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Enterobacterales

@ carbapenem-resistant

Enterobacterales

third-generation
cephalosporin-resistant

Acinetobacter
baumannii
carbapenem-resistant

Mycobacterium
tuberculosis,
L rifampicin-

resistant®

*RR-TB was included after
an independent analysis
with parallel criteria and
subsequent application of
an adapted MCDA matrix.
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Drugdiscovery
systems technology

Accelerating antimicrobial peptide design:
Leveraging deep learning for rapid discovery

Ahmad M Al-Omari 7, Yazan H Akkam 2, Ala'a Zyout ', Shayma'a Younis 1, Shefa M Tawalbeh 7,
Khaled Al-Sawalmeh 2, Amjed Al Fahoum 1, Jonathan Arnold 4

Aide a prescription
> Clin Infect Dis. 2024 Apr 10,78(4):825-832. doi: 10.1093/cid/ciad632.

Human
behaviour

Can Chatbot Artificial Intelligence Replace Infectious
Diseases Physicians in the Management of
Bloodstream Infections? A Prospective Cohort Study

Optimised
antibiotic
prescribing

Alexis Maillard 7, Giulia Micheli ' 2, Leila Lefevre 7, Cécile Guyonnet & 4, Claire Poyart 3 4,
Etienne Canoui ', Martin Belan ' 8, Caroline Charlier 1 5 € 7

Chatbot

> Nature. 2024 Jan;625(7996):643-644. doi: 10.1038/d41586-024-00099-4.

Pha' macodynam'e

PMID: 38216763 DOI: 10.1038/d41586-024-00099-4

Usingdigital healthtechnologies to optimisantimicrobialusegloballyThelancetdigital health2024

Electronic
health
records

Google Al has better bedside manner than human vy
doctors - and makes better diagnoses

Mariana Lenharo



Artificialintelligence (Al)

m IA =branchof computersciencethat aimsto create
systemscapable operformingtasksthat typically

requirehumanintelligence»
Applications problemsolving decisiormaking

!'I' ( perception,understandinghaturallanguag&
Artificial Intelligence
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Natural Language Processing (NLP) Computer Vision
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Artificialintelligence (Al)

Wl

B
LS

Artificial Intelligence

|
I 1 1

Machine Learning (ML) Natural Language Processing (NLP) Computer Vision

. Manufacturing optimisation etc
() 7
=

L

$I™

YA

Robotics &

Supervised ) Speech Text
. Unsupervised
Learning

. Learning -
(Deep Learning, .
Decision Trees) (Clustering)

Prediction



Expert system Machine Learning
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Humanfinds the rulesfrom expertise
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MachinelLearnpattern from data



Machinelearning Traininghen Testing
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Machine Learning & Auto correctiorechanism
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TraditionnaML:linearalgorithms SOt

Linear Regression

Linearlogisticregression

X:Z. .I. ]
o | H
g H
x1

SupportVectorMachine
SVM
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Comparaison critique des modeles IA

Modele

XGBoost

Random Forest

Réseaux de neurones

Modeles empilés

Avantages techniques Limites Applicabilité clinique

- Excellente performance en

réegression et classificatieere - Moins performant sur des Trés adapte a la prédiction
les données manquantes données trés petitesPeut RS tQr!'/ SiG RS
Rapide et interprétable (feature surajuster sans régularisation partir de peu de variables
importance)

- Stable et robuste face au bruit- Moins précis que XGBoost da Bon choix pour les
azAya asSyaAot Sdestaches complexeMoins premieres itérations de modéle
gue XGBoost facilement interprétable cliniques

- Capable de modéliser des - « Boite noire » difficile a Moins adapté a la pratique
relations trées complexedon expliguerw A a |j dzS R Q 2 dirididfsang systeyhé
sur grands jeux de données  important- Long entrainement d'explication intégre

- Combine les forces de -/ 2YLX SESa tieldo }) POyt IR B
: : . 3 auto atisés, mais encore
plusieurs algorithmesTlres Peu transparentsPlus Iongs

difficilement utilisables au lit du
performants entrainer et a valider patient
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ComparingL algoMetrics
iTruth

Resistant(+) Sensible {) a1 2 ¢ Nibdphsitiehe§ativeresultk €
E R (+)| TruePositive False positive wPPV(Precision
[S)
%
= | S§ | Falsenegative TrueNegative
O wNPV 1oc.lpe?srgﬁ‘?etr ROC curve

wSensitivityRecal): «w{ LISOA FA OA ( &

True positive rate

wAccuracy overallpredictiorK €

wF1 Scorefarmonicmeanof precisian & recall): >0.8: good
G o | f desfs@rficases and falsalarmK ¢

False positive rate



Les modeles de machifgarningont montre
une bonne performance globale :

Indicateur Effet moyen pondéré (IC 95%)
Aire sous la courbe (AUC) 72,3 [70,4c 74,1]
Exactitude (Accuracy) 75,0 [73,4¢ 76,6]
Sensibilité 76,9 [71,9% 81,9]
Spécificite 73,8 [67,9¢ 79,7]
Valeur prédictive négative 79,9 [76,5¢ 83,3]

Valeur preédictive positive 69,4 [60,2¢ 78,6]



AMRprediction 4 examples

GeneXpertBioFire
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ML articlereadingguidelines

Feétures ) Keyflndlngs

label

Perfect
’ Oclassmer ROC curve

A Expert system
A ML
A deepLearning
A LLM

True positive rate

False positive rate



Exemple #1Epidemiologicaiata

A All isolates (ref)

All isolates - .
s 1

Gram-negative rods —.
Gram-positive cocci -
Gram-positive rods -

biréc't types'(R'M'SD‘

Enterobacteriaceae-like Gram-negative bacteria-|
Staphylococcus-like Gram-positive cocci
Non-fermentative Gram-negative rods
Enterococcus-like Gram positive cocci-}
Streptococcus-like Gram-posi
Unspecified Gram-negative rods -
Anaerobic bacteria -

Gram-positive rods - Ik

Escherichia coli -
Staphylococcus aureus
Klebsiella pneumoniae

Enterococcus faecalis
Pseudomonas aeruginosa

Proteus mirabilis -

Haemophilus influenzae -
Enterobacter cloacae ssp cloacae
Klebsiella aerogenes
Streptococcus agalactiae
Stenotrophomonas maltophilia
Klebsiella oxytoca
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#1 Objective & Methods
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AMRpredictionfor:
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2 % Klebsiella MRiae

E..coli.

12 species
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A 2014 2020, Hopital
Européen Marseille
A 13,166 patients 30,975
antibiograms

A Historicalbacterial
ecology Stage, Ward,
BMRpasthistory,
period

Bayesfrequencybasedinference
Logistiaregression
Randomforest

XGBoost

ADA, GBS

Neural network




True Positive Rate

True Positive Rate

#1 Keyindings

Stage 1:

—— BAY Mean ROC (AUC = 0.677 + 0.07)
=+ NN Mean ROC (AUC = 0.693 + 0.06)

Sampling

FRQ Mean ROC (AUC = 0.672 + 0.06)
XGB Mean ROC (AUC = 0.677 + 0.07)
GBS Mean ROC (AUC = 0.523 = 0.03)
ADA Mean ROC (AUC = 0.530 + 0.03)
BAG Mean ROC (AUC = 0.525 + 0.03)
RF Mean ROC (AUC = 0.529  0.03)

LR Mean ROC (AUC = 0.522 + 0.03)

False Positive Rate

—— BAY Mean ROC (AUC = 0.861 = 0.09)
===+ NN Mean ROC (AUC = 0.875 + 0.08)

FRQ Mean ROC (AUC = 0.856 + 0.09)
XGB Mean ROC (AUC = 0.847 + 0.09)
GBS Mean ROC (AUC = 0712 % 0.17)
ADA Mean ROC (AUC = 0.725 + 0.16)
BAG Mean ROC (AUC = 0.728 + 0.16)
RF Mean ROC (AUC = 0.725 + 0.16)

= LR Mean ROC (AUC = 0.627 + 0.15)

Falsé Positive Rate

True Positive Rate

True Positive Rate

Stage 2: Direct

—— BAY Mean ROC (AUC = 0.782 + 0.10)
===+ NN Mean ROC (AUC = 0.811 + 0.09)
== FRQ Mean ROC (AUC = 0.785 * 0.10)
XGB Mean ROC (AUC = 0.769 + 0.10)
GBS Mean ROC (AUC = 0.647 + 0.14)
ADA Mean ROC (AUC = 0.649 + 0.14)
BAG Mean ROC (AUC = 0.656 + 0.14)
RF Mean ROC (AUC = 0.658 = 0.14)
—— LR Mean ROC (AUC = 0.617 + 0.14)

False Positive Rate

Stage 4: Species

BAY Mean ROC (AUC = 0.918 + 0.06)
=+ NN Mean ROC (AUC = 0.915 =+ 0.06)

—'= FRQ Mean ROC (AUC = 0.893 + 0.07)

XGB Mean ROC (AUC = 0.912 + 0.07)

GBS Mean ROC (AUC = 0.827 + 0.10)

ADA Mean ROC (AUC = 0.823 + 0.10)

~ BAG Mean ROC (AUC = 0.833 + 0.10)
RF Mean ROC (AUC = 0.828 + 0.11)
= LR Mean ROC (AUC = 0.672 + 0.16)

False Positive Rate

9}

A Predictionquality improvewith stage ofanalysis
A Bayesiamand neural netwin the competition

Model

Stage 1
"sampling"

Stage 2
"Direct"

Stage 3
"Culture"

Stage 4
"Species”

All isolates of the 2020 validation

datacat

Overall mear

BAY
NN

0.677
0.692

0.782
0.811

0.861
0.87¢

0.91¢
0.91¢

0.80¢
0.82:

FRO
XGB
GBS
ADA
BAG
RF
LR

Overall mear

0.67z
0.677
0.522
0.53C
0.52¢
0.52¢
0.522

0.594

0.78c
0.76€
0.647
0.64¢
0.65¢€
0.65¢€
0.617

0.70¢€

0.85¢€
0.847
0.71z
0.72¢
0.72¢
0.72¢
0.627

0.77z

0.89¢
0.912
0.827
0.82z
0.83¢
0.82¢
0.67z

0.847

0.80¢
0.801
0.677
0.682
0.68¢
0.68%
0.61C

0.731



#1 Explainablé\l? C3G Srediction == m=

RésistanceSensibilité

BGN

Récidive de PNA | (D) Stage 2 predicted susceptibility (n=128|):

avec portage NN, 22% BAY, 22%

BLSE o0 =0 02 SRT:
MDR 027 0.21
Ward —0.07 E
Date —r:.o;‘ 1.10
Sample ’—o 1.02
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Exemplet2 Imaging data
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https://pubmed.ncbi.nlm.nih.gov/?term=%22Tran%20TA%22%5BAuthor%5D

#2:. Objective & Methods

y

L

T ()

AMRpredictionfor:

Salmonellatyphi

©

| ALINPFf 2El OAY

4 S.Typhimuriumisolates Bayes

4 C of ciprofloxacin24h

1681 Highcontentimaging(HCI): KNN
SVM
RandomForest
CatBoost

65features

morphologicalintensity, and texture
featuresfor eachindividualbacterial

cell

Neural network

Tuan-Anh Tran, Nat Commun, 2024 Jun



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

#2: Workflow

/ +/- treatment

—

/u \\v
/
o L 2
Prepare and incubate Transfer bacteria to imaging Image on high content imaging
bacterial culture plate and fluorescently stain platform (e.g. Opera Phenix) at

highest resolution

o0 . -HEF

Binary output of susceptible Apply machine learning Automated imaging analysis to extract
or non-susceptible bacteria algorithm to differentiate bacterial measurements of interest
bacterial isolates

%&#E — S e

Test and validate ML Choose top features to Collect requisite image parameters for

Test experimental and analysis pipelines

algorithm on imaging data distinguish susceptible isolates of interest and determine
of multiple clinical isolates and resistant bacteria susceptibility

Validate results and choose relevant features Apply broadly to bacteria of interest



#2 Keyindings

|
' |

BUAK ALY

vvvvv

= 19944 W"? i1 |

W Navwve Bayes B S5VM CatSoost
B KNN B Random loresa Newrad network

Test set

Accura Sensiti Specifi Precisi F1
Method cy vity city on score AUC

Naive 0.74+0 0.63+0 0.87+0 0.85+0 0.69+0 0.91+0

Bayes 13 24 .15 .15 .20 .10
0.81+0 0.74+0 0.88+0 0.88+0 0.78+0 0.91+0
KNN 11 .20 A1 12 15 .08
0.81+0 0.78+0 0.84+0 0.85+0 0.81+0 0.92+0
SVM .09 14 12 A1 A1 .09
Random 0.74+0 0.99+0 0.46+0 0.68+0 0.80+0 0.92%0
forest .09 .03 .18 .10 .07 .07

0.68+0 1.00+0 0.32+0 0.63+0 0.77+0 0.88+0
CatBoost 09 02 16 0} N6 [0}

Neural 0.87+0 0.87+0 0.88+0 0.90+0 0.87+0 0.91+0
network .08 12 12 .10 .08 .07

A Machine learning classifiers can distinguish between

ciprofloxacin susceptible and resistant isolates without
ciprofloxacin exposure
Neural network win

Mécanistic hypothesis :

DNA gyrase mutationgnay interact with other cellular
pathways, which ultimately impact directly on cellular
morphology.



Exemple #3oroteomicdatafrom MALDITOF

|
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Result (spectrum)

Flight tube

Laser

Crystallised matrix
with analytes

>—> —>

Separation: TOF
(no electric field)

Acceleration
(electrostatic field)

A Matrix-assisted
laser desorption
ionization
(MALDI)

Detection ’

ik ﬂ\f\‘\ \ P _4,__‘\_,_/

MJLJ@

Pantoea agglomerans

b
’ | ! Acinetobacter lwoffi
G || — -

Raoufltella ornithinolytica

Escherichia coli

'4.000

8.000




Average intensity

0.2

0.0

#3 MALDI_TOF & ANdRediction

—— CIP resistant
—— CIP susceptible

Differentialmassspectrometry
orofiles for CIFPesistancan
Klebsiellgpneumoniae

2500 5000 7500 10000 12500 15000 17500 20000

Yk i Y o kalaNg S



#3 ODbjective and Methods
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AMRPredictionfor:

Klebsiellapneumoniae

©

/| ALINR T § @2 OA Y

January2021 toDecember2023
4 hospitalsTaipei city
11,996 KRsolates

— CIP resistant
ssssssssssssss

A
1e9
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08
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£
Y |
® 04 ‘ |
g \‘
g
<
) L‘.y ‘
b0 " lmhh 1l
0 10000 125

| |
|
il
5000 750¢

MALDITOF Maéépectrometryprofiles
~15 00OCfeatures

Logisticregression
LDAlineardiscriminant
analysis

Randomnforest

XGBoost

GBC: gradiertoosting
classifier.

LGBM: light gradierttoosting
machine.

J Med Internet Res. 2024 Nov



#3 Keyindings

True positive rate

True positive rate

1.0
0.8
0.6
0.4
—— RF (area = 0.95)
| GBC (area = 0.95)
0.24/ —— LGBM (area = 0.94)
R || —— XGBoost (area = 0.94)
| AdaBoost (area = 0.89)
P — LR (area = 0.73)
LDA (area = 0.69)
0.0+
%. 0.2 0.4 0.6 0.8 1.0
False positive rate
1.0 —— —
7 //
0.8
0.6
0.4
~—— RF (area = 0.95)
/ GBC (area = 0.95)
0.2 | ~— XGBoost (area = 0.93)
N — LGBM (area = 0.92)
—— AdaBoost (area = 0.90)
399 - LR (area = 0.73)
7~ LDA (area = 0.68)
0.0
%, 0.2 0.4 0.6 0.8 1.0

False positive rate

Levofloxacimresistanceprediction

9

Models Training AUC? Testing AUC Accuracy Sensitivity Specificity PPVP NPV® Fy-score
RFd 0.99 0.95 0.86 0.89 0.82 0.86 0.86 0.87
GBC® 0.99 0.95 0.87 0.88 0.86 0.89 0.85 0.88
XGBoost 0.99 0.93 0.85 0.86 0.85 0.87 0.83 0.86
LGBMf 0.99 0.92 0.85 0.84 0.85 0.87 0.82 0.86
AdaBoost 0.99 0.90 0.85 0.85 0.84 0.87 0.83 0.86
LR® 0.77 0.73 0.66 0.74 0.57 0.68 0.64 0.70
LDAR 0.72 0.68 0.64 0.81 0.43 0.63 0.65 0.71

RandomForest andXGBoosachievedhe bestperfomances



#4 LLM& ASTinterpretation

Step 3: Within model testing. Step 5: Standardized prompting.
@ O pe n AI Checked with few examples. Ask for:
) Improving rules for obvious (i) Interpretation of image and table;
Step 1: Generathn of a GPT mistakes e.g. list of species with (i) Provide output table with 4 categories:
powered generative Al agent. chromosomal AmpC. “None”, “ESBL”, “AmpC”, and
“Carbapenemase”;
(iii) recommended confirmation;
@ {} (iv) and short argumentation text.

L4

EUCAST GPT Expert
Expert on EUCAST standards and general

Step 5: Output analysis

@ FUCASTaPTExpert Arqumentaton

antimicrobial susceptibility

U

measurement circles.

AT

Using document from EUCAST.org

- i + Table with )
] E)L(JpCe/::tSLZ;eakpomt table v13.1 measured inhibition zones Step 6: Calculation of output performance

e.g., sensitivity and specificity.




#4 LLM & ASnterpretation

TABLE 1 Sensitivity and specificity of human experts and the customized EUCAST-GPT-expert

Human experts? EUCAST-GPT-expert?

ESBL

Sensitivity 98.0% (91.8-100) | 95.4% (94.5-96.3)

Specificity 99.1% (97.1-100) 69.2% (63.8-85.7)
AmpC

Sensitivity 96.8% (93.3-100) | 96.9% (87.5-96.9)

Specificity 97.1% (95.9-97.7) 86.3% (84.1-91.8)
Carbapenemases

Sensitivity 95.5% (90.9-100) | 100% (90.9-100)

Specificity 98.5% (98.5-98.5) 98.8% (98.8-98.8)



#1:epidemio4 stages

Pros & CoNnSs: maioi o

#4 ASTnterpretation

v

Quality Datacleaning(#1) No ClinicalATB data
No Deedearning(#3)

Feasibilty #1, #3, #4 #2

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

Relevance Fastprediction #1>#2>#3 #4>WGS (5d)

NumberspeciefATB (#1, #4)

Limited tospeciesATB (#2, #3)




CNBAYA |OGdzSfa t fI

Probléme | 2y aSldzSyO0Sa Solutions envisagées

Risque de biais (ex. patients ages
multi-comorbidités, contextes a
faibles ressources)

52yySSa RQSY(NF |
représentatives

Développement de jeux de donné
multicentriques et multiethniques

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

al y1jdzS§ RQSELIX A OlDifficulté pour les cliniciens de fair
pour NN) confiance aux recommandations

al y1jdzS RQAYUSNZR2 Normalisation des formats, API

Intégration technique difficile logiciels hospitaliers (ex. DPI, LIM universelles

Données souvent issues de

simulations ou de bases Essais randomisés en vraie vie,
retrospectives, faible validation  validation externe systematique
clinigue

Validation prospective limitee



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

¢

2000 2024.

Observationglcohort, orretrospectivestudies
focusingon the application of Al/ML in AMS.

3,458retrievedarticles
80 studiesmet the inclusiorcriteria.

A AUC [ES: 72.28 (70-43.14)]

A accuracyES: 74.97 (73.356.58)]
A sensitivity[ES: 76.89; (71.981.89)]
A specificity[ES: 73.77; (67.879.67)]
A NPV [ES:79.92 (7688.31)]

A PPV [ES: 69.41 (60-19.63)]

ESmeanpooledeffectsize (ES)

EurJ ClinrMicrobiol Infect Dis2025



Conclusion:
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[ QL ! LIS dzi ffS LINBRAI
A[ QL ! todtJINHRANE Xd aAir I O¢C . R
. hy Doctors need to learn
APertinence? o dence
A Santé animale > humaine | Ville & Hopital | aide & prescription> LI S
aide a prédiction I
ACAYAY3 22 LINBAONRLIGAZY RQlF YUOA« » Y8
A +++ si épargne prescription antibiotique e n E.'h 2

A ++ si épargne large spectre
A + si gain 24 heures désescalade

AFaisabilité:
A Légale et politique: RGPD & DPI et accés données patients

A Technique: «latabaseR 2 yir&él». Combien de datacientist
spéecialisés en IA dans vos hopitaux?

AAcceptabilité:
A Effet black box IA




Bravo et Mercl!
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1 9 90 Enterobacterales
carbapenem-resistant

Enterobacterales

third-generation
cephalosporin-resistant

DeathNJ 1 Sa LJSNJ
attributable to AMR
M -3 CJ18to <21

Bl 3to<6 1 21to <24 Acinetobacter

6to<9 M 24to<27 @B | sovmomi
carbapenem-resistant

C9to<12 Ml 27to<30 ’

CJ12to<15 WM =30 :
Mycobacterium
CJ15to <18 @ tuberculosis,
L rifampicin-
resistant®

*RR-TB was included after
an independent analysis
with parallel criteria and
subsequent application of
an adapted MCDA matrix.

2021
1 M/an

balkans

2050
2 M/an

GBD 202RAntimicrobialResistancé€ollaboratord_ancet 20



Deathsattributableto AMR bypathogen
global, 19992021

Deaths attributable to AMR by pathogen Path 0 g en Critical group
A 5yearsand older

. Bl Acinetobacter baumannii
7501 B Escherichia coli
3 B Klebsiella pneumoniae
_§ 500 @ Enterobacterales
E penem-resistant
> 5 anS g 250 @ E‘:Z::‘I:Zf::ales
B - Other AMR baCteria & Acinetobacter
. baumannii
i nons i B Pseudomonas aeruginosa ..
- Bl Staphylococcus aureus
400
i NN, .
<5ans : . —
8 resistant®
100 = - T e
Streptococcus pneumoniae L
. :

1990 1995 2000 2005 2010 2015 2020
Year

Globalburdenof bacterialantimicrobialresistancel990;2021: asystematicanalysiswith forecaststo 2050, Lancet 202.
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Drugdiscovery
systems technology

Accelerating antimicrobial peptide design:
Leveraging deep learning for rapid discovery

Ahmad M Al-Omari 7, Yazan H Akkam 2, Ala'a Zyout ', Shayma'a Younis 1, Shefa M Tawalbeh 7,
Khaled Al-Sawalmeh 2, Amjed Al Fahoum 1, Jonathan Arnold 4

Aide a prescription
> Clin Infect Dis. 2024 Apr 10,78(4):825-832. doi: 10.1093/cid/ciad632.

Human
behaviour

Can Chatbot Artificial Intelligence Replace Infectious
Diseases Physicians in the Management of
Bloodstream Infections? A Prospective Cohort Study

Optimised
antibiotic
prescribing

Alexis Maillard 7, Giulia Micheli ' 2, Leila Lefevre 7, Cécile Guyonnet & 4, Claire Poyart 3 4,
Etienne Canoui ', Martin Belan ' 8, Caroline Charlier 1 5 € 7

Chatbot

> Nature. 2024 Jan;625(7996):643-644. doi: 10.1038/d41586-024-00099-4.

Pha' macodynam'e

PMID: 38216763 DOI: 10.1038/d41586-024-00099-4

Usingdigital healthtechnologies to optimisantimicrobialusegloballyThelancetdigital health2024

Electronic
health
records

Google Al has better bedside manner than human vy
doctors - and makes better diagnoses

Mariana Lenharo



DifferentML flavours

Use case

Featuresextraction

Performance
Explainability
Data points
Overfitting risk

Structureddata
Manual

+

+++

100

+

/q\\
A ‘;/\\l
o|m
o —
o %=
PO
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Structureddata
Manual
++
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1000
++

Text image,sound
Automated
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Overfittingconcept

overfitting Right fit Underfiting

Classification

Regression ' 1 ., _ ., Single Dataset




#1 Pros & Cons

Quality Data curationsteps DemographicsATCD &
history of antibiotic ttt
Feasibilty Simple fistorical Bayesiaimodel update
laboratorydata) difficult
Explainability | Yes
Relevance Stages oprediction

Multi pathogengantibio




#2 Pros & Cons S

v X

Quality

Feasibilty Complexandexpensive

Explainability | Yo KA BE5Q YI OKAY S
learningclassifiers

Relevance No needfor antibiotic Salmonella typhonly
exposure Extrapolation toother BGN?
Earliethan rapid AST




#3 Pros & Cons

y

v

X

Quality

No Deegdearning
No clinicalor epidemiodata

Feasibilty

++

Explainability

Nno

Relevance

1-2 daysgain of AMR
predictioncompare to
traditional AST

Limited to KP, CIP and LEV




Exemple # 4genomicdata

b
| i
1
O B Visualization of isolate identification from
= = = — detectedgeneticinformation, lineageand DST.
,://"‘:: o




#4:. Objective & Methods

objective

Tuberculosiglrugresistancgrom
genomeseguenceadatausing
traditional machinelearning
algorithmsand CNN

Accurate and rapid prediction of tuberculosis drug resistance from genome sequence data using traditional

p

data

10,575 MTBisolatesfrom sequence
read archive database: gyusram
WGS
282featuresselected
rpoB.S450L
katG.T463L
X
phenotypic drug susceptibility test
(DST) datafrom CRyPTIC
Consortium and the 100,000
Genomegproject in an excelfile

47

RandomForest
Logistic regression
CNN

MyKrobe

machine learning algorithms and CNN, Scientific Reports2022



https://www.nature.com/srep

9}

#4 Keyfindings implication &imits

Methods Precision (%) Sensitivity (%) Specificity (%) Accuracy (%) F1 (%) G-mean (%)

First-line
INH

RF

LR

CNN
Mykrobe

PZA

LR
CNN
Mykrobe

RIF

LR
CNN
Mykrobe

EMB

LR
CNN

Mykrobe

95.2
94.3
95.5

92.9

92.3
93.0
93.2

91.1

94.3
93.5
94.4
92.4

92.9
93.1
93.1

92.2

98.7
99.2
99.0
99.2

96.4
95.5
96.5

95.1

97.0
98.3
98.1

95.0

94.4
93.4
94.5

72.4

91.7
90.0
90.5

95.3

53.6
58.0
56.1

60.9

88.6
86.6
87.5

92.3

70.8
72.1
71.7

85.3

96.1
95.7
96.2

96.2

90.1
90.0
90.5

87.3

94.1
94.3
94.6

92.5

89.7
89.2
90.0

76.3

97.0
96.7
97.2

95.9

94.3
94.2
94.8

93.1

95.6
95.8
96.2

93.7

93.6
93.3
93.8

81.1

95.1
94.5
94.7

97.2

71.9
74.4
73.6

76.1

92.7
92.3
92.7

93.6

81.8
82.1
82.3

78.6

ADeeplearning(CNN)
first> expert system
(Mykrobe)

ANo ROC AUC

ALimited to TBesistance
surveillancezlinical
practice
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Randontorestspacesplitting

x2<3

‘}li x1<3
0 1 x2<4 1
0 1

obj(® = S0 Ui 31”) + Lisy Q(f)
- 2?21 (i, z-}ﬁt_l) + fi(wi)) + Q(ft) + constant

obj® = S (i — (3 + fil@))? + X Qf)
= 2?21[2(13§£_1) — yi) felwy) + fe(2)?] + Qf) + constant



Randonforest

(a)

Feature x

Feature y I

y>5

y<5

Class A

Class B

x<1

(b)

Class C

All data

e

Random subsel Random subset Random subset
¥
~ N : R ~ - )
\- N > \: 7
v J !

k1 K2 K3
voting / averaging

k

(A) A simplelecision treemodelthat dividesa datasetinto three classedasedon two features (B)Schematic
diagramof randomforestalgorithm



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

SupportVectorMachine

w'x+b=1

\ \y"_

Fig. 2A simplesupport vector machin¢hat dividesa dataset
into two classes

Areviewof artificial intelligence applications fantimicrobialresistanceBiosafety and HealtlFebruary2021



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

neHealth

Aliments
d'ongme
animale

risques
A d’infections graves

risques

d'infections graves 4
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CJ21to <24

West Africa Mediterran
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Sage 1 : specimen sampling (e.g. urines)

Jage2:
Sage 3.

Jage4:

y

y

y

A

Sage 5 : antibiogram

y

0-1 day
direct examination
0-5 days

(e.g. Gram-negative rod)

positive culture examination (e.g. Enterobacteria)
0-1 days
species identification
1-2 days

(e.g. Escherichia coli)

(e.g. Ceftriaxone resistance)




Severity of
illness

Minimum
required
susceptibility
probability

Maximum
accepted
spectrum

B Spectrum

N
Broad

Narrow

Unecological
(but safe)

Ideal
(safe &
ecological)

Unsafe
(but
ecological)

. Susceptibility

LY

Low -7 High probability




AMRpredictionbest timing?

Phenotypic - Functional
antimicrobial susceptibility test

Question: How do organisms respond to

antibiotics?
Broth | N Phenotypic
Microdilution Disc cifusion microfluidics and
g s Digital microscopy
000000 «~ [ /\ .,
Q00O OD 1« &S0\
QOO0 ® Tim ' -"..-~" =)
00009 O ¢ N e

Constrained by bacteria growth time

Genotypic - Identification

Question: Bacterial identification. Is there a
resistance gene or mechanism present?

Mass
spectrometry

Enzymatic

&

Nucleic acid

Genes do not always relate to

Enzymets' hot alsta Y t phenotypic resistance/susceptibility
presen |n.re5|l n MS better at identification than
organisms

detecting resistance




AMRprediction un marché en expansion

JX JO 0-1d 0-5d 0-1d 1-2d

‘. g 4 > < &
. A = ttp |
P~ i S
‘éi & URINE |
é 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 3 S— ’ 5 _l /
Donnéesepidémio Donnéesclinico-bio Liquide biologique Examen direct Cultures Identification Antibiogramme
Antibiothérapie probabiliste Désescalade
betalactatest GeneXper,tBioFirg Vitek, phoenix
Mass
Enzymatic Nucleic acid Broth e Phenotypic
spectrometry Microdilution ‘ Disc diffusion microfluidics and
e Digital microscopy

B —

00000 s

Enzyme OOOOOO Trim .°....’

000000 Lo
® © @ T
Genes do not always relate to 7
Enzymes not always = z A
present in.resistant ph;?gﬂ:,f:ﬁ::gg;ﬁ:::w Constrained by bacteria growth time
organisms'

detecting resistance



Methods of antimicrobial susceptibility testing

J

Phenotypic methods

Constrained by
e bacterial growth time
Dilution § 48 h
/. o \\
Diffusion | ° D 48 h
\0 0 °/
Grad /./?_\ 48 h
radient test
Chromogenic media 24 h
Automated devices ) >20h

e .
-y

-—I-——-

Molecular-based methods

Gene1 Gene2--- GeneN

/ several h
<0
gPCR : @m%
\

Cycle b .‘ ‘ Y 1l 24-48h
sequencing |||/l

NGS several days

* estimated time depend on a sample analysed
(clinical specimen vs. isolated bacterial culture)

Mass spectrometry

MALDI-TOF MS

Incubation (antibiotic + sample)

Matrix

several h

* estimated time depend on a sample analysed
(clinical specimen vs. isolated bacterial culture)




Exemple: XXX

o i 47

objective data ML algorithm



Exempleepidemiologicatiata

©

objective

Predictionof antibiotic resistanceat
4 different stagesprior to the
antibiogramfrom historicalbacterial
ecologydata

Distribution by Bacteria

i 152%

14.7%

42,6% 17.6%

Escherichia coli

Enterococcus faecalis

Klebsiella pneumoniae .. ...

Staphylococcus aureus

data

30,975 antibiograms
Ward, BMRpast history, date

BBBBB

wwwwww

rrrrrrrrrrrrrr

Jan2014 toDec2020,

Hopital Européen Marseille .
13,166 patientsfrom 6
different types ofwards.

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

urine (41%), lower
respiratory tract (23%), blood
(14%) or abscesseg12%)

Escherichia
coli (29%). Staphvlococcus



Exemple: XXX

¢ B

Keyfindings Cflinicalimplications Limits




True Positive Rate

True Positive Rate

Epidemiologicalata: Keyindings

Stage 2: Direct

Stage 1:

False Positive Rate

Stage 3: Culture

Sampling

BAY Mean ROC (AUC = 0.677 + 0.07)

* NN Mean ROC (AUC = 0.693 + 0.06)

FRQ Mean ROC (AUC = 0.672 + 0.06)
XGB Mean ROC (AUC = 0.677 + 0.07)
GBS Mean ROC (AUC = 0.523 + 0.03)
ADA Mean ROC (AUC = 0.530  0.03)
BAG Mean ROC (AUC = 0.525 + 0.03)
RF Mean ROC (AUC = 0.529 + 0.03)

LR Mean ROC (AUC = 0.522 + 0.03)

BAY Mean ROC (AUC = 0.861 + 0.09)

* NN Mean ROC (AUC = 0.875 + 0.08)

FRQ Mean ROC (AUC = 0.856 + 0.09)
XGB Mean ROC (AUC = 0.847 + 0.09)
GBS Mean ROC (AUC = 0712 £ 0.17)
ADA Mean ROC (AUC = 0.725 + 0.16)
BAG Mean ROC (AUC = 0.728 + 0.16)
RF Mean ROC (AUC = 0.725 + 0.16)

LR Mean ROC (AUC = 0.627 + 0.15)

False Positive Rate

True Positive Rate

True Positive Rate

BAY Mean ROC (AUC = 0.782 + 0.10)

* NN Mean ROC (AUC = 0.811 + 0.09)

FRQ Mean ROC (AUC = 0.785 =+ 0.10)
XGB Mean ROC (AUC = 0.769 + 0.10)
GBS Mean ROC (AUC = 0.647 + 0.14)
ADA Mean ROC (AUC = 0.649 + 0.14)
BAG Mean ROC (AUC = 0.656 + 0.14)
RF Mean ROC (AUC = 0.658 = 0.14)

LR Mean ROC (AUC = 0.617 + 0.14)

False Positive Rate

Stage 4: Species

BAY Mean ROC (AUC = 0.918 + 0.06)

* NN Mean ROC (AUC = 0.915 + 0.06)

FRQ Mean ROC (AUC = 0.893 + 0.07)
XGB Mean ROC (AUC = 0.912 + 0.07)
GBS Mean ROC (AUC = 0.827 + 0.10)
ADA Mean ROC (AUC = 0.823 + 0.10)
BAG Mean ROC (AUC = 0.833 = 0.10)
RF Mean ROC (AUC = 0.828 + 0.11)

LR Mean ROC (AUC = 0.672 + 0.16)

False Positive Rate

AUC ROC Score

AUC ROC Score

1.0

0.9

0.8

0.7

0.6

0.5

1.0

0.9

0.8

0.7

0.6

0.5

Stage 1: Sampling

|

Stage 3: Culture

i

BAY NN FRQ XGB GBS ADA BAG RF

ML

BAY NN FRQ XGB GBS ADA BAG RF

Algorithms

|

Algorithms

LR

LR

AUC ROC Score

AUC ROC Score

Stagt

I

BAY NN FRQ XGB GBS ADA BAG RF LR
Algorithms

Stage 4: Species

|

BAY NN FRQ XGB GBS ADA BAG RF LR
Algorithms

1.0

0.9

0.8

0.7

1.0

0.

o

0.

@

0.7

0.6

0.5



Expert system Machine Learning

L FelXeX

D £

Humanfinds the rulesfrom expertise

spam Non spam @ /
— Non spam
mail Predictionsystem

Spam

Data+label
X

Machinel earnpattern from data




Expert system

<) ——

Machine Learning mail  Prediction

Data + label

Experience

Training

Non spam

s D X
Spam

-

o

~

-~

.

@ L FelXeX
Humanfinds the rulesfrom data
during pastexperiences Y
\
@3
Machinelearnspattern from data o '.;':J'_
during training N S




Expert system Machine Learning

Data + label

Experience

Training

-

B

Humanfinds the rulesfrom data
during pastexperiences

L FelxeX

\

®
Machinelearnspattern from data

during training

A

New mall

Prediction

%

&x L
Spam Non spam
87%



Epidémiologie Marseillaise

A All isolates (ref)

wnisotates [ . o on
g ' ' a5

bir'e& types (FiM'SD' = 3|3°/Io)

Gram-negative rods il
Gram-positive cocci -
Gram-positive rods -

Enterobacteriaceae-like Gram-negative bacteria-
Staphylococcus-like Gram-positive cocci
Non-fermentative Gram-negative rods
Enterococcus-like Gram positive cocci
Streptococcus-like Gram-posi
Unspecified Gram-negative rods -
Anaerobic bacteria -
Gram-positive rods -
'

Escherichia coli -
Staphylococcus aureus
Klebsiella pneumoniae

Enterococcus faecalis
Pseudomonas aeruginosa
Proteus mirabilis -

Haemophilus influenzae -
Enterobacter cloacae ssp cloacae
Klebsiella aerogenes
Streptococcus agalactiae
Stenotrophomonas maltophilia
Klebsiella oxytoca
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ss»..EngN.;‘_’Eo.an'ésgggoemhcg
EECTEE8EELEISeer28esdf
S Uggwt' g 28Fc5 g S
<<~ 0% u (o8 s =% 5
e =0 = cd3 > © @
= &

E @

3 E

x

© B

s

@

O

B Specimen types (RMSD = 14%)
Urine, or urethra - [l
lower respiratory tract, or pleura
Blood, or blood catheter I
Abscess -
Skin, or wound
Joint or bone I
Stool, gut, or ascites -

Device
ear, nose and throat, or eye
|

Emergency room -.

Ward

types (RMSD = 7%)

Critical care - .

Surgery -

Medicine -

Operating, endoscopy or radiology roomsﬂ l
U

Day hospital

MDR history (RMSD = 11%) |
Unknown patient - E] .
No MDR carriage

MDR carriage in the past 3 months

'Period (RMSD = 2%)’
2014-2019 - I
2019-
2020 -

=
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Antibiotic
susceptibility

- 100%

80%

- 60%

- 40%

20%

0%



WHO: Les pathogenes prioritaires

Critical group

Enterobacterales

carbapenem-resistant

Enterobacterales

third-generation
cephalosporin-resistant

Acinetobacter
baumannii

carbapenem-resistant

Mycobacterium
tuberculosis,
rifampicin-
resistant®

*RR-TB was included after
an independent analysis
with parallel criteria and
subsequent application of
an adapted MCDA matrix.

High group

Salmonella Typhi

fluoroquinolone-resistant

Group A
Streptococci

macrolide-resistant

Shigella spp.

fluoroquinolone-resistant

Streptococcus
pneumoniae

macrolide-resistant

Enterococcus
faecium
vancomycin-resistant

Haemophilus
influenzae

ampicillin-resistant

Pseudomonas
aeruginosa
carbapenem-resistant

Non-typhoidal
Salmonella
fluoroquinolone-resistant

Neisseria
gonorrhoeae

third-generation
cephalosporin,and/or
fluoroquinolone-resistant

Staphylococcus
aureus
methicillin-resistant

Group B
Streptococci

penicillin-resistant



émoculture positive

1 test

43 cibles

1h15

BactSriesGram -
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
Stenotrophomonas maltophilia

BioFire Blood Culture IDentification 2 (BCID2) Panel
Type d@&chantillon: h@noculture positive (200¢L)

o

>

Aﬁﬁ T
el BactSriesGram +
Enterococcus faecalis
Enterococcus faecium
Listeria monocytogenes
Staphylococcus
Staphylococcus aureus
Staphylococcus epidermidis
Staphylococcus lugdunensis
Streptococcus
Streptococcus agalactiae
Streptococcus pneumoniae
Streptococcus pyogenes

Candida albicans

Candida auris

Candida glabrata

Candida krusei

Candida parapsilosis

Candida tropicalis

Cryptococcus neoformans/gattii

BIOMERIEUX

_4

GSnesde
rSsistance aux
antibiotiques

Carbap@@®mases
IMP

KPC
NDM
OXA-48-like
VIM

R ®istance " la colistine
mcr-1

BLSE
CTX-M
R ®istance * la mQ@icilline
mecA/C
mecA/C et MREJ (SARM)

R ®istance " la vancomycine
vanA/B

Nouvelles cibles sur BioFire BCID2 Panel
Identification sp ®ifique sur BioFire BCID2 Panel

1




Discussion microbiologiste

AHémoculture positive

AgenXpert30-n n € f H KBovagied? MaiF? CarbapénemaseBK?
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ABetalactatest (4-5h): BLSE (y compdarbapenemase PasampC
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En France, en 2023

SARM

E coli BLSE KP BLSE SARM

Densit® do6incidence pour 1 000 JH &en
établissement de santé

Mission SPARES. Résultats 2023



