 0.918 0.809

NN 0.693 0.811 0.875 0.915 0.823

FRQ 0.672 0.785 0.856 0.893 0.802

XGB 0.677 0.769 0.847 0.912 0.801

GBS 0.523 0.647 0.712 0.827 0.677

ADA 0.530 0.649 0.725 0.823 0.682

BAG 0.525 0.656 0.728 0.833 0.686

RF 0.529 0.658 0.725 0.828 0.685

LR 0.522 0.617 0.627 0.672 0.610

Overall mean 0.594 0.708 0.773 0.847 0.731 



#1 ExplainableAI? C3G S prediction

BGN 

нΦ5ƛǊŜŎǘ 9ȄŀƳƛƴŀǘƛƻƴ

SensibilitéRésistance

Récidive de PNA 
avec portage 
BLSE

1.Sampling 3.Cultures 4.MALDI_TOF



ExempIe#2: Imaging data

Tuan-Anh Tran, Nat Commun, 2024 Jun

https://pubmed.ncbi.nlm.nih.gov/?term=%22Tran%20TA%22%5BAuthor%5D


AMR predictionfor:

/cipro

4 S. Typhimuriumisolates
4 C° of ciprofloxacin24h
1681 High-content imaging(HCI): 

65 features:
morphological, intensity, and texture 
featuresfor eachindividualbacterial
cell

Bayes

KNN
SVM
RandomForest
CatBoost

Neural network

#2: Objective & Methods

Tuan-Anh Tran, Nat Commun, 2024 Jun

f  (   )

Salmonellatyphi

/ƛǇǊƻŦƭƻȄŀŎƛƴ

https://pubmed.ncbi.nlm.nih.gov/?term=%22Tran%20TA%22%5BAuthor%5D


#2: Workflow



ÅMachine learning classifiers can distinguish between

ciprofloxacin susceptible and resistant isolates without

ciprofloxacin exposure

Å Neural network win

Mécanistic hypothesis :
DNA gyrase mutations may interact with other cellular 
pathways, which ultimately impact directly on cellular 
morphology.

#2 Key findings



Exemple #3: proteomicdata from MALDI-TOF



#3 MALDI_TOF & AMR prediction

Differentialmass spectrometry
profiles for CIP resistancein 
Klebsiella pneumoniae. 

.

ƳκȊΥ ƳŀǎǎπǘƻπŎƘŀǊƎŜ



AMR Predictionfor: January2021 to December2023
4 hospitalsTaipei city
11,996 KP isolates.

MALDI-TOF Mass spectrometryprofiles
~ 15 000 features

Logisticregression.
LDA: lineardiscriminant 
analysis.

Randomforest.
XGBoost
GBC: gradient boosting
classifier.
LGBM: light gradient boosting
machine.

#3 Objective and Methods

J Med Internet Res. 2024 Nov

f  (   )

Klebsiella pneumoniae

/ƛǇǊƻŦƭƻȄŀŎƛƴκ[ŜǾƻ



#3 Key findings
LevofloxacinresistancepredictionROC curve

RandomForest and XGBoostachievedthe best perfomances



#4 LLM& AST interpretation



#4 LLM & AST interpretation



Quality Data cleaning(#1) No ClinicalATB data
No Deep learning(#3)

Feasibilty #1, #3, #4 #2

Explainability #1, #3, #4 (SHAP) #2

Relevance Fast prediction: #1>#2>#3
Numberspecies/ATB (#1, #4)

#4>WGS (5d)
Limited to species/ATB (#2, #3)

Pros & Cons
#1: epidemio4 stages
#2: imaging
#3: MALDI TOF
#4 AST interpretation



Problème /ƻƴǎŞǉǳŜƴŎŜǎ Solutions envisagées

5ƻƴƴŞŜǎ ŘΩŜƴǘǊŀƞƴŜƳŜƴǘ ǇŜǳ 
représentatives

Risque de biais (ex. patients âgés, 
multi-comorbidités, contextes à 
faibles ressources)

Développement de jeux de données 
multicentriques et multiethniques

aŀƴǉǳŜ ŘΩŜȄǇƭƛŎŀōƛƭƛǘŞ όǎǳǊǘƻǳǘ 
pour NN)

Difficulté pour les cliniciens de faire 
confiance aux recommandations

Intégration de méthodes 
explicatives (SHAP, LIME, arbres de 
décision)

Intégration technique difficile
aŀƴǉǳŜ ŘΩƛƴǘŜǊƻǇŞǊŀōƛƭƛǘŞ ŀǾŜŎ ƭŜǎ 
logiciels hospitaliers (ex. DPI, LIMS)

Normalisation des formats, API 
universelles

Validation prospective limitée

Données souvent issues de 
simulations ou de bases 
rétrospectives, faible validation 
clinique

Essais randomisés en vraie vie, 
validation externe systématique

CǊŜƛƴǎ ŀŎǘǳŜƭǎ Ł ƭŀ ƳƛǎŜ Ŝƴ ǆǳǾǊŜ ŎƭƛƴƛǉǳŜ



2000- 2024. 
Observational, cohort, or retrospectivestudies
focusingon the application of AI/ML in AMS. 

3,458 retrievedarticles
80 studiesmet the inclusion criteria. 

ÅAUC [ES: 72.28 (70.42-74.14)]
Åaccuracy[ES: 74.97 (73.35-76.58)]
Åsensitivity[ES: 76.89; (71.90-81.89)]
Åspecificity[ES: 73.77; (67.87-79.67)]
ÅNPV [ES:79.92 (76.54-83.31)]
ÅPPV [ES: 69.41 (60.19-78.63)]

ES: meanpooledeffect size (ES)

EurJ Clin Microbiol Infect Dis2025

Artificial intelligence in antimicrobial stewardship: a 
systematic review and meta-analysis of predictive
performance and diagnostic accuracy



Conclusion: 
[ΩL! ǇŜǳǘ ŜƭƭŜ ǇǊŞŘƛǊŜ ƭΩŀƴǘƛōƛƻǊŞǎƛǎǘŀƴŎŜΚ
Å[ΩL! ǇŜǳǘ toutǇǊŞŘƛǊŜ ΧΦ ǎƛ ŀŎŎŝǎ Ł ōƛƎ Řŀǘŀ

ÅPertinence?
ÅSanté animale > humaine | Ville & Hôpital | aide à prescription> 

aide à prédiction
Å¢ƛƳƛƴƎ ҈ ǇǊŜǎŎǊƛǇǘƛƻƴ ŘΩŀƴǘƛōƛƻǘƛǉǳŜΚ 

Å+++ si épargne prescription antibiotique

Å++ si épargne large spectre

Å+ si gain 24 heures désescalade

ÅFaisabilité:
ÅLégale et politique: RGPD & DPI et accès données patients
ÅTechnique: «databasesŘƻƴΩǘtravel». Combien de data scientist

spécialisés en IA dans vos hôpitaux?

ÅAcceptabilité:
ÅEffet black box IA



Bravo et Merci!
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Deathsattributable to AMR by pathogen, 
global, 1990ς2021

Global burdenof bacterialantimicrobialresistance1990ς2021: a systematicanalysiswith forecaststo 2050, Lancet 2024

> 5 ans

< 5 ans
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Chatbot VeganAide à prescription

SHALe topic! Drug discovery

Usingdigital healthtechnologies to optimise antimicrobialuse globally.Thelancetdigital health2024

Chatbot

Aide à prescription

Drug discovery



DifferentML flavours

x1

x2

x1

x2

x1

x2

Regression Decisiontree deeplearning

Use case Structureddata Structureddata Text, image, sound

Featuresextraction Manual Manual Automated

Performance + ++ +++

Explainability +++ ++ +

Data points 100 1000 10 000

Overfitting risk + ++ +++



Overfittingconcept

overfitting Right fit Underfiting

Classification

Regression



#1 Pros & Cons

Quality Data curation steps Demographics, ATCD & 
historyof antibiotic ttt

Feasibilty Simple (historical
laboratorydata)

Bayesianmodel update 
difficult

Explainability Yes 

Relevance Stages of prediction
Multi pathogens/antibio



Quality

Feasibilty Complexand expensive

Explainability ΨǿƘƛǘŜ-ōƻȄΩ ƳŀŎƘƛƴŜ 
learningclassifiers

Relevance No needfor antibiotic
exposure
Earlierthan rapidAST

Salmonella typhi only
Extrapolation to other BGN?

#2 Pros & Cons



Quality No Deep learning
No clinicalor epidemiodata

Feasibilty ++

Explainability no

Relevance 1-2 daysgain of AMR 
predictioncompare to 
traditional AST

Limited to KP, CIP and LEV

#3 Pros & Cons



Exemple # 4: genomicdata

Visualization of isolate identification from
detectedgeneticinformation, lineageand DST.



objective data

Tuberculosisdrugresistancefrom
genomesequencedata using
traditional machine learning
algorithmsand CNN

#4: Objective & Methods

10,575 MTB isolatesfrom sequence
read archive database:
WGS
282 featuresselected

rpoB.S450L
katG.T463L
Χ

phenotypic drug susceptibility test 
(DST) data from CRyPTIC
Consortium and the 100,000 
Genomesproject in an excelfile

Accurate and rapid prediction of tuberculosis drug resistance from genome sequence data using traditional machine learning algorithms and CNN, Scientific Reports, 2022

RandomForest
Logistic regression
CNN
MyKrobe

https://www.nature.com/srep


ÅDeep learning(CNN) 
first> expert system 
(Mykrobe)

ÅNo ROC AUC

ÅLimited to TB resistance
surveillance>clinical
practice

#4 Key findings, implication & limits



trash



Randomforestspacesplitting



Randomforest

(A) A simpledecision treemodel that dividesa datasetinto three classes basedon two features. (B) Schematic
diagramof randomforestalgorithm.

https://www.sciencedirect.com/topics/biochemistry-genetics-and-molecular-biology/decision-trees


Support VectorMachine

Fig. 2.A simplesupport vector machinethat dividesa dataset
into two classes

A reviewof artificial intelligence applications for antimicrobialresistance, Biosafety and Health, February2021

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/support-vector-machine
https://www.sciencedirect.com/journal/biosafety-and-health


One Health





(e.g. urines)

(e.g. Gram-negative rod)

(e.g. Enterobacteria)

(e.g. Escherichia coli)

(e.g. Ceftriaxone resistance)

Stage 1 : specimen sampling

Stage 2 : direct examination

Stage 3 : positive culture examination

Stage 4 : species identification

Stage 5 : antibiogram

0-1 day

0-5 days

0-1 days

1-2 days





AMR predictionbest timing?



AMR prediction: un marché en expansion

Données épidémio Données clinico-bio Examen direct Cultures Identification AntibiogrammeLiquide biologique

0-1dJ0 0-5d 0-1d 1-2d

Antibiothérapie probabiliste Désescalade

J-x

Vitek, phoenixbetalactatest GeneXpert, BioFire





Exemple: XXX

objective data ML algorithm



objective data

Predictionof  antibiotic resistanceat 
4 different stages prior to the 
antibiogramfrom historicalbacterial
ecologydata

Exemple: epidemiologicaldata

(e.g. urines)

(e.g. Gram-negative rod)

(e.g. Enterobacteria)

(e.g. Escherichia coli)

(e.g. Ceftriaxone resistance)

Stage 1 : specimen sampling

Stage 2 : direct examination

Stage 3 : positive culture examination

Stage 4 : species identification

Stage 5 : antibiogram

0-1 day

0-5 days

0-1 days

1-2 days

30,975 antibiograms

Ward, BMR past history, date

Antibiotic sensitivity
testing
VITEK®2 system 
(bioMérieuxFrance) or 
diffusion techniques

Jan2014 to Dec2020, 
Hôpital Européen Marseille . 
13,166 patients from 6 
different types of wards. 

Emergency room (25%), 
critical care (24%), surgery
(20%) or medicine (19%). 

urine (41%), lower
respiratory tract (23%), blood
(14%) or abscesses(12%) 

Escherichia 
coli (29%), Staphylococcus 
aureus(12%), Klebsiella 



Exemple: XXX

Key findings Clinicalimplications Limits



Epidemiologicaldata: Key findings



Expert system Machine Learning

Data+label
mail

Non spam

Spam

MachineLearnpattern from data

Humanfinds the rulesfrom expertise

y= f(x)

spam
Non spam

? ?

LŦΧelseΧ

Predictionsystem



Expert system 
Machine Learning

Machinelearnspattern from data 
during training

Humanfinds the rulesfrom data
duringpastexperiences

y= f(x)

? ?

LŦΧelseΧ

mail

Non spam

Spam

Prediction

T
ra

in
in

g
E

xp
e

ri
e
n

ce

Data + label



Expert system Machine Learning

Machinelearnspattern from data 
during training

Humanfinds the rulesfrom data
duringpastexperiences

y= f(x)

? ?

LŦΧelseΧ
T

ra
in

in
g

E
xp

e
ri
e
n

ce

Data + label

New mail

Non spamSpam

Prediction

87%



Épidémiologie Marseillaise



WHO: Les pathogènes prioritaires



Hémoculture positive

1

6

BactŞriesGram -
Complexe Acinetobacter 

calcoaceticus- baumannii 

Bacteroides fragilis

Enterobacterales 

Enterobacter cloacae cp. 

Escherichia coli 

Klebsiella aerogenes 

Klebsiella oxytoca

Groupe Klebsiella pneumoniae

Proteus

Salmonella

Serratia marcescens 

Haemophilus influenzae 

Neisseria meningitidis 

Pseudomonas aeruginosa
Levures

Candida albicans 

Candida auris 

Candida glabrata 

Candida krusei 

Candida parapsilosis 

Candida tropicalis

Cryptococcus neoformans/gattii

BactŞriesGram +
Enterococcus faecalis 

Enterococcus faecium 

Listeria monocytogenes 

Staphylococcus 

Staphylococcus aureus 

Staphylococcus epidermidis

Staphylococcus lugdunensis

Streptococcus 

Streptococcus agalactiae 

Streptococcus pneumoniae 

Streptococcus pyogenes

BioFire Blood Culture IDentification 2 (BCID2) Panel

Type dô®chantillon: h®moculture positive (200ɛL)

Stenotrophomonas maltophilia

Gŝnes de 
rŞsistance aux 
antibiotiques

Carbap®n®mases

IMP 

KPC 

NDM

OXA-48-like

VIM

R®sistance l̈a colistine

mcr-1

BLSE

CTX-M

R®sistance l̈a m®ticilline

mecA/C

mecA/C et MREJ (SARM)

R®sistance l̈a vancomycine

vanA/B

Nouvelles cibles sur BioFire BCID2 Panel 

Identification sp®cifique sur BioFire BCID2 Panel

1 test

43 cibles

1h15



Discussion microbiologiste

ÅHémoculture positive

ÅgenXpert30-плϵ ғнƘΥ {! Ǿǎ Scoagneg? MetiR? Carbapénemase? BK? 
RpoB?

ÅBetalactatest (4-5h): BLSE (y compris carbapenemase). Pas ampC

Å!ƴǘƛōƛƻƎǊŀƳƳŜ ǊŀǇƛŘŜ ǇƻǳǊ ƘŞƳƻŎǳƭǘǳǊŜǎΥ рлϵ όғр-7h)

ÅFilmARRAYмнлϵ ғнƘΥ t/w ƳǳƭǘƛǇƭŜȄΣ ƛŘŜƴǘƛŦƛŎŀǘƛƻƴΣ resistance(SARM, 
BLSE, AmpC, carbapenemase) 



En France, en 2023

Densit® dôincidence pour 1 000 JH en 

établissement de santé

E coli BLSE KP BLSE

SARM

Mission SPARES. Résultats 2023

SARM


