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La IA en Salud y en Microbiologia y Enfermedades Infecciosas

=Q JAMA+ Al =1

Home Podcast Video About

JAMA+ Al

The JAMA Network home for the latest advances in the application of artificial intelligence in medicine - from clinical practice to
research and education.

Artificial Intelligence

Machine Learning

@ YouTube Pl

uson
Facebook | X (Twitter) | Linkedin | YouTube

Deep Learning A subset of Al that iy techmqug S
: . 3 enables computers
The subset of machine learning includes abstruse i G
composed of algorithms that permit statisticaltechniques .~ . -
st : intelligence, using
software to train itself to perform tasks, that enable machines N e
: . il 2 Cr lT=tNET) i
like speech and image recognition, by to improve at tasks _g‘
. . : : decision trees, and
exposing multilayered neural networks to with experience. The

: machine learning
vast amounts of data. category includes (includingdeep

deep learning learning)

The Lancet Infectious Diseases Series on Artificial Intelligence
and Infectious Diseases

Artificial intelligence (Al) offers promising opportunities to help tackle infectious disease
threats by improving clinical management, outbreak detection, and infection control.
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Antibiogramas rapidos y/o a partir de muestra directa

@ = '_E']'T:—. Conclusions are harder
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Hunter, D. J., & Holmes, C. (2023). Where Medical Statistics,Meets Artificial Infelligence. The New England journal of medicine, 389(13), 1211-1219.
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Antibiogramas rapidos y a partir de muestra directa
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Deteccidn de microcolonias en ausencia/presencia de antibidtico

Categorical agreement de 94.90% en 13h

Kim, T. H., et al. (2024). Blood culture-free ultra-rapid antimicrobial susceptibility testing. Nature, 632(8026), 893-902.



Antibiogramas rapidos y a partir de muestra directa

nature communications a

Article https://doi.org/10.1038/241467-024-4621

3y

Accurate and rapid antibiotic susceptibility
testing using a machine learning-assisted
nanomotion technology platform

Deteccion fenotipica independiente del crecimiento

Basado en medicion de

Nanomotion technology platform
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Sturm, A., et al. (2024). Accurate and rapid antibiotic susceptibility testing using a machine learning-assisted nanomotion technology platform. Nature communications, 15(1), 2037.
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Prediccion de sensibilidad a partir de MALDI TOF/MS

asman  Journal of BACTERIOLOGY
SOCIETY FOR [t . @ June 2023 Volume 61 Issue 6 e01751-22
L wicosioroey Clinical Microbiology https //doi org/10.1128/jcm 01751-22

Direct Detection of Carbapenemase-Producing Klebsiella
pneumoniae by MALDI-TOF Analysis of Full Spectra
Applying Machine Learning

Eva Gato?, Manuel J. ArroyoP, Gema MéndezP, Ana Candela?, Bruno Kotska Rodifio-Janeiro?,
Javier Fernandez () €, Belén Rodriguez-Sénchezd, Luis Mancera®, Jorge Arca-Suarez®:®, Alejandro
Beceiro (- ¢, German Bou?®¥®, Marina Oviafio ([

aServicio de Microbiologia, Complejo Hospitalario Universitario A Corufia, A Corufia, Spain

bClover Bioanalytical Software S.L., Granada, Spain

CServicio de Microbiologia, Hospital Central de Asturias, Ovieda, Spain

dservicio de Microbiologia, Hospital General Gregorio Mararion, Madrid, Spain

€Centro de Investigacion Biomedica en Red Enfermedates Infeteiosas (CIBERINFEC). Instituto de Salud
Carlos Il (ISCIIN), Madrid, Spain
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TOF Analyzer

/

Matrix+Sample

Clear Identification Results Display st Species Level

Sample
Name
a1 B1S Esehenichia cel
A2 180610 Klebsiells pneumonise
a3 180611 Proteus mirabikis
" 180812 Candida albicans

Sample ID Organism [best match} Score Value

AS 180613 Preudomonat serugnets
A 180614 Enterococeus fancium
A7 180615 Trueperella bernardiae

:

|

{ hu i i J

o] {hjr 'H.-,-.l'.l-‘L-.L-'.-l.J.ahl.J. e Ao

L] 4,000 6,000 8,000 I'SEOOO 12,00 14,000 16,000

Compass software automatically
generates MALDI-TOF Spectrum

* 97,83 % precision para deteccion de

carbapenemasas

Gato E, et al. Direct Detection of Carbapenemase-Producing Klebsiella pneumoniae by MALDI-TOF Analysis of Full Spectra Applying Machine Learning. J Clin Microbiol. 2023 Jun 20;61(6):e0175122.



Prediccion de sensibilidad a partir de genomas

QO

\/

A Practical Approach for Predicting sy [0000%  10000% 10000%
Antimicrobial Phenotype Resistance
- 92_55
in Staphylococcus aureus Through 00.42%
Machine Learning Analysis of
Genome Data
81.327
Shuyi Wang'2!, Chunjiang Zhao?!, Yuyao Yin2, Fengning Chen'2, Hongbin Chen? and AT
Hui Wang™2*
75.00%
TABLE 2 | Number of genomes with diffarent minimum inhibitory concentration (MIC) to the 10 antimicrobial agents for the 466 Staphyiococcus
this study. 70.00%
MICs (ug/mL) Antimicrobial agents  0.032 0.064 0125 025 05 1 2 4 8 16 a2
65.00%
Clindamyzin 15 163 a2 3 5 1 31 2 466
Cefaxitin 46 171 31 54 466
Oxacilin 217 40 3@ 39 15 5 93 466 60.00%
Lovofiadin m m BB G 5 66 cLl FOX OXA LVX SXT VAN LNZ ERY DAP GEN
Trimethoprim-Sulfamethaxazole 102 257 13 21 8 10 9 2 2 e 466 Antimicrobial agents
Vancomyain 61 208 9 466 = Essential agreement = Category agreement
Linezolid 22 278 186 466
Enthromycin 4 3B 112 6 4 6 9 12 12 10 237 454

w

Daptomycin 138 175 221 22 431 )
Gentamicin 8 34 3 \m 1 4 2 1 s 3 2 89 ® Resultados de colonia en 18h

In this table, light green refers to susceptible isolates defined according to clinical breakpaints, ligh ge refers to intermediate isolates, and coloress refers fo
resistant isolates.

Wang, S., et al. (2022). A Practical Approach for Predicting Antimicrobial Phenotype Resistance in Staphylococcus aureus Through Machine Learning Analysis of Genome Data. Frontiers in microbiology, 13, 841289.



Potencial de la IA en la prediccidn de la resistencia

PREDICCION SENSIBILIDAD IN VITRO CORRELACION CLINICA

80
Puntos de corte * H )
5 40
: . i Al - i | =
Paciente Muestra Aislado Antibiograma 2" p |l L. |

=Y
i |
PR '
. . . h
- _— i

2000 J0gRN0 SO0\ GXWII00 S0 9000 100
)
l I I I ' I I o Datos
Datos clinicos I I | ‘ I el e —— ati
. . eneticos
eléctricas, g L
V/O . AC G G GA genomicos,

microbioldgicos Al MALDI...
fisicas...

Criterios
microbiolégicos

\\ * Criterios clinicos
l Alj



A como asistente en la interpretacion del antibiograma

] AMERICAN Journal Of
] svn | Clinical Microbiology

MICROBIOLOGY

W * Analizados 225 aislados de enterobacterias

- | Editor's Pick | Bacterioloay | Full-Length Text *  GPT44 sin personalizar: bajo rendimiento (soélo interpreté el 19.6%

GPT-4-based Al agents—the new expert system for detection of
antimicrobial resistance mechanisms?

Christian G. Giske,'? Michelle Bressan,’ Farah Fiechter,? Vladimira Hinic,? Stefano Mancini,? Oliver Nolte,? Adrian Egli®

@ OpenAl

Step 1: Generation of a GPT

Step 3: Within model testing.

Checked with few examples.
Improving rules for obvious

Step 5: Standardized prompting.

Ask for:
(i} Interpretation of image an@table;

delos casos)

GPT personalizado puede apoyar el diagndstico, pero requiere

validacion a dia de hoy

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

Human experts’

EUCAST-GPT-expert”

- mistakes e.g. list of species with (il Provide output table with 4 calegories:
povansd genersiive Al agent. chromosomal AmpC. “None”, “ESBL”, “Amp(, and ESBL
;‘f_.‘;a!bapenern:sz”;mﬁ > Sensitivity 98.0% (91.8-100) 95.4% (94.5-96.3)
i) recommende: rmation;
@ & {iv) and short ar§umentation text. Specificity 99.1% (97.1-100) 69.2% (63.8-85.7)
Step 4: Input for prompt. Am pC
— G Sensitivity 96.8% (93.3-100) 96.9% (87.5-96.9)
EUCAST GPT Expert Step 5: Output analysis Specificity 97.1% (95.9-97.7) 86.3% (84.1-91.8)
Expert on F.U(‘.ASJ ﬁlmﬂtiA'(FQ and general .....-_?:_> B Carbapenemases
antimicrobial susceptibility
e —— Sensitivity 95.5% (90.9-100) 100% (90.9-100)
& « e Specificity 98.5% (98.5-98.5) 98.8% (98.8-98.8)

Step 2: Acquisition of knowledge.

Using document from EUCAST.org
- EUCAST breakpoint table v13.1
- Expert rules

+ same image without
measurement circles.

+ Table with
measured inhibition zones

Qutput table

Argumentation

Step 6: Calculation of output performance
e.g., sensitivity and specificity.

“Three human experts (median).

*Three independent prompting outputs from the customized GPT-4 agent “EUCAST-GPT-expert” As reference
standard, we used the results reported according to our 150-accredited laboratory information system. ESEBL,

extended spectrum beta-lactamase; None, no specific molecular resistance mechanism.

Giske CG, et al. GPT-4-based Al agents-the new expert system for detection of antimicrobial resistance mechanisms? J Clin Microbiol. 2024 Nov 13;62(11):e0068924. doi: 10.1128/jcm.00689-24.
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EUCAST Clinical Breakpoint Table v. 1.3 2011-01-05

Other streptococci

Benzylpenicillin 0.25 2
Ampicillin 0.5 2
Ampicillin-sulbactam Mote' Mote!
Amoxicillin 0.5 2
Amoxicillin-clavulanate Mote' Mote'

Enterobacterales*

Benzylpenicillin

Ampicillin o'
Ampicillin-sulbactam® Mote'
Amoxicillin Mote'
Amoxicillin-clavulanate® Mote'

EUCAST Clinical BrﬂE int Tables v. 16.0, valid from 2026-01-01

Viridans group. streptococci

Benzylpenicillin (scréen only) 0.25" 0.25"

Benzylpenigillin (indications other than 0.25 1

endocarditis)

Benzylpenicillin (endocarditis) 0.25 0.25

Benzylpenicillin {endocarditis, in (1)? (1)

combination with other antimicrobial

treatment)

Ampicillin (indications other than 0.5 2

endocarditis)

Ampicillin iv (endocarditis) 0.5 0.5

Ampicillin-sulbactam® Note' Note™

Amoxicillin (indications other than 0.5 2

endocarditis)

Amoxicillin iv (endocarditis) 0.5 0.5

Amoxicillin-clavulanic acid® Note'* Note ™

Enterobacterales*

Amoxicillin iv’ 8 8 Mote® Note”
Amoxicillin oral (infections originating from 0.001 a Note® Note®

the urinary tract)’

Amoxicillin oral (uncomplicated UTI only)' 8 8 Note® Note®
Amoxicillin oral (other indications)’ {0.001)° (8)° - note™F | Note™E
Amoxicillin-clavulanic acid iv’ g g 20-10 18" 19° 19-20
Amoxicillin-clavulanic acid oral (infections 0.001* gt 20-10 50" 19" 19-20
originating from the urinary lram)1

Amoxicillin-clavulanic acid oral 32" 32! 20-10 16" 16"
(uncomplicated UTI only)’

Amaogxicillin-clavulanic acid oral (other oo | (@ 20-10 (50)™" (19)*" 19-20

indications)’







Potencial de |a IA para la aplicacidon de puntos de corte dinamicos

JOURNAL ARTICLE Amoxicillin iv' 8 8 - Note® Note®
- - . - . . Amoxicillin oral (infections originating from 0.007 2] - MNote® Note®
Machine learning for personalized antimicrobial the urinary tract) |
g v1® . . . . Amoxicillin oral (uncomplicated UTI only)’ 8 8 - Note® Note®
susceptibility breakpoints: (Adaptive clinical Amoxicilln oral (other indications)’ coor | @ o™ [ o™ |
. B . Amoxicillin-clavulanic acid iv' g g 20-10 19" 19" 19-20
breakpoint interpretation) 3 Amoxicillin-clavulanic aéid oral (nfeglions | 0,001 | &' 20 T s | o T 520
i - i originating from thewurinary tract)’ I
Yinzheng Zhong, William Hope, lain Buchan, Anoop Velluva, Alessandro Gerada, Conor Amoxicillin-clavulanic acid oral 320 32 20-10 16" 16"
(uncomplicated UThonly)'
Rosato, Peter L Green, Alex Howard Amoxicillinlavalanie acid oral (other o O 070 | Go/° | Gor° | 9@
) indications)®
Journal of Antimicrobial Chemotherapy, Volume 81, Issue 1, January 2026, dkaf419,
" Report amaxicillin
5_ == Wy 5 results accordingto = §
T3 = = Labelbezed gy W5 3 label and EUCAST | £ §
v 3 = babllity threshold, |\ & £ guidance = & Actual diagnesis in
Possible diagnoses & E  Probability & pro 8 ome
w 9 a ¥|3<s of S0%., | E‘E Amasicilin resul in data = 5 g: data Gt
= ieatad UTI 785 = Amoadcillin result reparted = | i - iedin dosing
& E Uncomplcated LTI ' 2% " i:'mplcf M —— | = Use an Increased dose of e — * recammendation is comest
o
Urine
l specimen
Blood
specimen Repart amoxicillin
c g - results according to -
o c Sa
T2 o oJES Labelbasedon | &£ 2 "h';ms“’“ §4
o g2 ... = £ | probability threshold = 8 2 = & Actual diagnosis in
] E Possible diagnoses £ E " Probability § 5 of 50% E 2 | Amoscilin resultindata =5 8.2 datma Outcome
. . Amaxicillin result reported: 3 —
&R : . Cambinatian th
B S ey > e [ Mnumaymecioniorcs [~ s canbeusedst > UMy souceofnfecion UT) [———»( " aporopritely
o inefeased dose in cambanation recommended

with snother agent
Created in BloRender. Howard, A (2024) Aitps: 8 loRender oom/ T 91430

Zhong Y, et al. Machine learning for personalized antimicrobial susceptibility breakpoints. J Antimicrob Chemother. 2026 Jan 6;81(1):dkaf419.
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Serum Concentrations

Serum Concentrations

(a)

Potencial de |la IA en PK-PD

Increased Vd

Decreased CL

(b)

Serum Concentrathons

Scrum Concentrations

B MTC
5 E4
]
E A I >The rapeutic
é Window
Intensi
5‘ | ty
S i
| ! J
§ MEC
+— Duration of action —*\
I Cmin
* v
(onset of Tmax Time
effect) (peak effect)
EEE

* Importantes variaciones intra e interindividuales
* Imposibilidad de monitorizacion en todas las situaciones



Potencial de |la IA en PK-PD

£

Clinical Pharmacokinetics (2024) 63:1137-1146
https://doi.org/10.1007/540262-024-01405-z
A

.3 gL B AUCG66 snd C0=24.3 mefL B AUC66G and CO<23.4 mgfL

ORIGINAL RESEARCH ARTICLE

Check for
updates

A Machine Learning Algorithm to Predict the Starting Dose
of Daptomycin

Florence Rivals' - Sylvain Goutelle*** . Cyrielle Codde®® - Romain Garreau®** - Laure Ponthier® - Pierre Marquet'* .
Tristan Ferry*”® . Marc Labriffe'® - Alexandre Destere® - Jean-Baptiste Woillard"*® ACTUAL DO

* MLy pk/pd son claramente mejores que la Q
practica habitual sin diferencias significativas ?‘
entre ambas (66.3% vs 68.3%, p = 0.59) %

* ML sélo usa covariables clinicas y no DOSE ML
ecuaciones complejas pk/pd O

* EI ML no sustituye al pk/pd clasico %}ede *prvalue = 0.02929
ser una alternativa practica, rapida ica,

especialmente integrada en una app.

Rivals F, et al. A Machine Learning Algorithm to Predict the Starting Dose of Daptomycin. Clin Pharmacokinet. 2024 Aug;63(8):1137-1146.
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V4

Potencial de la |A para la correlacidn clinica

JAMA Network”

X _ L _ Caracteristicus del paciente Origen de la infeccién
Views 20,356 | Citations 70 | Altmetric 191

(gravedaa, comorbilidades...)

Viewpoint | ONLINE FIRST
June 26, 2013

Personalized Medicine vs Guideline-Based Medicine ?\

Jeffrey J. Goldberger, MD, MBA; Alfred E. Buxton, MD Q
- Criterios de inclusion y exclusion dejan fuera cierta poblaci%E

- Resultados aplicables a poblaciones no a individu002

- Miles de variables a tener en cuenta: microargani , virulencia, resistencia...

Bropiedad=: d=l Caracteristicas de la bacteria
el b (mecanismos de resistencia)

Goldberger, J. J., & Buxton, A. E. (2013). Personalized medicine vs guideline-based
medicine. JAMA, 309(24), 2559-2560.
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Herramientas actuales para guiar |la antibioterapia empirica

—— e

Empiricism
) o Bacterial growth
Cl aa:.sn:al ‘clmlcal o
microbiology hours Bacterial characterization
Gram positive fine gative
Stophylogocous/Streplococcus
Aerobe/Anaerobe
Coagulase pasitive /negative

Microbiological cultures

Empiricantimicrobial

. v A

I6-48
hours

IR Bacterial definitive
identification
24 +
Modern clinical hogs Cumulative antimicrobial

microbiology susceptibility data

Antimicrobial susceptibility
testing

Targeted antimicrobial
therapy

748
hours

Semi-targeted antimicrobial
therapy

Empiricism

TANAN —

Integration of cumulative antimicrobial susceptibility data in the diagnostic stewardship.

Figure 1.

Fernandez J, Vazquez F. The Importance of Cumulative Antibiograms in Diagnostic Stewardship. Clin Infect Dis. 2019 Aug 30;69(6):1086-1087.




Herramientas actuales para guiar |la antibioterapia empirica

Informes de sensibilidada acumulada

n AME | AMC | M | ok | @r | sk | &M | Tom | Pos | mTE
Escherichio colf apag | 513 | oop | eva | mms | 721 | 7is | sop | ®66 | 958 | =aa
Escherichio call BLEE 315 0o | 740 | o0 o0 | 140 | 3331 | 628 | 484 | @27 | oo4
Klebsiella preumaniae 574 ] #51 | &31 | 262 | 700 | BSE | B | o014 | NT | ERs
Klebsiells preumanioe BLEE pot ] 27 | oo oo | 120 | 3 | 627 | 413 | WT | s27
Proteus mirabilis 342 | 614 | 838 | o941 | o74 | 643 | 640 | 746 | &70 [ MT R
Pseudomonas aeruginosa 161 R R R R 87,6 R NT | E26 | MT
Morganelle morgenil o4 ] R R M2 | 628 | 649 | 787 | 851 | N
Enterobocter cloacoe complex 7 ] R R 7.1 | 857 | 753 | %as | @as (1) |
Klebsiells awytoca E4 ] 87 | w2 | 971 | 826 | 897 | oni | o7a 100,0
Gitrobacter freundii complex 53 ] R R 755 | ma | ma | soe.] o8 00,0
dtrobacter koseri &8 R 971 | =80 | 1000 | 1000 | 1000 |08 [Neeon | NT | aes
Klebsiells voriicols 50 R o940 | =80 | 1000 | %20 | Sep |Na#O0 | 1ooo | NT | =m0
Klebsiells aerogenes 45 ] R R g89 | 933 ((1000 [Work | 956 | NT [ e44
Brovidencio stuartii 35 ] R R 77,1 s,& bt r B B NT R

 Informacion limitada

« No bien difundido entre médicos prescriptores

Guias-de tratamiento empirico

Fernandez J, Vazquez F. The Importance of Cumulative Antibiograms in Diagnostic Stewardship. Clin Infect Dis. 2019 Aug 30;69(6):1086-1087.
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Table 1. Performance of machine learning across different studies in predicting antibioti tibility patterns.

Authors Year of Publication Medical Setting Geographical Setting Input Data ML Algorithms Performance Evaluation
Goodman et al. [27] 2016 Hospital admissions USA Blood cultures/ Recursive partitioning, DT PPV 0.908-NPV 0.919
Vaziuez-Guillamet 2017 Hospital admissi USA Recursi itioning, DT AUC 0.61-0.80

et al. [29] ospital admissions rsive partitioning, . .

Sousa et al. [28] 2019 Hospital admissions Spain DT AUCD.76
Moran et al. [20] 2020 Hospital admissions and UK XGBoast AUC 0.70
Pr'ln"lary careg
Feretzakis et al. [33] 2020 Medical wards Greece ics /Cultures /AST/Bacterial MLR AUC 0.758
Gram stain/Type of sample
Feretzakis et al. [34] 2020 Intensive Care Unit Greece mbgraphics /Cultures/AST/Bacterial LR, RE, k-NN, J48, MLP AUC 0.726
Gram stain/Type of sample
. ) . Demographics /Cultures /AST /Bacterial  JRip, RE, MLF, Class. Regr, F-measure 0,884, AUC
Feretzakis et al. [35] 2021 Intensive Care Unit G Gram stain/ Type of sample EETTree 0933
Martinez-Agiiero ) . Demographics /Clinical data/Type of g Accuracy for quinolone
et al. [36] 2019 Intensive Care Unit 5 sample/Cultures / AST LR, k-NN, DT, RE; MLP resistance 88.1 + 1.6
Demographic, medication, vital sign,
- . . laboratory, billing code, procedure,
McGuire et al. [5] 2021 Hospital admissions USA culture, and sensitivity data XGBoost AUC 0.846
(67 features)
P“;”‘:]l' Si‘;‘;‘]fhez 2021 Intensive Care Unit Spain EHR data LR, DT, RF, XGBoost, MLP AUC 0.76
Garcia-Vidal et al. 2021 FN H ical Pati Spai EHRd RF, GBM, XGBoost, GLM AUC 0.79
[ 3.11 emato tients pain ata Y . t, .
Henderson et al. . PLR, naive Bayes, gradient
[30] 2022 HIV patients uUsa EHR data boosting, SVM, RF AUC Q70

Sakagianni A, et al. Using Machine Learning to Predict Antimicrobial Resistance-A Literature Review. Antibiotics (Basel). 2023 Feb 24;12(3):452.
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El paciente ha tenido una multiresistencia de tipo ECBLEE causada por Escherichia coli 30 dias atras. Procedencia: [ Haspital Mogelo - Tipo de Atencidn: HOSPITAL ¥ | Servicio:
Tipo de Infeccion: [ Otrasinfecciones de tracto respiratorio inferior - l
o ANTIBIOTICO ¥ COBERTURA (%)
0 +~MEROPENEM 9695 Subtipo de infeccion: L’\ieum::un'a comunitaria en pacientes con EPOC/bro... - l
| TAMIKACINA 96,39 RN, N y
[E] PREDICCION IAST
O TERTAPENEM 94,87
O TNITROFURANTOINA 50,3 . ) - . ; s ; - o ;
Los resultados mi@strados @ira estas infecciones se basan exclusivamente en guias locales del hospital. No se utiliza Inteligencia Artificial para proveer de estas recomendaciones
[m] TIMIPENEM a743 o
Opcidn 3%
] TPIPERACILINA_TAZOBACTAM 85,96 [
W Antibidtico
O 2 -
A - Tratamiento alternativo en neumonia leve (CURB-65: 0-1). Eleccidn en pacientes alérgicos a betalactamicos o sospecha de Legionella.
0 ENTAMIC 4 L
® O LEVOFLOXACINA
O TOBRA A
A - Tratamiento de eleccién en neumonia leve (CURE-65: 0-1).
CEFEPIMA 55,67 o AMOXICILINA_CLAVULANICO
O CEFTAZIDIMA 53 47 - Tratamiento de eleccién en neumonia moderada/grave (CURB-65: »2) en pacientes alérgicos a betalactamicos.
[m] AMOXICILINA_CLAVULANICC o B (] MEROPENEM=+LEVOFLOXACINA
0O CEFUROXIMA 458 ] AZTREOMAM+LEVOFLONACINA
Q - Tratamiento de eleccién en neumonia moderada/grave (CURB-65: =2).
(] LTRIMETOPRIM_SULFAMETOXAZOL 41,13
- ] CEFEPIMA
O LCEFOTAXIMA 38,96
O CEFEPIMA+LEVOFLOXACINA

O LCIPROFLOXACINA 29,94




Conclusiones: Potencial de la IA en la prediccion de la sensibilidad a los antimicrobianos

N\

Prediccion de sensibilidad antes de antibiograma (tratamiento
empirico y semidirigido)

\

‘ Generacion de antibiogramas rapidos

|

Generacion de antibiogramas precisos y con puntos de corte
adaptativos

[

Favorecer la terapia de precision basada en individuo no en
poblacion

/

‘ Conferir mayor valor clinico

/

&
) 1. Suitable clinical evolution,...
7 Samplelaking 5 yngyitable clinical evolution, change

of clinical and therapeutic attitude, ...

3. The need for results (data):
protocols, publications, reports, ...

Intarast

24h 48h 72h  3-5Days Time

Figure 1. Evolution of the interest in the results of microbiological studies by the
doctor who requested them.

Cantén R, et al. Economic impact of rapid diagnostic methods in Clinical Microbiology: Price of the
test or overall clinical impact. Enferm Infecc Microbiol Clin. 2017 Dec;35(10):659-666.
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