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Cancer patients
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‘ Difficult to treat infections

More antibiotics
Broad spectrum
Higher resistance
More toxicity

Higher cost



Martinez-Nadal G, et al. Inappropriate empiric antibiotic treatment in high-risk neutropenic patients

with bacteremia in the era of multi-drug resistance. Clin Infect Dis 2019; doi: 10.1093/cid/ciz319.
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1615 episodes of BSI in neutropenic patients

A total of
MOST FREQ CAUSATIVE AGENTS
|
E. coli 24%
IDSA
CoNS 20%  recommendations received IEAT
_ were followed in 87%
P. aeruginosa 16% of cases AT = AEAT
Enterococcus spp 13% ESBLE. coli
MDR-PA 51% 49%
Klebsiella spp 9%

S. maltophilia 2 18%
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CoNS 42% 58%

E. faecium 52% 48%
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Difficult to treat infections

Cancer patients

eutrofils abs. (amalit.)

Personalized medicine

More antibiotics
Broad spectrum
Higher resistance
More toxicity

Higher cost



Can a computer make predictions that help in the

clinical decision-making process?
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Tellez A, et al. Identifying the most important data for research in the field of
infectious diseases: thinking on the basis of artificial intelligence. Submitted
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z Medical workflow variables Structured data  Unstructured data in

w

8 Total variables = 4488 in our EHR our EHR

<

o n (%) n (%)

w

e Epidemiology 203 (4.5) 185 (4.1)

(o]

o

- Admission 84 (1.9) 0
Demographics 664 (14.8) 251 (5.6)
Comorbidities 547 (12.2) 9(0.2)
Clinical manifestations 195 (4.3) 325(7.2)
Laboratory 317 (7.1) 0
Microbiology 513 (11.4) 13 (0.3)
Other diagnosis 477 (10.6) 11 (0.2)
Treatment 487 (10.9) 2(0)
Outcomes 180 (4) 21 (0.5)
Other 1(0) 3(0.1)




We need 100% optimal data quality!
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Hydroxychloroquine or chloroquine with or without a
macrolide for treatment of COVID-19: a multinational

The NEW ENGLAND JOURNAL of MEDICINE

“ ORIGINAL ARTICLE ”

Cardiovascular Disease, Drug Therapy,
and Mortality in Covid-19

Mandeep R. Mehra, M.D., Sapan S. Desai, M.D., Ph.D.,
SreyRam Kuy, M.D., M.H.S., Timothy D. Henry, M.D., and Amit N. Patel, M.D.

ABSTRACT

BACKGROUND
Coronavirus disease 2019 (Covid-19) may disproportionately affect people with
cardiovascular disease. Concern has been aroused regarding a potential harmful
effect of angiotensin-converting—enzyme (ACE) inhibitors and angiotensin-recep-
tor blockers (ARBs) in this clinical context.

METHODS
Using an observational database from 169 hospitals in Asia, Europe, and North
America, we evaluated the relationship of cardiovascular disease and drug therapy
with in-hospital death among hospitalized patients with Covid-19 who were admit-
ted between December 20, 2019, and March 15, 2020, and were recorded in the
Surgical Outcomes Collaborative registry as having either died in the hospital or
survived to discharge as of March 28, 2020.

From Brigham and Women's Hospital
Heart and Vascular Center and Harvard
Medical School, Boston (M.R.M.); Surgi-
sphere, Chicago (S.5.D.); Baylor College of
Medicine and Department of Veterans Af-
fairs, Houston (S.K.); Christ Hospital, Cin-
cinnati (T.D.H.); the Department of Bio-
medical Engineering, University of Utah,
Salt Lake City (A.N.P); and HCA Research
Institute, Nashville (A.N.P)). Address re-
print requests to Dr. Mehra at Brigham
and Women's Hospital, 75 Francis St.,
Boston, MA 02115, or at mmehra@bwh
.harvard.edu

This article was published on May 1, 2020,
and updated on May 8, 2020, at NEJM.org.
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The absence of an effecthee wreatment agains: severe
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Commentary

Artificial intelligence to support clinical decision-making processes L))

Check for
updates

Carolina Garcia-Vidal **!, Gemma Sanjuan ®', Pedro Puerta-Alcalde ?, Estela Moreno-Garcia ?, Alex Soriano ?

2 Infectious Diseases Department, Hospital Clinic-IDIBAPS, University of Barcelona, Barcelona, Spain.

b Smart Support System for Medicine, Spain

1. Introduction

Artificial intelligence (Al) proffers the ability of computer systems to
perform human brain tasks across various topics in all aspects of every-
day life. Most clinical physicians are sceptical about the help that Al may
provide in their current medical practice. In this commentary, we aim to
provide readers with insight on our experience -including all the bene-

fite anAd nitfFalle cineca tha imnlamantatinn Aaf an AT nracramma in noare

Now, training a high number of data with machine learning (ML) or
neural networks (NN), predictions on the results that will be obtained
by cultures at febrile neutropenia onset are possible. This new and rev-
olutionary reality is composed of two main tenets. First, a high number
of data available from EHRs can be retrieved in real time. Second, ad-
vances made in computational performance allows extensive mathe-

matical operations to dramatically optimise big data result training
writh RAT and NN mnadale



Garcia-Vidal C, et al. Artificial intelligence to support clinical decision-making process.
EBioMedicine 2019; 46: 27-29.
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L Identification of febrile neutropenia eypisode

Data retrieved from EHR-> Neuronal network algorithm

port System for Medicine. Ebiomedicine 2019; 46: 27-29.
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Analisis en tres dimensiones







isolations, MDR 25 the previous
months, RPMOR 26 at that tirme .
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doctors...

a Garcia-Vidal C, et al. Machine learning to assess the risk of multidrug-resistant Gram-
0 negative bacilli infections in febrile neutropenic haematological patients. Infectious
= Diseases and Therapy, 2021.
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Table 2. Metrics of ML models to predict the need of MDR-GNB coverage in HRFN

patients.
Negative Positive

Models AUC F1_Score Sensitivity Specificity Predictive Predictive
GBM 0.7872 0.9705 0.4583  0.9988  0.9438 09778
XGBoost 0.7945 0.9670  0.4895 0.9886 0.9464 0.8246
Random
Forest 0.78% 0.9711  0.4583 1.00 0.9439 1.0

0.7827 059716  0.4687 1.00 0.95449 1.0

GLM




- Identification of febrile neutropenia eApisode
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= Data retrieved from EHR-> Neuronal network algorithm

Prediction

Link to -> Treatment recommendation
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WE ACHIEVED MORE THAN 3 TRILLION PIECES OF HIGH QUALITY

OF DATA FROM PATIENTS WITH COVID-19 IN FOUR MONTHS
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Garcia-Vidal C, et al.Personalized therapy approach for hospitalized patients
with COVID-19. Clinical Infectious Disease 2020; doi: 10.1093
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Viral symptoms

— 0 fj’ —e %;‘ﬁm Severe lliness (patterns):

1. Inflammatory
2. Super-infection
3. Thrombotic

Infection

Asymptomatic patient

DAY O




Day 1
Day 2

Days from C-RP Procalcitonin/ Cr Dimer-D
OBJECTIVE symptoms onset Ferritin Urinary antigen CT scan

—

CT-PCT LDH Sputum culture Troponin

Lymphocite count

Pacient 1 X X X
Pacient 2 X X X X
Pacient 3 X

Remdesivir Tocilizumab
Plasma Dexametasona

X X
Antibiotics Anticoagulation
Antifungals

Monoclonal antibodies Anakinra
Paxlovid Baricitinib
Molnupinavir

Hospital Clinic- COVID19 Treatment
guidelines



—
2 EIT health award 2020 COVID-19 CENTRAL CONTROL
-
= 0 0
= (European Union-Innovative Technology Department)!!!!
(]
-
< “® a (O]
o
'_ . .
4 INFORMATION Active cases with COVID
= v ® ® [ ] \
0 HOSPITAL STATE 352‘;:}';“ n o VP A < ‘g’ n /J
1 ;
o o > Gt N
= 3ALB o A e A a |
[a) - My patients o G111012 n fs] fs] o o [40] - /.
S - @ 25 days (Detec) 34 o~ > Gim N
3CCA v [ ° A ° ° \
8 - @ 25days (Detec) 88 n ~ VP o ColP ~ InP o TP o) a "j
,/
Pending cases 0 v N
3CWF o ° . . ° .. ~
Rejocted cases 2 092061 n o VP ColP InP TP P A & /.‘
PHENOTYPE 2ERS o o o o N . N
-Em, a
[CSt] Clinical Stability 4 e, n VP ColP InP TP TP = /‘
[ColP] Co-infection Pattern 1 O v ° . . . N B \‘
~Em a
[InP] Inflammatory Pattern 4 it n o VP ColP InP TrP X P - /.\
[TrP] Trombotic Pattern 3 9 N\
_ 40G1 ® v ®wor e e o ey a )
[VP] Viral pattern o 1092101 n (¥ /.‘
WARDS =
[ ] > E073 N
v \
Y v %wr " Tw & a
PLATO 0 . E073013 A (% y,
General care ward 18 o~ - G044 h N\
v \
o )  SDIVI2 : VP ® o e : TP o a
Semi-critical unit 4 G044022 A L4 L4

[Q Patient Last Update:2021/09/03, 10:05:34




18:42 7 ©] [N Ll G

ACTIVOS PENDIENTES DESCARTADOS
18:48 2 Gl

PRESCRIP DATOS ASIGNAR

HOSPITAL CLINIC

01G2

Estabilidad Clinica: ® ©

(a]
-
(7]

Vv @& & Estabilidad Clinica 18/06/2020
Hie ohvidado la contraseia
Pot activar-se aviat
Acceder
* DDIMER 4200.0 ng/mL
« Ferritina 998.0 ng/mL
*LDH 2400 U/L
*FC 100.0 u
*FR 320 u
No disponible
36.0
450
= L) 4 « VNI No disponible

a Actualitzar LABDDC, LAB3810 i
, LAB2419

Immunologic

pattern:




S, M

.
Smart Suppart System for Medicine

COVID-19 Central Control (C3)

o
b
(18]
(a]
Z
<
o
o
N
(a]
>
o
o
®
(&)

. Co-infection . Ready for hospital discharge!

Patients with suspiction of thrombotic ‘ Antiinflammatory Treatment
diseases




(7]
o
(a]
<
-
-
)
(7]
w
@
1
(=2}
(a]
>
o
(&)

Sensibilidad

Garcia-Vidal C, et al.Personalized therapy approach for hospitalized patients
with COVID-19. Clinical Infectious Disease 2020; doi: 10.1093
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®» Multivariate analyses showed that personalized therapy was
independently associated with decreased early mortality (OR 0.144; 95%
confidence interval [Cl], 0.03-0.686; p=0.015).

® Increasing age (OR 1.06; 95% Cl, 1.003-1.121; p=0.038) and
therapeutic effort limitation (OR 9.684; 95% Cl, 2.934-31.959; p<0.001)
were found as independent factors associated with higher mortality.

®» The goodness of fit of the model -> Hosmer-Lemeshow test (p=0.275).
The discriminatory power of the model had an AUC of 0.907 (95% Cl,

0.847-0.967), demonstrating an excellent ability to predict mortality.
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https://www.naftaliharris.com/blog/visualizing-k-means-clustering/

Visualizing K-Means Clustering

January 19, 2014

Suppose you plotted the screen width and height of all the devices accessing this
website. You'd probably find that the points form three clumps: one clump with small
dimensions, (smartphones), one with moderate dimensions, (tablets), and one with large
dimensions, (laptops and desktops). Getting an algorithm to recognize these clumps of
points without help 1s called clustering To gain insight into how common clustering
techniques work (and don't work), I've been making some visualizations that illustrate
three fundamentally different approaches. This post, the first in this series of three, covers
the k-means algorithm. To begin, click an initialization strategy below:

How to pick the initial centroids?

I'll Choose Randomly Farthest Point
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Data provided by the author for educational purposes.



How to pick the initial centroids?

[ I'll Choose ] [ Randomly ] [ Farthest Point ]

Restart

K-Means Algorithm

Data provided by the author for educational purposes.



Garcia-Vidal C, et al. Clustering and validation of clinical phenotypes of
hospitalized patients with COVID-19 and their various responses to
remdesivir . Submitted
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Garcia-Vidal C, et al. Clustering and validation of clinical phenotypes of

hospitalized patients with COVID-19 and their various responses to
remdesivir . Submitted
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Garcia-Vidal C, et al. Clustering and validation of clinical phenotypes of
hospitalized patients with COVID-19 and their various responses to

remdesivir . Submitted

n=284

K-means Median Ct Median days Median 60-d 60-d 60-d P value
cluster (1ar) of pre-test lymphocyte mortality mortality/ mortality/
duration of count (IQR) (26) pts pts who
symptoms receiving did not
(1ar) remdesivir receive
(26) remdesivir
(26)
Cluster 1 Derivation cohort 26 (23-30) 5 (3-7) 1.7 (1.5-2) 2 o 2.9 0.53
n=100
Cluster 2 Derivation cohort 24 (22-26) 8 (7-9) 0.8 (0.6-1) i1 o 11 0.34
n=273
Cluster 3 Derivation cohort 31 (28-34) 11 (10-13) 0.8 (0.6-1.1) 8.2 NA 8.2 NA
n=183
Cluster 4 Derivation cohort 31 (29-33) 5 (4-7) 0.8 (0.6-1) 10.4 2.9 11.3 0.13
n=318
Cluster 5 Derivation cohort 21 (17-23) 3 (1-4) 0.7 (0.5-0.9) 29.7 10.5 36.7 =< 0.001

Data provided by the author for educational purposes.
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Calculadoras

Agua corporal total >

Anion gap >

Calcio corregido por albumina o pro-
teinas

Concentracion sérica de un B-lacta-
mico administrado en “bolus”, infu- >
sion extendida o infusion continua

Déficit de agua libre >

Excrecion fraccional de sodio >

Filtrado glomerular (Cockcroft-
Gault)

Filtrado glomerular estimado (MDRD
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< Administracién de antibiét... i

Ak

Amoxicilina >

al - -

Cmin (valle): 3 mg/L
(antibiético libre)
% tiempo > CIM: 74 %

@ Antibidtico

| CiM 8 mg/L
@ Dosis 29
@ Tiempo de infusion 2h
@ Intervalo de administracion
4h 6h 8h 122h 24h
@ Peso 61kg
3= Vdnormal: 0,30L/kg — -







Garcia-Vidal C, et al. Artificial intelligence with deep learning identify
patients hospitalised with COVID-19 in whom remdesivir decreased
mortality. Work in process
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Garcia-Vidal C, et al. Trends in mortality of hospitalized COVID-19 patients: A single
centre observational cohort study from Spain. The Lancet Regional Health 2021
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——Early mortality

* \/\ meraly Overall mortality decreased from
o 11.6% in the first month to 1.4% in the
ig 10 | \ last month, reflecting a progressive,

& \\ - /\ significant downward trend

o M (p for trend <0.001).
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Fig. 1. Overall mortality trends for patients admitted with COVID-19 (distribution by
months).
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