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Conteudo Abordado

Diagnostico Auxiliado por Computador (CAD-AI)

— CADt radiografia de torax

Radiomica
— Caracterizacao de cancer primario de pulmao
Cavidade vs Pseudocavidade
Sobrevida vs heterogeneidade tumoral
Predicao de metastase distante

Previsao de eventos cardiovasculares usando aprendizado de maquina



APLICACOES CLINICAS DE INTELIGEI\!CIA ARTIFICIAL
PREDITIVA EM IMAGENS MEDICAS

CAD
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Radiomics
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DIAGNOSTICO AUXILIADO POR COMPUTADOR

Computer-aided diagnosis (CAD)

Diagnostico feito por especialista que
utiliza a saida de uma analise
computadorizada de imagens como
“segunda opiniao” no processo de
deteccao de lesbes e tomadas de
decisoes diagnosticas.

Doi K. Computer-aided diagnosis and its potential impact on
diagnostic radiology. In: Doi k, MacMahon H, Giger ML,
Hoffmann KR, eds. Computer-aided diagnosis in medical
imaging. Amsterdam: Elsevier Science, 1999:11-20.



CAD-AI

REFERE-SE A UM AMBIENTE EXPANDIDO DE SUPORTE A DECISAO CLINICA QUE USA METODOS DE IA
TRADICIONAIS E BASEADOS EM DL.

Computer-aided (Al-assisted)

decision support Imaging data,
I Non-imaging data,
e

Multi-domain knowledg

Deep learning
] Computer-aided diagnosis ’ﬁ— Machine learning, :
Artificial intelligence (Al) Conventional
machine learning

I T T R N

Risk Disease Disease Staging, Treatment Prognosis Recurrence
prediction detection characterization || Treatment planning response prediction prediction &
= assessment monitoring

l l l Hadjiiski L, et al. AAPM task group report 273: Recommendations
on best practices for Al and machine learning for computer-aided
Computer-aided Rule-out ‘ diagnosis in medical imaging. Med Phys. 2023 Feb;50(2):e1-¢24.
triaging doi: 10.1002/mp.16188. Epub 2023 Jan 6. PMID: 36565447.

Computer-aided
detection




CADt
Redes Neurais Convolucionais na Classificagao de Imagens de RX de
Torax: COVID-19, Doencas Intersticiais Pulmonares e Tuberculose

Tabela 3 — Quantidade de dados utilizados em cada banco

[ Computer-aided (Al-assisted) Banco | HGFMRP | Gurated MC Shenzhen | total
decision support . lr“?gim.l_da‘da-t COVID-19
ion-Imaging aata, B
I Multi-domain knowledge g covidi9 189 a70 (] 0 RRg
| Computer-aided diagnosis 6—] Machine learning, 4[ e dip aoa 0 0 0 308
I Arificial ntetigence (A1) | machine learning normais 382 177 Q 0 559
l l l l l l l tuberculose | 165 0 58 336 559
Risk Disease Disease Staging, ‘ Treatment || 'Prog';nosis ] Recurrence Fonte: Autor_
prediction detection char. ization || Ti i response prediction prediction &
assessment monitoring
l l LIMA, L. L. d. et al. HCFMRP COVID-19 & LID (v1). Zenodo,
(o s | Compreneitee ‘ Eiierou 2022. Disponivel em:
‘ ’ https://doi.org/10.5281/zenodo.6841440.
FRANCIS, M. Curated COVID-19 Chest X-Ray Dataset. 2020.

https://www kaggle.com/datasets/francismon/curated-covid19-
chest-xray-dataset.

Apoio Financeiro:

FAPESP #16/17078-0 #14/50889-7 JAEGER, S. et al. Two public chest x-ray datasets for computer-
_ _ aided screening of pulmonary diseases. Quantitative Imaging in

CNPq #305124/2018-8 #302480/2022-6 Medicine and Surgery, AME Publishing

CAPES #001 Company, v. 4, n. 6, p. 475-477,2014.

Pesquisa aprovada pelo CEP-HCRP

com dispensa de TCLE
Mauricio Koenigkam Santos. Redes Neurais Convolucionais na
Classifica¢do de Imagens de RX de Térax: COVID-19, Doencas
Intersticiais Pulmonares e Tuberculose. Dissertacao.
Bioengenharia. USP. 2023.


https://github.com/mauks37/CNN-Chest-X-Ray
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Arquitetura Modificada (Transfer Learning) VGG - 19
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Resultados (interpretabilidade)

Comparagédo de um RXT do grupo teste, com COVID- Comparagdo de um RXT do grupo teste, com DIP Comparagdo de um RXT do grupo teste, com

19 (esquerda) com o Grad-CAM Heatmap (direita). O granulomatosa (esquerda) com o Grad-CAM Heatmap tuberculose (esquerda) com o Grad-CAM Heatmap
modelo deu importancia a area de interesse correta e (direita). O modelo deu importancia a area de interesse (direita). O modelo deu importancia a area de interesse
acertou a classificacao. correta e acertou a classificacao. correta e acertou a classificacao.

F .

RXT do grupo teste, com COVID-19 (esquerda) com o RXT do grupo teste, sem doenca pulmonar ('normal’) RXT do grupo teste, com COVID-19 (esquerda) com o
Grad-CAM Heatmap (direita). O modelo classificou (esquerda) com o Grad-CAM Heatmap (direita), que Grad-CAM Heatmap (direita), que focou em artefatos
como 'tuberculose’. focou principalmente no apice do pulméo direito. O fora do térax. O modelo classificou corretamente a

modelo classificou como ‘tuberculose’. imagem.



RADIOMICA

v Extracdo massiva de caracteristicas quantitativas (atributos) de imagens médicas e
subsequente reconhecimento de padrdes para detecciao/diagnostico auxiliado por
computador e obtencao de outras informacoes, como marcadores prognosticos ¢
correlacao com dados geneticos (gendmica).

Radiomics: Images Are More than
Pictures, They Are Data’
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Robert J. Gillies, PhD
Paul E. Kinahan, PhD
Hedvig Hricak, MD, PhD, Dr{hc)

In the past decade, the field of medical image analysis has
grown exponentially, with an increased number of pattern
recognition tools and an increase in data set sizes. These
advances have facilitated the development of processes for

Gillies RJ et al. Radiomics: Images Are More
than Pictures, They Are Data. Radiology. 2016
doi: 10.1148/radiol.2015151169.



Radiomica - Modelo

Radiomica tem se firmado como uma ferramenta eficiente para
fornecer suporte diagnostico e prognéstico para medicina de precisao,
a partir de biomarcadores quantitativos extraidos de exames por

lmagem' Ferreira Junior JR, Koenigkam-Santos M, Cipriano FEG, Fabro AT, Azevedo-Marques PM
(2018) Radiomics-based features for pattern recognition of lung cancer histopathology and
metastases. Computer Methods and Programs in Biomedicine 159:23-30.

Current model Radiomics model
Mutation Mutation
Biopsy detection Radiomics probability
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Lambin P, et al. (2017) Radiomics: the bridge between medical imaging and personalized
medicine. Nature Reviews Clinical Oncology 14(12):749.



Radiomica - Etapas

Radiomics : Processing of Radiological Imaging

© 1. Image acquisition 2. ROl segmentation 3. Feature extraction |

w0 .‘.
)
¢ d =

Regional Model-based

Sex/Age .

Outcome
Smoking
Survival
Stage

oo0
¢ oo

v A analise radiomica de atributos de imagem, com
base na intensidade dos niveis de cinza, forma,
textura, tamanho e volume, pode fornecer
informacdes sobre gendtipo tumoral, fenodtipo e
heterogeneidade clonal.

v A RADIOMICA atende ao conceito de medicina de
precisao ou personalizada.

Lee G. et al. Radiomics and its emerging role in lung
cancer research, imaging biomarkers and clinical
management: State of the art. EJR. 2017.
https://doi.org/10.1016/j.ejrad.2016.09.005



EXEMPLOS DE APLICACOES PARA CARACTERIZAQAO
DO CANCER PRIMARIO DE PULMAO

v' Pesquisas aprovadas pelo Comité de Etica v' Exames de imagem = ferramentas importantes
em Pesquisa do Hospital das Clinicas da de diagnostico, especialmente em cancer.
Faculdade de Medicina de Ribeirdao Preto
(CEP-HCRP).

v Suporte financeiro: v" Imagem de pulmao = método mais usado
' Tomografia Computadorizada (TC).
v" Fundacao de Amparo a Pesquisa
do Estado de Sao Paulo (FAPESP)
#16/17078-0, #14/50889-7 v Rotina diaria: descricdo da localizacao das lesoes
pulmonares, tamanho, morfologia, atenuacao,

v Conselho Nacional de ,
realce pos-contraste.

Desenvolvimento Cientifico e
Tecnologico (CNPQ)

#305124/2018-8, #302480/2022-6 , - .. " : :
v "Descricao tradicional” = benigno x maligno ....

v Coordenacao de Aperfeicoamento primario x secundario.
de Pessoal de Nivel Superior
(CAPES) #001
v" Hoje = qual subtipo de cancer é? Estadiamento?
Sinais de pior prognostico? Mutagdes?



PRINCIPAIS SUBTIPOS DE CANCER PRIMARIO DE PULMAO

Cancer de pulméao de nao pequenas células (CPNPC) — 80% a 85%

Adenocarcinoma — € o tipo mais predominante atualmente. Comeca nas células secretoras de
substancias, como o muco. Este tipo de cancer de pulmao ocorre principalmente em fumantes ou
ex-fumantes, mas também € o tipo mais comum de cancer pulmonar observado em nao-tabagistas.
E mais comum em mulheres do que em homens, e tem maior probabilidade de ocorréncia em
pessoas jovens do que os outros tipos de cancer de pulmao;

Carcinoma de células escamosas (ou espinocelular) — comeca nas células escamosas, que sao células
planas que revestem o interior das vias aéreas. Geralmente esta relacionado ao tabagismo e costuma
se localizar na parte central dos pulmdes, proximo ao bronquio, que € a principal via aérea do corpo
humano;

Carcinoma de grandes células (indiferenciado) — pode surgir em qualquer parte do pulmao. Tende a
crescer e se espalhar rapidamente, o que dificulta o seu tratamento.

Cancer de pulmao de pequenas células (CPPC) — de 10% a 15%.

A multiplicacao de suas células torna-o mais sensivel ao tratamento com quimioterapia e radioterapia, e
sua agressividade esta relacionada a maiores taxas de recidiva (retorno) da doenca. Além disso, cerca de
70% das pessoas com CPPC ja possuem metastases no momento do diagnostico.



DIFERENCIACAO DE CAVITACAO E PSEUDOCAVITACAO

& 2 COPTHASTE VENOZ0

» Cavitagdo: » Pseudocavitacao:
* frequentemente associada ao cancer de pulmao * frequentemente associada a adenocarcinoma pulmonar
de células escamosas * melhor prognostico com possibilidade de terapia
« geralmente indicando mau prognoéstico alvo

JANIOR, José Raniery Ferreira. Arcabougo para Classificacdo, Recuperacao por Conteudo e Radiomica de Imagens Médicas: uma
investigacao de biomarcadores quantitativos para o cancer de pulmao. 2019. Tese (Doutorado em Bioengenharia) - Bioengenharia,
Universidade de Sao Paulo, Sdao Carlos, 2019. doi:10.11606/T.82.2020.tde-27022020-113956.

Prémio Tese Destaque USP 2020 - Grande Area — Engenharias
https://jornal.usp.br/institucional/anunciados-os-vencedores-do-premio-tese-destaque-usp-2020/



METHODS

Lung
Cancer

2010 -
— =31 °| 2017

(25 PseudoCav, 6 Cav)

Mann-Whitney U Test 2447 features were extracted

=
|
|

IBEX v1.0

ImagedJ

Image Processing & Analysis in Java

Sensibilidade

JFeatureLib v1.6.3

0 1-Especificidade 1
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RESULTS

Analysis identified 227 statistically relevant quantitative CT features to

distinguish pseudocavitation from cavitation.
«— AUC=0.973

Xk

ClusterShade
ClusterProminence I, * + *

Globa Vi * Highest performances
Correlation I " according to AUC and the
LongRunLowGraylevelEmpha  IEE—— foIIowing notation:
LocalStdStd  IEG—— * *** for p-value < 0.001,
Complexity I ————— *
PHIE ** for 0.001 < p-value < 0.01

Range I * *
for 0.01 £ p-value < 0.05.
Range IEENNNNNNN——
LocalRangeStd GGG *
LowGrayLevelRunEmpha I *
Kurtosis G *
Kurtosis NN

Skewness G *

Skewness NN *
ShortRunLowGraylevelEmpha I *

0.75 0.80 0.85 0.90 0.95 1.0
AUC
Cooccurrence matrix (COM), Run-length matrix (RLM) , Neighborhood intensity-difference matrix (NIDM)



AVALIACAO PROGNOSTICA DO PACIENTE (SOBREVIDA)

—— .,
COLTRASN NGC] J
‘1

Adenocarcinoma pulmonar em mulher
de 77 anos, sem ocorréncia de obito.

Adenocarcinoma pulmonar em homem
de 68 anos, com ocorréncia de obito.

Artigo Original http://dbx.doi.org/10.1590,/0100-3984.2019.0135

Analise radiomica do cancer de pulmao para avaliacao
prognostica do paciente e da heterogeneidade intratumoral

Radiomic analysis of lung cancer for the assessment of patient prognosis and intratumor heterogeneity

Jos€ Raniery Ferreira Junior'®, Marcel Koenigham-Santos®, Camila Vilas Boas Machado®®, Matheus Calil
Faleiros™, Natalia Santana Chiari Correial®, Federico Enrique Garcia Cipriano™, Alexandre Todorovic Fabro'<,
Paulo Mazzoncini de Azevedo-Marques'"

Objetivo: Associar caracteristicas radidmicas de lesfes pulmonares em imagens de tomografia computadorizada com a sobrevida
global de pacientes com cancer de pulmao.



METODOS

Cancer de
Pulmao

2010 -
2017

Analise Foram extraidas 2447 caracteristicas

Avaliagdo prognostica(tempo até a morte por
qualquer causa): analise de Kaplan-Meier IBEX v1.0

ImageJ

Image Processing & Analysis in Java

Estatisticas: Curvas de Kaplan-Meier - Teste
log-rank; recursos de prognostico Radiomics
- sobrevivéncia do pacote R v3.3.3 JEeaturelib v1.6.3




RESULTADOS

Probabilidade de sobrevida global (%)
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Caso de maior risco com
Média de Fourier de
118,510664198133

Caso de menor risco com
Média de Fourier de
102,280666185461

o

Figura 4. Quantificaggo da heterogeneidade intratumoral de lesoes estratificadas pela média de Fourier. a: Tumor segmentado de imagem de TC em janela
de pulm&o no plano axial. b: Distribuicéo tridimensional dos niveis de cinza da imagem. c: Mapa refletindo a energia local com aplicacéo de janela de 5 x 5
pixels do tumor.



Predicting Cardiovascular Events Using Machine Learning

(PRE-CARE ML)

Financiamento: ERA PerMed funded project PRECARE-ML (Reference number: ERAPERMED2021-219) e
FAPESP #2021/06137-4

O projeto PRE-CARE ML tem como objetivo desenvolver modelos para prever o risco de ocorréncia de MACE
(eventos cardiovasculares adversos maiores), com base em dados extraidos de registros eletronicos de
saude de pacientes internados, em até 5 anos apds a alta hospitalar.

Coordenador:
= Peter P. Rainer (Medical University of Graz, University Hospital and Heart Center Graz)
Pesquisadores Principais:
- Paulo Mazzoncini de Azevedo-Marques (Ribeirao Preto Medical School at USP)
Max Gordon (Karolinska Institutet - Department of Clinical Sciences, Danderyd Hospital)

Bert Arnrich (Hasso Plattner Institute for Digital Engineering GmbH)

https://www.eppermed.eu/funding-projects/projects-results/project-database/pre-care-ml/

https://bv.fapesp.br/en/auxilios/110451/predicting-cardiovascular-events-using-machine-learning/



Predicting Cardiovascular Events Using Machine Learning

(PRE-CARE ML)

= A doencga cardiaca isquémica e o acidente vascular cerebral sdo as principais causas de morbidade no
mundo, e seu impacto devera aumentar, ocupando os dois primeiros lugares até 2050.

Global Burden of Disease 2021 Study by The Institute for Health Metrics and Evaluation, University Of Washington

= A deteccao precoce de um alto risco potencial de sofrer tais eventos permite agcoes preventivas.

Fatores geralmente

considerados Registros Eletronicos
ldade de Saude
Sexo
Raca A%
Colesterol Total (LD ()
0.0 Exames de
HDL-C 318 Laboratori
8|8 aboratério
Pressao Arterial Sistolica . . C
Medicamentos Diagndosticos
Terapia Antihipertensiva
Historia de Diabetes Mellitus
Tabagismo Fatores geralmente
Proteina C-Reativa de Alta considerados

Sensibilidade

Historico Parental de Infarto
do Miocardio




Representacao Esquematica do Projeto

https://precareml.github.io//
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Dados e Métodos

Os eventos MACE foram identificados utilizando
os codigos de diagnostico da CID-10 registrados
durante as internagoes hospitalares.

ICD-10 | Descriciao Incluir em | Justificativa
MACE?

120.0 Angina pectoris - Angina | Sim Apenas a angina instivel (120.0) é
instdvel considerada um evento MACE na maioria

das definices.

121 Infarto agudo do | Sim Parte central de qualquer definicio de
miocdrdio MACE.

124 Outras doengas | Sim Nio € claramente definido e inclui
isquémicas agudas do condicdes ambiguas; ndo € padrio nas
coracdo definicdes de MACE.

163 Infarto  cerebral [AVC | Sim Parte central do MACE.
isquémico)

171 Aneurisma/disseccio de | Sim Nio faz parte do MACE cldssico, mas esta
aorta associado a aterosclerose. Alguns incluem

em MACE de 4 pontos ou definicdes mais
amplas.

174 Embolia e  trombose | Sim Possui muiltiplas causas possiveis, nio
arteriais sendo especifico para aterosclerose.

120.1 Angina  pectoris  com | Nao
espasmo documentado

120.8 Outras formas de angina | Nao
pectoris

120.9 Angina  pectoris, ndo | Nao
especificada

146 Parada cardiaca Nio em | Pode resultar de varias causas, nem sempre

MACE e | cardiovasculares ou aterosclerdticas.
NAO MACE

164 AVC ndo especificado | Nao em | Ambiguo; alguns incluem por precaucdo,
como hemorragico ou | MACE e | outros excluem devido a falta de
isquémico NAO MACE | especificidade.

Feature Name Description Time of Observation

SEX sex: 1 =male / 2 = female full

AGE age in years full

ICD N ICD Number of unique coded ICD-10 codes (3-digit 3 years (except 10 years for

ICD_W_ICD_<three digit ICD-10=>

ICD_N_ICDGRP_<first three digit ICD-
10>_<last three digit ICD-10>

ICD_N_CHRONIC

ICD_N_CHAP_<ICD-10 chapter>

ICD_CHARLSON_WSCORE

LAB N_<LOINC_CODE=>

LAB N_ABNORMAL L <LOINC_CODE=
LAB N_ABNORMAL 0_<LOINC_CODE=
LAE N_ABNORMAL H_<LOINC_CODE=>

LAB_ABNORMAL_<LOINC_CODE=

MEDI_«<ATC Level 1>
MEDI_<ATC Level 2=

MEDI_<ATC Level 3>

ADMIN_N_ADMISSION
ADMIN N_OUTPATIENT
ADMIN_N_INPATIENT

codes only)

Weeks since first diagnosis of ICD-10 code (3-
digit) (if diagnosed within the last 7 days: value=

1, because 0 means noe diagnesis)
Number of unique ICD-10 codes in the ICD10
group e.g. AQD - B99

Count of unique chronic diagnoses (definition

chronic: see [CD_chronic_definition)
Unique number of ICD-10 codes in the ICD10

chapter e.g. X (chapter have been transfered from

roman numerals)

Calculated weighted comorbitidy score based on

charlson comorbitiy index (R comborbidity
package)

Number of unique LOINC codes documented in

the last 3 years until index date

Number of low LOINC codes in the last 3 years

until index date

Number of normal LOINC codes in the last 3 years

until index date
Number of elevated LOINC codes in the last 3
years until index date

Latest abnormal category for this LOINC CODE (-1

to 1)

Any mediction of this ATC Level 1 class
documented (0 = No 1 = Yes)

Any mediction of this ATC Level 2 class
documented [0 = No 1 = Yes)

Any mediction of this ATC Level 3 class
documented (0 =No 1 = Yes)

Number of admissions
Number of outpatient stays
Number of inpatient stays

chronic diagnoses)

3 years (except 10 years for
chronic diagnoses)

3 years [except 10 years for
chronic diagnoses)

10 years

3 years (except 10 years for
chronic diagnoses)

3 years (except 10 years for
chronic diagnoses)

3 years
3 years
3 years
3 years
3 years
3 years
3 years

3 years

5 years
5 years
5 years



Dados e Métodos

5% N,
Se = Karolinska
3?%@5 Institutet

o &

Lorenzer L, Schrempf M, Jauk S, Kalabakov S, Pierri G, Suzuki KMF, César HV, Kramer D, Mazzoncini de
Azevedo-Marques P, Rainer P. Harmonization of Electronic Medical Records for Federated Learning:
Addressing Challenges in International Healthcare Collaborations. Stud Health Technol Inform. 2025
Apr 24;324:141-147. https://ebooks.iospress.nl/doi/10.3233/SHTI250175

Steiermérkische i §
Krankenanstalten ".-*

Structured EHR Modality
. . . Laboratory ..
Partner With MACE Without MACE Diagnoses Values Medication Procedures
Styrian Hospital Local Local
Association (Austria) 169,000 263,000 ICD-10 LOINC Standard Standard
Mount Sinai (USA) 7,500 159,000 SNOMED LOINC RxNorm CPT4
Ribeirdo Preto Local Local
Medical School 13,243 84,388 ICD-10 Not Available
. Standard Standard
(Brazil)
Karolinska Institute / / ICD-10 NPU ATC ICPM
(Sweden)

Chosen Standards ICD-10 LOINC ATC Disregarded



https://ebooks.iospress.nl/doi/10.3233/SHTI250175

Dados e Métodos

Shimizu GY, Schrempf M, Romao EA, Jauk S, Kramer D, Rainer PP, et al. (2024) Machine learning-based risk
prediction for major adverse cardiovascular events in a Brazilian hospital: Development, external validation, and
interpretability. PLoS ONE 19(10): e0311719. https://doi.org/10.1371/journal.pone.0311719

Suzuki, K. M. F., Pierri, G., Shimizu, G. Y., Cesar, H. V., & Azevedo-Marques, P. M. de . (2024). Brazilian Cohort for
Predicting Cardiovascular Events Using Machine Learning (PRE-CARE ML project) (7.0) [Data set]. Zenodo.
https://doi.org/10.5281/zen0do.12752433

Divisao Estratificada
de Dados

Modelos

Interpretabilidade
P Treinamento

(0]

70%

Penalized Logistic Regression
Random Forest (rf)

XGBoost

Decision Tree
Support Vector Machine
k-Nearest Neighbors
Light Gradient-Boosting Machine (Igb)
Multi-Layer Perceptron

Dados
Desbalanceados

MACE Controles
6,000 12,000

Geracao de
Atributos
(Python)

1.367
atributos


https://doi.org/10.1371/journal.pone.0311719
https://doi.org/10.5281/zenodo.12752433

Resultados

Feature Combination Trained in Evaluatedin AUROC *100
Austria Austria 87.04
USA USA 83.55
Demo., Admin., Diag. Austria USA 69.1
Brazil Brazil 74.5
Austria Brazil 74.0
Austria Austria 88.29
Demo., Admin., Diag., USA USA 85.71
Med. Austria USA 74.09
Brazil Brazil 81.66
Brazil Brazil 91.33
Demo., Admin., Diag., Austria Austria 88.96
Med., Lab. USA USA 87.82
Austria USA 74.96




Resultados Aprendizado Federado (NVIDIA FLARE platform)

i MLP 1.0 XGB (FL) MLP (FL)
02 3 02 3
Austria 0.8 Austria 0.8 Austria ) @ Austria ’ @
5 S § & =& 01 £ ¢ 01 £
e 0.6& o o6& 2 S 2 s
. =) . ) o ) O T ) (L)
2 Brazil < 2 Brazl < 2@ Brazil; 00 v 2 Brazlq 00 o
s 0.4 % s 0.4 ; g o g o
= 02,_ [ 02,_ -0.132 -0132
USA : USA : USA 1 0 USA 1 0
N oo -0.2 2 -0.2 2
: . - g 2 3 R .2 A -
v%“@ & F A S8
Evaiiiatad oh ivaliataileh Evaluated on Evaluated on
Resultados de aprendizagem local para cada combinagio de pais Melhoria na AUROC do modelo FL em rela¢do aos modelos treinados
de treino e teste apenas com dados locais.
Model Austria Brazil USA
XUB 0.85 0.78 0.79
MLP 0.83 0.73 0.73

Desempenho AUROC dos modelos FL quando avaliados em cada cliente

Slamanig G, Kalabakov S, Lorenzer L, Schrempf M, Pierri G, Suzuki KMF, Jauk S, Kramer D, Mazzoncini de Azevedo-Marques P, Arnrich B, Rainer P.
Preliminary Investigation of Federated Learning for MACE Prediction from Electronic Medical Records: A Multicontinental Study. Stud Health
Technol Inform. 2026 May 7;335:236-241. doi: 10.3233/SHTI1260090. PMID: 42119126. https://pubmed.ncbi.nlm.nih.gov/42119126/



https://pubmed.ncbi.nlm.nih.gov/42119126/

Resultados/Interpretabilidade

Charlson weighted score=8 -

. Number of diagnoses=21 -

Number of symptoms, signs, and abnormal findings=0 -

Number of respiratory system diseases=0 -

Number of infectious diseases=0 -

Number of digestive system d 4

~ Number of neoplasms=2 -

Number of circulatory system diseases=0 -

Number of endocrine and metabolic diseases=3 -

Number of chronic diagnoses=19 -

) Number of Renal failure=0 -

Number of malignant neoplasms of digestive organs=1 -

Number of other forms of heart disease=0 -

» ) Number of cerebrovascular diseases

Number of malignant neoplasms of ill-defined, secondary and unspecified sites=1 -
) ) ) Number of benign neoplasms=0 -

Number of symptoms and signs involving the digestive system and abdomen=0 -
Number of other diseases of the respiratory system=0 -

Number of diseases of liver=0 -

Number of diseases of peritoneum =0 -

. ; . Number of %eneral symptoms and signs=0 -

Number of symptoms and signs involving the circulatory and respiratory systems=0 -
__Number of influenza and Pneumoma=0 B

Number of other and unspecified disorders of the circulatory system=0 -

Number of diseases of arteries, arterioles and capillaries=0 -

) ) Number of ischaemic heart diseases=0 -

Number of mental and behavioural disorders due to psychoactive substance use=0 -
Number of other bacterial diseases=0 -

Number of other joint disorders=0 -

Number of hypertensive diseases=0 -

) Number of metabolic disorders=1 -

Weeks since last other specific arthropathies=0 -

) Weeks since last myelodysplastic syndromes=0 -

Weeks since last respiratory failure, not elsewhere classified=0 -

Weeks since last atrial fibrillation and flutter=0 -

Weeks since last acute renal failure=0

. Weeks since last chancroid=

_ Weeks since last fibrosis and cirrhosis of liver=

Weeks since last secondary malignant neoplasm of respiratory and digestive organs=5 -
. . Weeks since last agranuloiﬁossw =
Weeks since last secondary malignant neog\l/asm of other and unspecified sites=0 -
eeks since last other medical care=0 -

‘Weeks since last alcoholic liver disease=0 -

Weeks since last shock, not elsewhere classified=0 -

) Weeks since last hypertensive heart disease=0 -

Weeks since last personal history of certain other diseases=0 -

eeks since last other aneurysm and dissection=0 -

: Weeks since last atherosclerosis=0 -

’ Weeks since last chronic ischaemic heart disease=0 -

Weeks since last mental and behavioural disorders due to use of tobacco=0 -
Weeks since last other disorders of fluid, electrolyte and acid-base balance=117 -
. eeks since last other sepsis=0 -

Weeks since last essential (primary) hypertension=0 -

Weeks since last type 2 diabetes m%!htus?g 5

ge=19-

Feature

(a) Alto risco

Actual prediction: 0.9741
Average prediction: 0.4559
e —
Number of diagnoses=2 -

=
Number of symptoms, signs, and abnormal findings=0 -
| Number of respiratory system diseases=0 -
| Number of infectious diseases=0 -
_ Number of digestive system d 0-
~ Number of neoplasms=0 -
Number of circulatory system diseases=0 -
Number of endocrine and metabolic diseases=0 -
Number of chronic diagnoses=1 -
. Number of Renal failure=0 -
Number of malignant neoplasms of digestive organs=0 -
Number of other forms of heart disease=0 -
) ) Number of cerebrovascular diseases =0 -
Number of malignant neoplasms of ill-defined, secondary and unspecified sites=0 -
| o ) Number of benign neoplasms=0 -
Number of symptoms and signs involving the digestive system and abdomen=0 -
Number of other diseases of the respiratory system=0 -
Number of diseases of liver=0 -
Number of diseases of peritoneum =0 -
) : _ Number of %eneral symptoms and signs=0 -
Number of symptoms and signs involving the circulatory and respiratory systems=0 -
. Number of influenza and Fneumon|a=0 E
Number of other and unspecified disorders of the circulatory system=0 -
Number of diseases of arteries, arterioles and capillaries=0 -
) . Number of ischaemic heart diseases=0 -
Number of mental and behavioural disorders due to psychoactive substance use=0 -
Number of other bacterial diseases=0 -
Number of other joint disorders=0 -
Number of hypertensive diseases=0 -
) Number of metabolic disorders=0 -
Weeks since last other specific arthropathies=0 -
. Weeks since last myelodysplastic syndromes=0 -
Weeks since last respiratory failure, not elsewhere classified=0 -
Weeks since last atrial fibrillation and flutter=0 -
| Weeks since last acute renal failure=0 -
. Weeks since last chancroid=0 -
) . Weeks since last fibrosis and cirrhosis of liver=0 - |
Weeks since last secondary malignant neoplasm of respiratory and digestive organs=0 -
) A Weeks since last agranulocﬁosns:O "
| Weeks since last secondary malignant neo&llasm of other and unspecified sites=0 -
| eeks since last other medical care=0 -
J ‘Weeks since last alcoholic liver disease=0 -
Weeks since last shock, not elsewhere classified=0 -
. Weeks since last hypertensive heart disease=0 -
Weeks since last personal history of certain other diseases=0 -
eeks since last other aneurysm and dissection=0 -
y Weeks since last atherosclerosis=0 -
’ Weeks since last chronic ischaemic heart disease=0 -
\Weeks since last mental and behavioural disorders due to use of tobacco=0 -
Weeks since last other disorders of fluid, electrolyte and acid-base balance=0 -
. Weeks since last other sepsis=0 -
Weeks since last essential (primary) hypertension=0 -
Weeks since last type 2 diabetes m%lhtusgg 5
ge=69 -

-0.15

Actual prediction: 0.0078
Average prediction: 0.4559

Charlson weighted score=0 -
=

Feature

==
0.00

0.10 -0.10 -0.05
Shapley value

Instance number: 173

0.05
Shapley value

Instance number: 336

(b) Baixo risco

Interpretabilidade de casos com alto e baixo risco de eventos cardiovasculares adversos maiores (MACE) pelos valores de Shapley.



Resultados/APl/Dashboards

All Discharged Check Retrieve
Patients Inclusion Patient

(Cne Day) History

Use APl to Collect Data

Construct Model

Daily Process for Risk Prediction

. Local Risk Dashboard (Age + Sex)

Enter Patient ID:

64478

Patient Information
Patient |D: 54478

Age: 66

Sex: F

Risk within Similar Patients

L Moderate Risk
Higher than 82.0% of similar patients
Reference group: 1798 patients

Model Explanation (SHAP)

Why is this patient at risk?

MEDI_C10 BE
ICD_N_CHAP_9 [ 024 |
i = DEMO_AGE _
MEDI_A01A [ -0 |
MEDI_NO2ZB =
MEDI_C104 ED
o2
Fes)

ICO_N_ICDGRP_ITO_179

LAB_N_58941

IR T
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Centro para Inteligéncia Artificial em Gestao de Saude Universidade de Sao Paulo
https://ciagsaude.icmc.usp.br/pt-BR

TERmINUW

Do Diagnostico a Prevencao:
Como a TA Esta Antecipando Riscos na Saude

Paulo Mazzoncini de Azevedo-Marques E.E Ph.D.
Departamento de Imagens Médicas, Hematologia e Oncologia Clinica

Faculdade de Medicina de Ribeirdo Preto - USP

pmarques@fmrp.usp.br
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