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habilidades cŕıticas e anaĺıticas, e além disso acreditar em minha capacidade mesmo quando

eu mesma duvidei. Agradeço por ele ter criado um laboratório diverso e harmonioso cujo
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Resumo

FURTADO, Mariane. Análise da generalização de algoritmos de machine learning
e suas aplicações na otimização de decisões em saúde. 2023. 101 f. Tese (Doutorado
em Ciências) – Faculdade de Saúde Pública, Universidade de São Paulo, São Paulo, 2023.

A utilização de algoritmos de inteligência artificial tem crescido rapidamente nos últimos
anos, aumentando o seu potencial de aplicação em saúde pública. Algoritmos de machine
learning (ML) são capazes de auxiliar na predição de desfechos complexos e na tomada
de decisões por parte dos profissionais da área da saúde. Esta tese tem como objetivo
analisar a capacidade de generalização dos algoritmos na área da saúde e aplicar modelos
de ML para predições utilizando dados tabulares frequentemente coletados nos sistemas
de saúde. A tese será defendida sob a forma de três artigos cient́ıficos. O primeiro artigo
realizou uma revisão sistemática da literatura sobre a capacidade de generalização de
modelos de ML em saúde. Os resultados indicaram que, apesar de ainda limitada, a
literatura sobre generalização em saúde está crescendo nos últimos anos em parte como
uma demanda das próprias revistas cient́ıficas. O segundo artigo desenvolveu e avaliou a
performance da validação externa de um algoritmo de ML no contexto da predição de
risco de mortalidade neonatal. O modelo foi desenvolvido utilizando Extreme Gradient
Boosting (XGB) em dados de São Paulo de 2012 a 2015, incluindo 807.932 nascidos vivos e
5.518 óbitos neonatais. Foi realizada a validação externa do algoritmo em 1.161 munićıpios
brasileiros, incluindo todas as capitais de estado para o ano de 2016, totalizando 2.848.052
nascidos vivos e 23.948 óbitos neonatais. Os resultados mostraram que os munićıpios que
ofertam estruturas de maior complexidade obtiveram uma performance similar ou mesmo
superior ao modelo base desenvolvido com dados do munićıpio de São Paulo. No terceiro e
último artigo desta tese, foi realizada uma análise da aplicação da técnica de generalização
conhecida como transfer learning nos dados da Rede IACOV-BR para predizer óbito
entre pacientes internados por Covid-19 usando dados de prontuário de 16.236 pacientes
de 18 hospitais brasileiros coletados no primeiro trimestre de 2020 durante o ińıcio da
pandemia de Covid-19 no Brasil. A abordagem desse artigo propôs uma comparação
entre uma nova solução capaz de predizer o progresso cĺınico dos pacientes com Covid-
19 versus a abordagem já aplicada para predições tabulares em saúde. Os resultados
indicam que apesar de promissora, a técnica de transfer learning convencional não se
mostrou superior aos resultados de performance obtidos localmente com os algoritmos
de boosting utilizados para dados tabulares. Os resultados desta tese apontam para a
importância da generalização dos algoritmos de ML em saúde, ao mesmo tempo que os
desafios técnicos ainda persistem em relação à manutenção da performance preditiva nas
diferentes localidades.

Palavras-chaves: Modelos Preditivos. machine learning. Generalização. Decisões em Saúde.



Abstract

FURTADO, Mariane. Generalization analysis of machine learning algorithms and
their applications in optimizing health decisions. 2023. 101 p. Thesis (Ph.D. in
Science) – School of Public Health, University of Sao Paulo, Sao Paulo, 2023.

The use of artificial intelligence algorithms has significantly increased in recent years,
increasing their potential for application in public health. ML algorithms (ML) can assist
in the prediction of complex outcomes and in decision-making by healthcare professionals.
This thesis aims to analyze the algorithmic generalization capability in healthcare and
apply ML models for the prediction of health outcomes from tabular data frequently
collected in healthcare systems. The thesis will be defended as three scientific articles. The
first article conducted a systematic literature review on the generalization capability of
ML models in healthcare. The results indicated that, although still limited, the literature
on generalization in healthcare has been growing in recent years, in part as demand from
journals themselves. The second article evaluated the performance of external validation
of an ML algorithm in the context of predicting neonatal mortality risk. The model was
developed using Extreme Gradient Boosting (XGB) on São Paulo data from 2012 to
2015, including 807,932 live births and 5,518 neonatal deaths. External validation of the
algorithm was performed in 1,161 Brazilian municipalities, including all state capitals
in 2016, totaling 2,848,052 live births and 23,948 neonatal deaths. The results showed
that municipalities offering more complex structures obtained similar or even superior
performance to the base model developed with data from the municipality of São Paulo. In
the third and final article of this thesis, an analysis of the application of the generalization
technique known as transfer learning was performed on IACOV-BR Network data to predict
death from Covid-19 using medical record data from 16,236 patients from 18 Brazilian
hospitals collected in the first quarter of 2020 during the early Covid-19 pandemic in Brazil.
The results indicate that, although promising, the conventional transfer learning technique
did not prove superior to locally obtained performance results with traditional boosting
algorithms. The approach of this article proposed a comparison between a new solution for
predicting the clinical progress of Covid-19 patients versus the approach already applied
for tabular predictions in healthcare. The results of this thesis point to the importance
of the generalization of ML algorithms in healthcare, while technical challenges persist
regarding the maintenance of predictive performance in different locations.

Keywords: Predictive Models. machine learning. Generalization. Health Decisions.



Preâmbulo

A presente tese de doutorado foi realizada no Programa de Pós-Graduação em

Epidemiologia da Faculdade de Saúde Pública da Universidade de São Paulo, na linha de

pesquisa métodos e técnicas de análise em epidemiologia, sob orientação do professor Dr.

Alexandre Dias Porto Chiavegatto Filho, contando com o suporte financeiro, por meio de

bolsa de doutorado, cota institucional de demanda social, processo 88887.492630/2020-00,

da Coordenação de Aperfeiçoamento de Pessoal de Nı́vel Superior – CAPES.

A tese foi desenvolvida junto ao Laboratório de Big Data e Análise Preditiva

em Saúde – LABDAPS, sediado na Faculdade de Saúde Pública da USP, utilizando

principalmente a ferramenta LABDAPS MLFlow, um framework que utiliza a linguagem

Python em uma versão customizada da biblioteca PyCaret, que possui licença do MIT. Além

dessa, bibliotecas como Numpy, Pandas, Scikit Learn, Tensorflow, Matplotlib, Seaborn,

também foram utilizadas.

A tese divide-se em: introdução, objetivos, descrição da relação entre os artigos da

tese; seção referente aos resultados com o primeiro artigo de generalização e seguindo dos

artigos de aplicações; e por fim considerações finais e conclusão.

Os códigos em Python utilizados para a construção dessa tese estão dispońıveis no

repositório GitHub (https://github.com/MarianeFurtado).
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DNV Declaração de Nascido Vivo

DO Declaração de Óbito
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1 Introdução

Inteligência artificial (IA) refere-se à capacidade de máquinas realizarem ações

compat́ıveis com a inteligência humana (1). Como principal subcampo de IA, a área de ma-

chine learning (ML) utiliza dados para o aprendizado de regras complexas, frequentemente

relacionadas à tomada de decisão (2). ML tem sido cada vez mais utilizada no campo da

saúde, introduzindo muitos desafios e possibilidades (3). O crescimento desse conjunto

de técnicas tem ocorrido por meio do aprimoramento dos algoritmos, da disponibilidade

de grandes bancos de dados em plataformas online com acesso simplificado e do avanço

da computação de baixo custo (4, 5). No contexto da medicina personalizada, que leva

em consideração enfoques individuais, a aplicação de técnicas de ML pode dar suporte

ao diagnóstico e prognóstico de doenças, auxiliando profissionais de saúde na tomada de

decisão (6, 7, 8). Além disso, o aumento cont́ınuo do custo dos cuidados com saúde traz o

potencial do uso de ML para melhorar a eficiência da gestão e dos investimentos em saúde

pública (9, 10).

Segundo 11 para melhorar a eficiência da saúde é importante reduzir os erros

humanos, tanto em diagnósticos, prognósticos, tratamentos e prevenção, quanto no fluxo

e gestão do trabalho. Em decisões sobre diagnóstico e prognóstico, o uso de ML pode

auxiliar na identificação precoce da doença e otimizar a escolha dos exames levando em

consideração eficiência e custo (12). Quanto à prescrição do tratamento, pode trazer ganhos

na redução de erros de posologia, aprimorando a escolha do tratamento e da forma de

administração (13), além de otimizar o tempo necessário para o retorno do paciente ao

consultório médico.

Atualmente na saúde, ML tem sido mais usada para aumentar a eficiência e gestão

dos serviços. Embora o desenvolvimento de tecnologias em torno de sistemas de saúde

esteja em um processo de ascensão em páıses desenvolvidos, ainda existem muitas lacunas

do uso dessas tecnologias em páıses de média e baixa renda (14). No Brasil, ML tem grande

potencial de uso no sistema público de saúde, dada a falta de profissionais especialistas

em diversas regiões brasileiras, principalmente nas mais remotas do páıs. Além disso,

descobertas realizadas em um páıs tão diverso e desigual quanto o Brasil pode também

contribuir para o desenvolvimento e implementação da tecnologia em páıses com realidades

similares para tornar os seus processos em saúde mais rápidos e eficientes.
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Pandemias como a de Covid-19 servem de alerta para a sociedade sobre a necessidade

na agilidade em processos de decisão, tanto na identificação de doenças como na sinalização

da existência de novos patógenos circulantes e soluções baratas e viáveis em cenários de

poucos recursos financeiros (15). Muitos trabalhos com o uso de ML foram desenvolvidos

durante os momentos mais cŕıticos dessa pandemia, e com isso surgiram também novas

questões que demandam discussões éticas. Uma delas é a necessidade de transparência

em relação a como os modelos foram criados e em qual cenário foram testados, sendo que

neste último ponto encontra-se o desafio deste trabalho, referente a quão generalizáveis

podem ser os modelos e quais os seus riscos de vieses.

Este estudo é uma pesquisa quantitativa de predição com aplicações de aprendizado

supervisionado para dados estruturados com algoritmos de ML, composto por artigos

cient́ıficos que discutem e aplicam estratégias de generalização, com o objetivo de esclarecer

os aspectos ainda não consolidados na literatura de ML. O primeiro artigo é referente a

uma revisão sistemática sobre a generalização de modelos de ML em saúde. O segundo

artigo é um estudo aplicado de generalização de modelos de ML, em um projeto de predição

de risco de óbito neonatal, e o terceiro traz uma aplicação de transferência de aprendizado

(transfer learning), um método promissor para as aplicações práticas em saúde pública.

1.1 Machine learning e decisões em saúde

A análise preditiva consiste na predição de resultados por meio da análise de dados

passados. No contexto de ML, são utilizados algoritmos para predizer a ocorrência de um

evento pelo treinamento de conjuntos de dados que identificam padrões para a predição de

um evento futuro (16). Para que isso seja posśıvel, três elementos devem ser considerados:

a qualidade dos dados de treinamento, os algoritmos para a construção do modelo e a

qualidade do conjunto de dados de teste. A qualidade dos dados refere-se não apenas à

qualidade na coleta, como também à quantidade e o tipo de dado avaliado em termos

de sua força como preditor para o desfecho a ser predito. Um exemplo é o fato de dados

laboratoriais terem frequentemente mais informações preditivas do que apenas a anamnese

cĺınica (8). Os algoritmos são responsáveis pela modelagem dos dados recebidos, e o teste

de qualidade avaliará performance das predições em novos dados. Os modelos de ML

podem ser classificados pelo grau de supervisão humana recebida (16). A forma mais
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comum divide os modelos de aprendizado entre supervisionados, não supervisionados,

semi-supervisionados e por reforço.

No caso dos modelos de aprendizado supervisionado, existem rótulos, ou seja,

informação direta sobre o resultado esperado e para todos os desfechos durante o processo

de treinamento. Simplificadamente, os dados são em geral separados em treino e teste por

métodos como holdout e validação cruzada, e a avaliação de performance do modelo é

analisada com os resultados obtidos no conjunto de teste. Geralmente, a proporção é de

70% para dados para treinamento e 30% para teste, variando de acordo com o tamanho do

conjunto de dados e do problema em questão. A validação cruzada (ou cross-validation)

também é uma técnica utilizada para avaliar o desempenho de um modelo e reduzir o risco

de overfitting, que ocorre quando o modelo se ajusta muito bem aos dados de treinamento,

mas não generaliza bem para novos dados. Mas ao contrário do método holdout, que divide

o conjunto de dados em dois subconjuntos, a validação cruzada divide o conjunto de dados

em várias partições (ou folds). O processo consiste em dividir o conjunto de dados em k

partições. Logo, para cada fold, o modelo é treinado nos k -1 folds restantes e avaliado no

fold atual. O processo é repetido k vezes, de forma que cada fold seja utilizado exatamente

uma vez como conjunto de teste. Ao final, é calculada a média dos resultados obtidos em

todas as iterações para avaliar o desempenho do modelo. Comumente, a validação cruzada

é mais utilizada para selecionar hiperparâmetros ou para amostras pequenas.

O aprendizado supervisionado divide-se em dois principais tipos de modelos: os de

classificação e os de regressão. Nos modelos de classificação, os resultados a serem preditos

são classes ou categorias, sendo posśıvel trabalhar com dados para classificação binária ou

multinomial. Os desfechos preditos nesse caso podem ser um resultado discreto, indicando

a classe, ou um valor cont́ınuo, indicando uma probabilidade de pertencimento a uma

classe (17). Por outro lado, quando o objetivo está em predizer um resultado cont́ınuo

aplica-se um modelo de regressão.

No caso do aprendizado não supervisionado, os dados utilizados não possuem rótulo,

ou seja, não existe uma resposta correta a ser predita. O objetivo está em encontrar padrões

e relações entre os fatores (18). Alguns exemplos são os algoritmos de agrupamento, de

detecção de anomalias e de redução de dimensão. Já o aprendizado semi-supervisionado,

consiste em uma combinação entre o aprendizado supervisionado e o não supervisionado,

onde existem apenas parte dos dados rotulados e é comumente utilizado no reconhecimento

de imagens. Diferentemente dos anteriores, o aprendizado por reforço não possui treino e
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teste ou possibilidade de rótulo, mas envolve um agente que recebe retornos sobre suas

ações na forma de recompensas e penalidades (19).

1.2 Tipos de Dados

1.2.1 Dados Estruturados vs Não Estruturados

Com a crescente quantidade de dados gerados todos os dias, a análise de dados

tornou-se cada vez mais importante para empresas e organizações em todos os setores,

incluindo a área da saúde. No entanto, nem todos os dados são iguais. Os dados podem

ser classificados em duas categorias principais: dados estruturados e não estruturados.

No contexto da saúde, muitos trabalhos com ML têm realizado predições por meio

de dados não estruturados (7, 20, 21, 22). Dados não estruturados referem-se a informações

que não estão organizadas em uma estrutura de dados predefinida, como tabelas ou bancos

de dados relacionais. Esses dados geralmente são encontrados em formatos como texto,

áudio, v́ıdeo, imagens, e outros tipos de dados não padronizados. Com a quantidade

crescente desses dados dispońıveis, o uso de IA, e especialmente ML, tem se tornando cada

vez mais importantes nesse contexto.

Por outro lado, grande parte dos dados de fato coletados nos diversos sistemas

de informação em saúde consistem em dados estruturados ou tabulares, isso é, dados

facilmente organizados em linhas e colunas, como dados de sintomas, histórico de saúde

do paciente, sinais vitais, variáveis sociodemográficas, resultados de alguns testes de

diagnóstico, entre outras informações relevantes para a predição. Alguns desses trabalhos

tratam de classificação para o atendimento (23), no-show (24), readmissão hospitalar (25),

diagnósticos (26), prognósticos (27, 28, 29), óbito (30, 31, 32, 33). O presente estudo utilizou

dados estruturados para desenvolver modelos preditivos de aprendizado supervisionado

com desfechos de classificação.

1.3 Generalização de modelos

A generalização algoŕıtmica está relacionada à capacidade de um algoritmo aprender

padrões e aplicá-los a novos grupos que não fizeram parte do treinamento (34). Esses grupos

podem diferir do treinamento sobre tempo, espaço, ou serem resultados de processos de
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aleatorização como no método Holdout (divisão dos dados entre um conjunto de treino e um

conjunto de teste). A habilidade do modelo de obter boas medidas de desempenho, a variar

de acordo com o domı́nio a ser analisado, é o que caracteriza um modelo generalizável.

Nesse contexto, algo importante de ser notado é que, em modelos de ML, validação

interna refere-se ao treinamento e validação do modelo, enquanto a validação externa

refere-se ao teste. Outro ponto a ser abordado é o uso de transfer learning (TL) na

capacidade de generalização. O TL permite o uso de modelos pré-treinados em tarefas

relacionadas, acelerando o treinamento e melhorando a generalização, principalmente

quando há limitações nos conjuntos de dados em relação ao tamanho da amostra. Ao

utilizar conhecimentos anteriores, o TL consolida as representações aprendidas, podendo

resultar em melhor desempenho e aplicabilidade em novos problemas.

Os principais desafios para a capacidade de generalização de modelos de ML

incluem situações tanto de overfitting como underfitting (modelo que não se ajusta bem

aos dados de treinamento); amostra de treinamento de tamanho insuficiente ou fortemente

desbalanceada, ou seja, quando uma das classes é muito maior em termos de observações

do que a outra; distribuição dos dados de teste diferente dos dados nos quais o modelo

foi treinado; seleção inadequada ou ausência de seleção de variáveis, incluindo assim

muito rúıdo no modelo; existência de outliers (dados discrepantes); seleção inadequada

dos hiperparâmetros ou dos algoritmos testados, entre outros (35). Além disso, mesmo na

presença de uma generalização adequada do modelo, é importante monitorar continuamente

seu desempenho com novos dados, a fim de manter a performance preditiva.

A utilização de ML em saúde pública tem o potencial de auxiliar os profissionais

e gestores de saúde em diversas áreas. Para isso, existe a necessidade da compreensão

das capacidades e limitações da generalização algoŕıtmica para que se possa garantir a

confiabilidade dos modelos constrúıdos, em termos da não disseminação de vieses humanos

e do fornecimento de resultados úteis para a sociedade.

As generalizações em ML são desejáveis, mas podem não ser sempre posśıveis, e

isso não invalida modelos locais que passaram por análises de validação interna e que

possibilitem a minimização de erros humanos. Páıses em desenvolvimento, como o caso do

Brasil, podem se beneficiar de modelos de ML, pois possuem uma realidade de um sistema

de saúde com um elevado número de pacientes e um número insuficiente de profissionais

especialistas em diversas regiões e áreas rurais (36).
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Generalizações podem beneficiar doenças menos comuns, tornando posśıvel o acesso

a dados com o padrão da doença em maior escala. Além disso, modelo generalizáveis

permitem um maior monitoramento dos resultados preditivos, devido à existência de mais

pessoas usando o mesmo modelo. Apesar dos benef́ıcios, a estrutura de pesquisa sobre

modelos generalizáveis precisa preocupar-se com o fato de que algumas empresas estejam

dispostas a usar o mesmo modelo, por fatores como o barateamento do serviço prestado,

para múltiplos compradores sem garantia de qualidade final.

Estudos cient́ıficos sobre a capacidade de generalização dos modelos de ML podem

proporcionar uma expansão do planejamento e utilização de ML para a realização de

análises por pesquisadores e profissionais de saúde, aumentando a clareza em torno do

tópico de generalização, permitindo também maior confiabilidade de quem terá acesso à

tecnologia. Este trabalho desenvolveu análises gerais e aplicações práticas para o avanço de

lacunas na literatura sobre a capacidade de generalização de modelos preditivos em saúde.

1.3.1 Transfer Learning

Em estudos com o uso de ML, o objetivo é predizer o que ocorrerá no futuro com

base em dados passados. Isso pode levar a grandes desafios na presença de um padrão de

dados no treinamento diferente do modelo inicial. Nesse cenário, TL é uma técnica de ML

que permite que um modelo treinado em uma tarefa espećıfica seja, em parte, reutilizado

para resolver outras tarefas relacionadas. Por exemplo, um modelo constrúıdo com dados de

registros eletrônicos de uma rede hospitalar para predizer a necessidade de internação em

unidade de terapia intensiva (UTI) pode ser reutilizado para a predição de diagnostico de

uma doença especifica, bem como pode também ser utilizado como base de conhecimento

para a predição de internações em UTI em um hospital com baixa capacidade hospitalar

que resulte em um histórico menor do desfecho para aprendizagem no treinamento. TL

dispensa a necessidade de que os dados de treinamento sejam independentes e identicamente

distribúıdos dos dados de teste (37) possibilitando que seja posśıvel obter resultados de

performance quando as distribuições de dados, espaço e/ou tempo mudam (38).

Em saúde, o uso do TL tem se mostrado uma abordagem promissora para aprimorar

a precisão dos modelos preditivos. TL permite que o conhecimento adquirido em uma tarefa

seja aplicado em outra tarefa para otimização dos resultados preditivos (39, 40, 41, 42). Em
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outras palavras, é a prática de utilizar um modelo pré-treinado em uma grande quantidade

de dados como ponto de partida para um novo modelo, que será treinado em um conjunto

de dados menor e possivelmente diferente. Essa técnica é particularmente útil em situações

em que não há dados suficientes para treinar um modelo do zero ou quando o custo

de coletar esses dados é muito alto. Além disso, tem sido comumente utilizada para o

reconhecimento de imagens, porém possui grande potencial também para aplicação em

dados estruturados (43).

Na prática, TL costuma ser aplicado com o uso de redes neurais, envolvendo a

reutilização de modelos de redes neurais pré-treinados em tarefas relacionadas como ponto

de partida para treinar um novo modelo de rede neural em uma tarefa espećıfica. Esse

processo permite que o novo modelo de rede neural aprenda com menos dados, reduzindo o

tempo e o custo de treinamento, além de melhorar a performance preditiva. O processo de

TL começa com o pré-treinamento do modelo em um grande conjunto de dados, geralmente

de grandes proporções. Em seguida, o modelo é ajustado para a tarefa espećıfica por meio

de um processo chamado de fine-tuning, que ajusta os pesos das camadas do modelo

pré-treinado em um conjunto de dados menor e relacionado à tarefa. Durante o fine-tuning,

o modelo pré-treinado é refinado com dados espećıficos da tarefa, permitindo que ele

aprenda representações mais precisas e adaptadas ao novo problema.

Dessa forma, apesar dos conhecidos desafios na aplicação de TL no conceito não

estruturado devido à heterogeneidade dos dados (44), esse estudo pretende analisar as

potencialidades da transferência de aprendizado por meio de uma aplicação prática com

dados hospitalares estruturados.

1.4 Objetivos

• Objetivo geral: Analisar a capacidade de generalização de modelos preditivos de

ML em tarefas de classificação para dados tabulares em saúde.

• Objetivos espećıficos:

I. Revisar a bibliografia sobre a capacidade de generalização de modelos preditivos de

ML em saúde;

II. Aprimorar e validar a capacidade de generalização de um modelo preditivo para

predição de mortalidade neonatal no Brasil;
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III. Desenvolver um modelo de transferência de aprendizado, para a reutilização do

aprendizado adquirido para a predição de óbito para pacientes internados por Covid-

19.
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2 Dados

2.1 Regras para a revisão bibliográfica sobre generalização de modelos de ML em saúde

Para o levantamento da literatura acerca da capacidade de generalização de modelos

de ML em saúde foram utilizadas buscas nas plataformas PubMed: (ML OR artificial

intelligence) AND (structured data OR tabular data) AND (health OR healthcare) AND

(generalize OR generalization OR generalisability); Embase: (machine AND learning OR

artificial) AND intelligence AND (structured AND data OR tabular) AND data AND

(health OR healthcare) AND (generalize OR generalization OR generalisability); e Web of

Science: (ML OR artificial intelligence) AND (structured data OR tabular data) AND

(health OR healthcare) AND (generalize OR generalization OR generalizability), publicados

entre janeiro de 2018 e dezembro de 2022. As palavras-chave utilizadas para a busca podem

ser vistas no Quadro 1:

Quadro 1. Estratégia de busca adaptada a cada base de dados.

Database Rules

Embase
(ML or artificial intelligence) and (structured data OR tabular data)
and (health or healthcare) AND (generalize OR generalization OR generalisability)

PubMed
(machine AND learning OR artificial) AND intelligence AND (structured AND
data OR tabular) AND data AND (health OR healthcare) AND (generalize OR
generalization OR generalisability)

Web of Science
((ML or artificial intelligence) and (structured data OR tabular data)
and (health or healthcare) AND (generalize OR generalization OR generalisability))

Os dados foram transferidos para o software Rayyan para a avaliação de elegibilidade

para a revisão sistemática.

2.2 Sistema de Informações de Mortalidade

O Sistema de Informação sobre Mortalidade (SIM) foi estabelecido em 1975 e

informatizado em 1979 pelo Ministério da Saúde, com o objetivo de coletar dados de

mortalidade e das doenças que levaram a óbito em todo o Brasil.

A principal fonte dos dados do SIM é a declaração de óbito (DO), sendo padronizada

nacionalmente e distribúıda em três vias. O documento é preenchido pelo médico que

atendeu o paciente, ou, na sua ausência, por duas pessoas que tenham presenciado ou

verificado o óbito. As declarações de óbito são coletadas pela Secretaria de Saúde do
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Munićıpio ou do Estado no estabelecimento de saúde e os seus dados são digitalizados e

inseridos no SIM, sendo posteriormente disponibilizados no site do DATASUS.

Os dados do SIM são amplamente utilizados para a vigilância epidemiológica, além

de servirem de base para a elaboração de indicadores sociodemográficos. Os seus resultados

proporcionam a produção de estat́ısticas de mortalidade brasileira e a construção de alguns

dos principais indicadores de saúde.

A DO sintetiza os dados de:

- Identificação: tipo de óbito (fetal, não-fetal), data do óbito, hora do óbito, natura-

lidade, data de nascimento, idade (em anos) e para menos de 1 ano (meses, dias,

horas, minutos, ignorado), sexo (masculino, feminino, ignorado), raça/cor (branca,

preta, amarela, parda, indigena), situação conjugal (solteiro, casado, viúvo, separado

judicialmente, união estável, ignorada), escolaridade (sem escolaridade, fundamental

I, fundamental II, médio, superior incompleto, superior completo, ignorado e série;

ocupação habitual segundo a Classificação Brasileira de Ocupações (CBO);

- Residência: munićıpio de residência, código do munićıpio de residência;

- Ocorrência: local de ocorrência(hospital, outros estabelecimentos de saúde, domićılio,

via pública, outros, ignorado), estabelecimento, código CNES do estabelecimento,

munićıpio de ocorrência, código do munićıpio e unidade da federação;

- Fetal ou menor de um ano (de preenchimento exclusivo para óbitos fetais): idade da

mãe, escolaridade da mãe, ocupação habitual, número de filhos vivos, número de

perdas fetais ou abortos, número de semanas de gestação, tipo de gravidez (única,

dupla, tripla e mais, ignorada), tipo de parto (vaginal, cesáreo, ignorado), morte em

relação ao parto (antes, durante, depois, ignorado), peso da criança ao nascer em

gramas e número da declaração de nascido vivo;

- Condições e causa do óbito (mulher em idade fértil): a morte ocorreu (na gravidez,

no parto, no aborto, até 42 dias após o parto, de 43 dias a 1 ano após o parto, não

ocorreu nesses peŕıodos, ignorado), recebeu assistência médica durante a doença que

ocasionou a morte (sim, não, ignorado) diagnóstico confirmado por necrópsia (sim,

não, ignorado), causa direta da morte (diagnóstico, tempo entre o ińıcio da doença e

o óbito e CID), outras condições que contribúıram para a morte;

- Médico: Óbito atestado por médico (assistente, substituto, IML, SVO, outro), mu-

nićıpio e unidade da federação do SVO ou IML;
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- Causas externas: tipo de óbito (acidente, suićıdio, homićıdio, outros ou ignorado),

acidente de trabalho (sim, não, ignorado), fonte da informação (boletim de ocorrência,

hospital, famı́lia, outro, ignorado), descrição do evento incluindo tipo de local de

ocorrência e endereço caso tenha ocorrido em via pública;

- Cartório: nome do cartório, código do cartório, número do registro, data e munićıpio;

- Localidade sem médico: nome do declarante e de duas testemunhas.

2.3 Sistema de Informações sobre Nascidos Vivos

O Sistema de Informação sobre Nascidos Vivos (SINASC) foi implantado a partir

de 1990 pelo Ministério da Saúde com o objetivo de coletar dados sobre nascimentos em

todo o território brasileiro.

A principal fonte dos dados do SINASC é a declaração de nascido vivo (DNV),

sendo padronizada nacionalmente e distribúıda em três vias. Assim como no caso do

SIM, no SINASC o documento também é preenchido por um profissional de saúde que

atendeu o paciente. As declarações de nascidos vivos são coletadas pela Secretaria de

Saúde do Munićıpio, e são agregados aos ńıveis estadual e federal, sendo posteriormente

disponibilizados no site do DATASUS.

Os dados do SINASC são amplamente utilizados para recolhimento de informações

sobre nascimentos e utilizados para a construção de indicadores demográficos e sociais.

As variáveis coletas na DNV são relacionadas a dados de:

- Identificação do recém-nascido: data do nascimento, hora do nascimento, sexo

(masculino, feminino, ignorado), peso da criança ao nascer em gramas, ı́ndice Apgar

no 1º e no 5º minuto, detecção de alguma anomalia congênita (sim, não, ignorado);

- Local de ocorrência: local (hospital, Outro estabelecimento de saúde, domićılio,

outros, ignorado), estabelecimento de saúde, código CNES, munićıpio de ocorrência,

código do munićıpio e unidade da federação;

- Mãe: escolaridade (sem escolaridade, fundamental I, fundamental II, médio, superior

incompleto, superior completo, ignorado) e série; ocupação habitual segundo a CBO,

data de nascimento da mãe, idade da mãe, naturalidade, situação conjugal (solteira,

casada, viúva, separada judicialmente, união estável, ignorada), raça/cor (branca,
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preta, amarela, parda, ind́ıgena), munićıpio de residência, código do munićıpio de

residência; unidade da federação;

- Pai: idade do pai;

- Gestação e parto: número de gestações anteriores, número de partos vaginais, número

de cesáreas, número de nascidos vivos, número de perdas fetais/abortos, data da

última menstruação DUM, número de semanas de gestação (se DUM ignorada),

método utilizado para estimar (exame f́ısico, outro método, ignorado), número de

consultas pré-natal (ignorado), mês de gestação em que iniciou o pré-natal (ignorado),

tipo de gravidez (única, dupla, tripla ou mais, ignorado), apresentação (cefálica,

pélvica ou podálica, transversa, ignorado), o trabalho de parto foi induzido (sim,

não, ignorado), tipo de parto (vaginal, cesáreo, ignorado), cesárea ocorreu antes do

trabalho de parto iniciar (sim, não, não se aplica, ignorado), nascimento assistido

por (médico, enfermeira/obstetriz, parteira, outros, ignorado);

- Anomalia congênita: descrição das anomalias observadas;

- Preenchimento: data do preenchimento, função (médico, enfermeiro, parteira, fun-

cionário do cartório, outros);

- Cartório: nome do cartório, número do cartório, registro, data, munićıpio, unidade

da federação.

Para esta tese, dois bancos de dados, obtidos do Linkage do SINASC e do SIM,

foram avaliados, um disponibilizado pela Secretaria municipal de Saúde de São Paulo,

referente a nascidos vivos no munićıpio de São Paulo entre 2012 e 2017, e outro pelo

Ministério da Saúde, referentes a nascidos vivos em munićıpios de todo o Páıs entre 2014 e

2017.

Para a identificação dos óbitos neonatais de nascidos vivos no munićıpio de São

Paulo, o procedimento de Linkage foi realizado em duas etapas. Na primeira, foi filtrados

pela Secretaria Municipal da Saúde de São Paulo capital dados entre os anos de 2012 e

2017, possuindo um total de registros igual a 1.202.843, sendo em sequência exclúıdos os

nascimentos anteriores a 2012 ou posteriores a 2017, com idade gestacional inferior a 15

semanas ou posteriores a 45 semanas e nascimentos que não ocorreram no munićıpio de

São Paulo. Após as exclusões, os dados do SINASC resultaram em 1.163.153 registros de

nascidos vivos. Em relação ao Sistema de Informação sobre Mortalidade (SIM), foram

recebidos dados entre os anos de 2012 e 2018, totalizando 313.756 registros, sendo em
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sequência exclúıdos os óbitos infantis acima de 5 anos de idade ou cuja a idade no momento

do óbito encontra-se desconhecida, ignorada ou nula. Após as exclusões, os dados do SIM

resultaram em 16.532 registros de óbitos infantis. O linkage dos dados do SINASC e SIM

ocorreu em duas etapas, sendo a primeira um linkage determińıstico com as informações

do número de identificação do nascimento quando preenchido também na declaração de

óbito.

Na segunda etapa, foi realizado um linkage probabiĺıstico utilizando o nome da

mãe, data de nascimento e sexo da criança. O linkage probabiĺıstico foi utilizado apenas

quando a similaridade encontrada superou 85%. O banco de dados resultante do linkage

chegou a 12.986 registros, ou seja, cerca de 81% dos registros originais constam no banco

de dados total. Neste trabalho, foram utilizados apenas os dados de nascidos vivos entre

2012 e 2015 (N=807.932) com óbitos até o vigésimo oitavo dia do nascimento (N=5.518).

Todos os dados foram recebidos já anonimizados.

O segundo linkage recebido de dados do SIM e SINASC foi disponibilizado pelo

Ministério da Saúde com dados de nascimentos em 2014 (N=2.979.260), 2015 (N=3.017.670)

e 2016 (N=2.857.800) e óbitos menores de um ano entre 2014 e 2017 (N=103.842). Para os

nascidos vivos de diferentes munićıpios brasileiros, os óbitos neonatais foram identificados

por meio de Linkage realizado em três etapas: a primeira, determińıstica, pelo número

da DVN, sendo responsável por 80% da vinculação; a segunda, também determińıstica,

por uma chave formada pelo nome da mãe, data de nascimento da criança e sexo, com

incremento de 9% na vinculação; o terceiro, probabiĺıstico, utilizou o nome da mãe, data

de nascimento e sexo para pareamento com o Link Plus 12 (CDC-Atlanta), adicionando

um incremento de 4% na vinculação. O resultado foi 93% de vinculação. Apenas 7.697

registros, ou cerca de 7% dos óbitos infantis, não foram localizados no SINASC. Foram

utilizados apenas os registros de nascimentos de 2016 com óbitos entre 2016 e 2017 de

forma a homogeneizar os resultados de teste. Para esse trabalho, foram selecionados os

dados de munićıpios que apresentavam pelo menos 2 óbitos.

Assim como o linkage produzido pelo munićıpio de São Paulo, os dados do Ministério

também foram recebidos anonimizados e livres de variáveis senśıveis. Os dados podem ser

acessados em Diniz et al. (2022).
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2.4 IACOV-BR

A rede de Inteligência Artificial para Covid-19 no Brasil (IACOV-BR) foi criada

entre março e junho de 2020, pelo Laboratório de Big Data e Análise Preditiva em

Saúde (LABDAPS) da Faculdade de Saúde Pública (FSP) da Universidade de São Paulo

(USP), incluindo informações de 16.236 indiv́ıduos como dados cĺınicos, laboratoriais

e demográficos de pacientes com suspeita ou confirmação de covid-19 de 18 hospitais

(públicos e/ou privados) das cinco regiões brasileiras. O projeto teve o financiamento da

Microsoft (“AI for Health COVID-19 Grant”), da Fundação de Apoio à Pesquisa do Estado

da Paráıba (Fapesq) e do Conselho Nacional de Desenvolvimento Cient́ıfico e Tecnológico

(CNPq) do Ministério da Ciência, Tecnologia e Inovações. A rede coletou informações

durante a triagem dos pacientes para o desenvolvimento de modelos de ML para a predição

do prognóstico de covid-19, como a necessidade de ventilação mecânica, de internação

em UTI ou risco de óbito. Os dados foram recebidos dos hospitais já anonimizados. As

variáveis coletadas foram:

- Sociodemográficas: idade (em anos), gênero (masculino, feminino);

- Cĺınicas: resultado RT-PCR para Covid-19 (positivo, negativo), data do pedido do

RT-PCR, data de internação em leito comum, data de inicio do uso de ventilação

mecânica, data de internação em UTI, data de óbito, data de alta hospitalar, pressão

arterial sistólica (mmHg), pressão arterial diastólica (mmHg), pressão arterial média

(mmHg), temperatura corporal, frequência card́ıaca (número de batimentos card́ıacos

por minutos), frequência respiratória (número de movimentos respiratórios por

minuto);

- Laboratoriais: hemoglobina (g/dL), plaquetas (quantidade/mm³), hematócrito (%),

hemácias (quantidade x 106/mm³ ), concentração de hemoglobina corpuscular

média (g/dL), hemoglobina corpuscular média (pg), amplitude de distribuição

dos glóbulos vermelhos (%), volume corpuscular médio (fL), leucócitos (quanti-

dade/mm³), neutrófilos (quantidade/mm³), linfócitos (quantidade/mm³), basófilos

(quantidade/mm³), eosinófilos (quantidade/mm³), monócitos (quantidade/mm³).
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3 Métodos

3.1 Glossário de Machine learning

3.1.1 Machine learning

ML é uma subárea da inteligência artificial que permite que modelos captem padrões

a partir de dados sem serem explicitamente programados. Ele fornece uma maneira eficaz de

extrair insights e padrões úteis a partir de conjuntos de dados, tornando-se uma tecnologia

cada vez mais relevante, especialmente nas áreas da saúde. Nesta seção, serão explorados

os conceitos básicos de ML.

- Algoritmo: conjunto de instruções ou regras que um modelo segue para aprender

a partir dos dados. Um algoritmo de ML é responsável por determinar como um

modelo aprende a partir dos dados, incluindo como ele processa, transforma e ajusta

os dados para fazer predições.

- Baseline: modelo utilizado como base de comparação para a performance dos

resultados, sendo responsável pela performance mı́nima esperada.

- Boosting: conjunto de classificadores fracos ou simples (árvores de decisão), ligei-

ramente correlacionados com a classificação verdadeira, para criar um classificador

forte, melhor do que um classificador aleatório. Esses algoritmos aprendem de forma

iterativa, ajustando os erros dos modelos anteriores.

- Calibração: capacidade do modelo de apontar as probabilidades preditas corretas.

- Camada: conjunto de neurônios artificiais em uma rede neural.

- Camada oculta: camadas de uma rede neural entre a camada de entrada e de

sáıda.

- Convergência: ocorre quando no modelo não pode melhorar mais com o incremento

de iterações, ou seja, os valores de função de custo (perda) mudam pouco ou nada a

cada iteração adicional.

- Classe majoritária: classe do desfecho com maior número de exemplos.

- Classe minoritária: classe do desfecho com menor número de exemplos.

- Cluster: agrupamento de acordo com o padrão dos dados.

- Classificação binária: modelo de classificação que prediz classes mutuamente

exclusivas.
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- Dados categóricos: composto de variáveis binárias (dummies) e/ou com múltiplas

categorias, que costumam representar uma categoria ou classe para descrever carac-

teŕısticas qualitativas.

- Dados cont́ınuos: composto de variáveis quantitativas ou numéricas, que podem

assumir um número infinito de valores em um intervalo cont́ınuo. Eles são medidos

em uma escala cont́ınua e podem ser fracionados em quantidades menores, como

números decimais ou frações.

- Dados desbalanceados: quando a tarefa de classificação possui uma classe predo-

minante. Geralmente os modelos de saúde são desbalanceados em relação ao desfecho

positivo (existência de doença).

- Desfecho: resultado a ser predito, o Y da equação ou variável dependente.

- Deep learning: modelo de rede neural com mais do que uma camada oculta.

- Engenharia de features: modificação de variáveis a serem inclúıdas no modelo.

- Ensemble: modelos treinados onde as predições resultantes são agregadas, ou

calculadas em torno da média.

- Época: total de observações ou exemplos sobre o tamanho do lote, ou seja, é a

passagem completa de todo o conjunto de dados de treinamento durante o processo

de treinamento de um modelo. No decorrer de cada época os parâmetros do modelo

são atualizados.

- Exemplo: o mesmo que instância, observação, ou linha dos dados tabulares.

- Função objetivo: métrica a ser otimizada.

- Generalização: capacidade do modelo performar corretamente em novos dados.

- Hiperparâmetros: são configuração externas ao modelo, controlando a qualidade

do modelo, não sendo diretamente estabelecidos pelos dados, por exemplo a taxa de

aprendizado de uma rede neural.

- Houdout: estratégia que oculta dados do treinamento.

- Importância de variáveis: explicação de como as variáveis foram importantes

para o algoritmo na construção do modelo.

- Iteração: número de vezes que um modelo de ML é treinado em um conjunto de

dados durante o processo de ajuste de pesos e parâmetros.

- Lote: conjunto de observações utilizados em uma iteração durante o treinamento.

- Modelo: representação matemática treinada em um conjunto de dados para aprender

padrões que levem aos desfechos.
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- Modelo de classificação: predição resultante é uma classe, podendo ser binária ou

múltipla.

- Neurônio: unidade dentro de uma camada oculta que recebe uma entrada e aplica

uma função para gerar um valor de sáıda.

- Normalização: conversão em um intervalo de valores padrão.

- One-hot encoding: técnica de representação de dados categóricos que consiste em

transformar cada categoria em um vetor binário de tamanho igual ao número de

categorias posśıveis.

- Otimização de hiperparâmetros: seleção da melhor configuração de hiper-

parâmetros.

- Parâmetros: são configurações internas das variáveis em um modelo de ML, usado

para o ajuste do modelo aos dados, como por exemplo os pesos de uma rede neural

ou os coeficientes de uma regressão.

- Pré-processamento: conjunto de técnicas e etapas que são aplicadas aos dados

brutos antes de serem utilizados como entrada para um modelo de ML.

- Regularização dropout: regularização utilizada para treinar redes neurais e reduzir

overfitting.

- ReLU: tipo de função de ativação em uma rede neural.

- Redes neurais: modelo com uma camada oculta.

- Rúıdo: outlier ou dados que não seguem um padrão ou não possuem informações

relevantes para a tarefa de aprendizado.

- Variância: sensibilidade das predições na presença de alguma alteração nos dados

de entrada.

- Variáveis preditoras: também conhecidas como features, atributos ou carac-

teŕısticas, correspondendo as variáveis independentes da equação.

- Validação cruzada: técnica utilizada em ML para avaliar a capacidade de gene-

ralização de um modelo. Consiste em dividir o conjunto de dados dispońıvel em

partições de mesmo tamanho, com treinamento repetido em k-1 partições e validado

na partição restante.

- Viés: tendência de um modelo de ML a aprender ou predizer certos resultados

com base na forma como os dados de treinamento foram coletados ou rotulados,

podendo surgir do conjunto de dados de treinamento, do algoritmo utilizado e das
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suposições do modelo. O viés pode levar a problemas de discriminação, injustiça

e/ou desigualdade.

- Taxa de aprendizado: hiperparâmetro que determina a magnitude da velocidade

dos ajustes feitos aos pesos.

- Threshold: valor de corte para determinar a classe resultante de um modelo de

ML. Quando usado no conjunto de teste, o modelo produzirá uma pontuação de

probabilidade para cada classe. O threshold de classificação é usado para converter a

pontuação de probabilidade em uma classe para o desfecho.

Métricas de Desempenho

Para a avaliação do desempenho dos modelos preditivos de classificação foi utilizada

a Área abaixo da curva Receiver Operating Characteristic (ROC). A curva ROC é uma

curva sobre a linha de discriminação que possibilita a comparação dos classificadores

intervalo [0,1], com valores que se aproximam de 1 indicando classificações melhores. Essa

métrica se mostra adequada quando se dispõe classes desproporcionais em problemas de

classificação binária (45).

• Precisão: capacidade do modelo identificar corretamente os exemplos positivos, ou

a proporção de instâncias positivas que foram classificadas como positivas. Pode

ser calculada pela divisão de números verdadeiros positivos (TP) pela soma dos

verdadeiros positivos e dos falsos positivos (FP).

Precisão =
TP

(TP + FP )

• Sensibilidade/Recall: a proporção de instâncias classificadas corretamente como

positivas em relação ao total de instâncias de fato positivas. Pode ser calculada pela

divisão de número de verdadeiros positivos pela soma dos verdadeiros positivos e

falsos negativos.

Sensibilidade =
TP

(TP + FN)
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• F1 score: média harmônica entre precisão e sensibilidade. Pode ser calculada por:

F1 =
2 ∗ (Precisão ∗ Sensibilidade
(Precisão+ Sensibilidade)

• AUCPR: a área abaixo da curva Receiver Operating Characteristic (ROC) de

precision-recall, avalia a habilidade do modelo em predizer corretamente as instâncias

positivas, em relação às instâncias negativas. A AUCPR dá mais peso ao desempenho

do modelo na identificação correta das instâncias positivas.

• Especificidade: a proporção de instâncias negativas classificadas corretamente como

negativas em relação ao total de instâncias negativas. Pode ser calculada pela divisão

de número de verdadeiros negativos (TN) pela soma dos verdadeiros negativos e

falsos positivos (FP).

Especificidade =
TN

(TN + FP )

• Valor predito negativo (VPN): capacidade do modelo identificar corretamente

os exemplos negativos, ou a proporção de instâncias negativas classificadas como

negativas. Pode ser calculada pela divisão de números verdadeiros negativos pela

soma dos verdadeiros negativos e dos falsos negativos (FN).

V PN =
TN

(TN + FN)

• Brier score: medida de avaliação que permite conferir a calibração do modelo, ou

seja, serve para verificar a qualidade do modelo. Pode ser calculada por:

Brier =
1

n
∗
∑

(y − p)2
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Sendo n o número total de instâncias; y a classe real da instância e p a probabilidade

predita.
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4 Resultados

4.1 Artigo 1. Generalization of machine learning models: A scope review of the health
applications

Keywords: Machine learning; healthcare; generalization

Abstract

Machine learning applications have been a growing area of scientific research over

the last few years. Consequently, the need for increasingly accurate and robust models has

intensified in several areas, especially in healthcare. Epidemiological studies commonly

seek to develop methodologies that have external validation, i.e. that prove to be effective

when applied to other populations. These challenges are increasingly important for studies

on machine learning in healthcare, and the debate if this should be a requirement for

predictive algorithms is still incipient. The present study performed a scope analysis

to identify the most prevalent outcomes and directions in the field of machine learning

generalizations in healthcare. We found that despite the challenges of generalization being

frequently discussed in the literature, few studies have actually tested the generalization

ability of machine learning algorithms with real patient data.
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4.1.1 Introduction

Machine learning (ML) can improve health outcomes by facilitating the analysis of

complex and multidimensional data, with the potential of supporting decision-making pro-

cesses and enabling personalized treatment strategies (6, 46, 8). However, the effectiveness

of ML models depends on their ability to generalize well to new data. The generalizability

of a model refers to its ability to correctly predict the occurrence of events when exposed to

a different population from its training set (47). In machine learning studies, generalization

usually refers to the replicability of the predictive metrics to other data, with temporal or

spatial differentiation, when compared to the training and validation data, and can be an

indicator of the reliability of the model (48).

In machine learning for health applications, algorithms are frequently applied to

predict the occurrence of an event, requiring a training set that will guide the model to

learn patterns for predicting future events (16). The use of machine learning in healthcare

can help promote the prioritization of care by considering individual factors (49). However,

due to the heterogeneity of the input data, there are usually no guarantees of model

extrapolation, given the current limitations of the technology. In the healthcare sector,

where data is often limited and expensive to obtain, the ability to generalize supervised

ML models is particularly important to ensure that models can be deployed in real-world

environments.

Most epidemiological studies use tabular data, especially, clinical and laboratory

data, that can be organized into tables. Although tabular data is vast in health, it is still

less studied in machine learning applications than unstructured data. On unstructured

data the algorithms need extremely large databases to get reasonable results. Tabular

data, on the other hand, may need leaner samples if they have strong predictors.

Health databases used for predictive analyzes with ML often have a low number of

observations with low prevalence of the outcome, and are based on data from a hospital or

hospital network, which can restrict their ability to generalize.

We performed a scope review on the generalization of supervised ML models in

healthcare, with the objective of analyzing the main research outcomes regarding the

generalization of predictive algorithms in healthcare in order to identify its existing

applications, in addition to addressing its limitations, gaps, and main trends.
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4.1.2 Material and Methods

This scope review was developed to answer the following question: What are

the main generalization issues regarding machine learning algorithms in healthcare?

Registered in Prospero International prospective register of systematic reviews with ID

CRD42023409789.

Inclusion criteria

In this scope review, we selected as eligible articles that met the following criteria: (a)

ML articles using supervised learning with a predictive goal; (b) articles with information

collected at the individual level; and (c) articles focusing on tabular/structured features

such as socioeconomic and demographic characteristics, health conditions, and clinical and

laboratory results.

Exclusion criteria

The following were excluded: (a) articles that used synthetic data (random data

division resulting from the hold out method); (b) articles that used only genetic or

pharmacological data, due to the focus on common data entered in hospital records; (c)

articles using unstructured data; and (d) review articles.

Outcome

The outcomes of interest comprise any tabular health outcome, such as sepsis,

hospital readmission, and death.

An electronic search was performed on the following databases: Embase, US National

Library of Medicine, National Institutes of Health – PubMed, and Web of Science (WoS),

using keywords such as ”artificial intelligence”, ”machine learning”, ”structured data”,

”tabular data”, ”health”, ”healthcare”, ”generalization”, and ”generalizability”. The

search strategy per each database is shown in Frame 1. Searches were restricted to articles
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published between January 2018 and December 2022, and no language restrictions were

applied.

Frame 1. Adapted search strategy for Embase, PubMed, and Web of Science

databases.

Database Rules

Embase
(ML or artificial intelligence) and (structured data OR tabular data)
and (health or healthcare) AND (generalize OR generalization OR generalisability)

PubMed
(machine AND learning OR artificial) AND intelligence AND (structured AND
data OR tabular) AND data AND (health OR healthcare) AND (generalize OR
generalization OR generalisability)

Web of Science
((ML or artificial intelligence) and (structured data OR tabular data)
and (health or healthcare) AND (generalize OR generalization OR generalisability))

Two authors (MF and KAM) independently reviewed all individual manuscripts.

In order to collaboratively select, organize, and manage decisions about the articles

identified in this systematic review, the reviewers used the Rayyan software. All articles

identified from all research databases were exported to a spreadsheet and entered Rayyan,

in which duplicate articles were removed. Subsequently, the title and abstract of each study

were independently assessed by the two reviewers, to evaluate its eligibility for review,

considering the pre-established inclusion and exclusion criteria. In this first screening step,

papers that clearly did not fulfill the inclusion and exclusion criteria were removed. Those

that met the criteria or those that the reviewers were not able to decide, based on titles

and abstracts only, had their full texts evaluated independently by the two reviewers.

Finally, for all papers included in the review, data extraction was performed independently

by the same two reviewers.

The information collected from each manuscript included identification details,

information about the data, information about the models and its generalization ability,

and main findings. Regarding identification, it was collected the title of the paper, authors,

and year of publication. On the data, we collect details such as the country, data settings,

sample size, and years of coverage of the data. We also extracted information about the

type of prediction problem (classification or regression), the method used for dividing

training and testing data, the algorithms used, and the metrics reported, such as Area

Under Receiver Operating Curve (AUC), accuracy, and F-score. Regarding generalization,

we evaluated whether the models were tested in diverse scenarios, including different



Caṕıtulo 4. Resultados 40

temporal, spatial, and ethnic-racial contexts. Finally, the two reviewers identified the

outcome of each study and collected its main findings.

4.1.3 Results

The combined search from all three databases yielded 893 studies. After the removal

of duplicates, screening of titles and abstracts, and full-text evaluation, 16 studies were

included in this systematic review. The process of identifying and selecting relevant

scientific articles is shown in Figure 1.

Figure 1 – Integrative representation of data extraction steps including identification,
screening and inclusion steps reported according to PRISMA guidelines
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Characteristics of the studies

The studies in this review were mostly concentrated in the United States (75%, 12

out of the 16 papers), with the rest divided between Brazil, Mexico, Canada, Denmark,

Singapore, and China. Among the collected variables, there were socioeconomic and

demographic characteristics, clinical data, laboratory data, criminal data, medications,

and medical history. Topics included risk of death (18.8%, 3 articles (50, 51, 52), hospital

admission or readmission (3 articles (53, 54, 55), risk of suicide (12.5%, 2 articles (56, 57),

postoperative complications (2 articles (58, 59), and one paper of each of the following

subjects: survived (60), diabetes (61), sepsis (62), Fabry disease (63), child health diagnosis

(64), and risk of crime after psychiatric admission (65).
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Performance measures

The metrics most reported by the manuscripts were AUC (100%), Area Under

Precision-Recall Curve (AUPRC) (12.5%), precision (68.8%), sensibility or recall (68.8%),

specificity (43.8%), negative predictive value (NPV) (31.3%), accuracy (50%), and f-score

(56.3%).

Overall findings

Every article performed a supervised classification learning analysis. Generalization

issues were analyzed by time/period, and synthetic generalization was tested through

random division and by shuffling the database into training and testing, both in 70-30

and 80-20 training and testing division, and also using cross-validation with 5 and 10

folds. Around 88% of the papers used synthetic generalization. The two papers that tested

generalization by analyzing its results in another dataset or in prospective data were 56

and 59, which performed generalization analysis in two hospitals and in different years,

respectively.

4.1.4 Discussion

We performed a scope review of studies that analyzed the generalization of machine

learning algorithms in healthcare. Our survey identified 16 articles from platforms such as

PubMed, Embase, and Web of Science. We found that despite the issue of generalization

being frequently discussed, few studies have actually tested the generalization of machine

learning algorithms with real patient data.

The studies included in this review showed that the generalization of machine

learning models applied to health outcomes is important, but the methodology to perform

this generalization is still incipient. Most of the literature has showed the feasibility of

synthetic generalizing the models, with only two papers (56, 59) testing the generalizability

of time or space. Synthetic generality was frequently defined as the unseen data (test)

resulting from the randomization of the total data, thus being an indication of adaptation
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of the model to new data but without the characteristic of being in a different time and/or

space.

There are many benefits, especially economic ones, regarding the generalization of

health models. For companies and model developers, it allows the creation of a single model

and being able to sell it to multiple buyers. For health services, ensuring the generalization

of models applied in the system improves local development and equity. However, these

same reasons can incentivize the enforcement of algorithms through unreliable predictions.

Algorithmic generalizations for vulnerable subgroups (ethnic-racial, and groups

for different socioeconomic backgrounds) are especially important and necessary, but

even these may not always be technically possible. Despite not being a consensus, when

identifying the limitations of the model created, it may be more interesting to have a

model built specifically for this minority group, tailoring the model and therefore having

more than one model for the same outcome. This study has a few limitations. The first

is regarding the choice of keywords for the search engines, which can change frequently

in a relatively new area such as machine learning for healthcare. Another limitation is

the different ways of understanding the generalization of models by the studies, with the

absence of standardization of paradigms to assess the quality of the generalization of

algorithms. Despite its challenges, this type of bibliographical survey helps in the search

for clarifications about commonly used terms and the correct way to apply them.

This study points to the many challenges of applied generalization studies in

machine learning for healthcare data. There is a growing need within the literature for

a better understanding of generalization issues and how to measure them. As the field

matures, new challenges will emerge regarding how to scale locally-validated models. While

generalizable models are desirable, they should not prevent accurate local models from

being used.
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4.2 Artigo 2. Population-based validation of machine learning models for neonatal morta-
lity prediction

Keywords: Neonatal mortality, Birth records, Population Health, Health prediction,

Machine learning, Artificial Intelligence

Abstract

Despite recent improvements, neonatal mortality rates remain high worldwide,

especially in developing countries. Predictive machine learning (ML) algorithms can

improve targeted public policies and increase preventive measures in neonatal health.

In this study, we evaluated the generalization ability of machine learning algorithms to

predict neonatal deaths, testing their performance across different geographic regions of

Brazil, a highly unequal country. We analyzed linkage data from the two main Brazilian

national health sources, i.e. the Information System on Live Births (SINASC) and the

Mortality Information System (SIM). The algorithm was trained with 2012-2015 data from

São Paulo, the most populous city in Brazil, and included 807,932 newborns and 5,518

neonatal deaths. The test set comprised data from all Brazilian cities with at least two

occurrences of neonatal deaths among children born in 2016, which included 2,848,052 live

births and 23,948 neonatal deaths. We applied a popular machine learning algorithm with

ten predictor variables routinely collected for newborns in Brazil: place of birth, mother’s

age, mother’s education, mode of delivery, Apgar scores at 1st and 5th minutes, birth

weight, presence of congenital anomaly, and gestational age. In the city of São Paulo,

where the algorithm was originally trained, we found an AUROC of 0.97, which decreased

only slightly for other state capitals (with a mean of 0.96 and a standard deviation of 0.01),

but more for other Brazilian cities (mean of 0.91, and a standard deviation of 0.11). The

results bring new insights to the generalization ability of artificial intelligence models in

highly unequal areas. We identified that although there was a reduction in the predictive

performance of the algorithm, the metrics remained acceptable even for smaller cities.
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4.2.1 Introduction

Neonatal mortality is defined as the death of newborns within their first 28 days of

life (66), and is considered an important overall public health indicator (67). Within the

last three decades, there was a decrease of approximately 52% in the worldwide neonatal

mortality rate, but this decline was lower than the observed for the mortality of children

up to 5 years old during the same period (68). Also, the magnitude of the reduction in

neonatal mortality in Latin America and the Caribbean is decreasing over time, and is

below the global average (69).

In 2019, around 2.4 million neonatal deaths occurred worldwide (69). In developing

countries, the neonatal mortality rate is still much higher than in developed countries

(68, 70). Recent studies have found that in low-middle and upper-middle-income countries,

neonatal deaths account for approximately 57% and 55% of deaths of children under 1

year of age, respectively (71).

In Brazil, although there has been a consistent reduction in infant mortality during

the last 30 years, the result is still considered insufficient for international standards (72).

In 2020, there were 16,716 preventable neonatal deaths recorded in the country (73), with

the highest rates concentrated in the North and Northeast regions of the country, reflecting

a well-known scenario of socioeconomic inequalities.

The third Sustainable Development Goals (SDG) is to eradicate preventable deaths

of newborns and children under 5 years of age in all countries (74, 75). Over the last few

decades, the implementation of several public policies has contributed to the reduction of

the neonatal mortality rate in Brazil (76, 77, 78, 79). Even considering these advances,

the country still needs to eradicate its high neonatal mortality from preventable causes

(80, 81) in order to achieve the SDG target by 2030.

Artificial intelligence algorithms have the potential to support stakeholders and

healthcare professionals in improving decision-making (82). Machine learning algorithms

have already been used to predict high-risk pregnancy (83, 84), premature mortality

(85, 86), neonatal mortality (87, 88), fetal growth and weight (89, 90, 85, 91), conditions

associated with maternal health (92, 93), among others, but the generalization ability of

these algorithms in diverse and unequal settings is still unknown.
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In addition to predicting neonatal mortality with high performance, being able

to apply an algorithm trained on one city to a different sociodemographic context is an

important asset to health systems. This study aims to evaluate the generalization capacity

of machine learning models by evaluating the performance in all Brazilian cities of an

algorithm developed in the most populous Brazilian city. Considering the continental

dimension of Brazil and its heterogeneity of income and health infrastructure, these results

can assist clinical decision-making by improving the use of machine learning models for all

regions of the country.

4.2.2 Methods

Design and settings

We used linkage data from two official Brazilian national registries: the Information

System on Live Births (SINASC, acronym from the Brazilian name Sistema de Informações

sobre Nascidos Vivos) and the Mortality Information System (SIM, acronym from the

Brazilian name Sistema de Informação sobre Mortalidade). Both information systems are

part of the official Health Surveillance systems from the Brazilian Ministry of Health.

Data linkage procedures were carried out by the Brazilian Ministry of Health. It

was performed in three steps, two of which were deterministic and responsible for 89% of

the total linkage, and one that was probabilistic, adding 4% new data. In the first step, the

linkage was performed by the ID of the live birth registry from both systems. The second

step resulted from matching a key composed of the mother’s name, date of birth, and sex

in both systems. Finally, the previous key was also used for the probabilistic linkage of the

data.

A predictive machine learning algorithm was developed using only data from de

city of São Paulo, which has the highest concentration of births in Brazil. The training

model included data from the years 2012 to 2015 and comprised 807,932 newborns and

5,518 neonatal deaths. This database was provided by the municipal health department of

Sao Paulo and its probabilistic linkage was conducted using the mother’s name, date of

birth, and the name of the deceased child (94).

In order to evaluate the performance of the model on new, unseen data, we used

data from the year 2016 from the 3,842 cities within all 27 Brazilian states with at least
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two occurrences of neonatal deaths among children born in 2016, which represent 69% of

all Brazilian cities.

We used the following variables for the development of the predictive model: place

of birth (hospital, other healthcare facilities, at home, others), mother’s age in years,

mother’s education (categorized as formal education, incompleted primary education,

completed primary education, completed high school, some college, and completed college

or more), mode of delivery (vaginal or cesarean), 1st and 5th minutes Apgar scores, birth

weight in grams, presence of congenital anomaly, and gestation age in weeks. The age of

the children at death was used as a proxy for death and recategorized as a binary outcome.

Data analysis

All analyses were conducted in Python. We used a popular machine learning

algorithm (XGBoost) with the following previously tuned hyperparameters, selected using

Hyperopt on the training data: maximum tree depth for base learners, 5; subsample ratio

of the training instance, 0.95; subsample ratio of columns when constructing each tree, 0.7;

the number of gradients boosted trees, 150; balancing of positive and negative weights, 3;

the minimum sum of instance weight needed in a child, 6; minimum loss reduction required

to make a further partition on a leaf node of the tree, 0.0555; and L1 regularization term

on weights, 0.5. The hyperparameters optimization was performed with scoring F1 and

100 maximum evaluations.

We performed the analyses using the minimum data set of perinatal indicators from

the World Health Organization (95), i.e., maternal age, place of delivery, mode of delivery,

birth weight, and gestational age. Additionally, we tested the model further including

3 important variables: 1st minute Apgar score, 5th minute Apgar score, and congenital

anomaly. We also performed sub-group analyses, with variables not added in the general

model, for vulnerable populations to analyze the fairness of the model, by evaluating the

performance of the algorithm among nonwhite mothers, mothers with low education, and

teenage mothers (¡ 18 years).

The performance of the models was evaluated based on the following metrics: area

under the receiver operating characteristic curve (AUC), sensitivity (recall), specificity,

positive predictive value (PPV) or precision, negative predictive value (NPV), the area
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under the prediction-recall curve (AUPRC), and the F1-score. We also estimated Brier

Scores, to analyze the calibration of the predictive models.

4.2.3 Results

Figure 2 summarizes the machine learning analysis performed in this study with

training data from the municipality of São Paulo, and test data for all Brazilian municipa-

lities.

Figure 2 – Representation of the study design and analytical approach

The main characteristics of the training data, which comprised 807,932 live births

and 5,518 neonatal deaths, are included in Supplement Table 1. Over half of the training

population were children whose mothers completed high school, 54% identified as White,

and more than 99% of the births occurred at a hospital facility. The prevalence of congenital

anomalies was 2%.

The analysis that only included the WHO’s minimum data set of perinatal indicators

achieved an AUC of 0.911 (0.90-0.92 CI95%), 0.636 precision, 0.437 recall, 0.518 F1-score,

0.487 AUPRC, and 0.01 of Brier score. Despite the overall high predictive performance,

when including variables such as 1st minute Apgar score, 5th minute Apgar score, and

congenital anomaly, there is an important increase in the selected metrics. Specifically,

an AUC of 0.965 (0.96-0.97 CI95%), 0.632 precision, 0.580 recall, 0.605 F1-score, 0.612
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AUPRC, and 0.01 of Brier score. Therefore, we chose to keep all analysis results including

these three variables as well.

Table 2 shows the death rate and the predictive performance of the model in each

state capital. The neonatal mortality rate ranged from 4.14 in Vitoria, in the Southeast

state of Espirito Santo, to 16.07 in Porto Velho, the capital of the Northern state of

Rondônia. Sensitivity and negative predictive values were very high, i.e., > 99% for all

models, which was expected given the rare nature of the output.

Table 2 – Predictive performance for neonatal mortality on the testing set with the XG-
Boost model for the capitals of Brazilian states, 2016.

Region State Capital Death rate AUC Precision Recall F1 AUPRC Brier

North

Acre Rio Branco 7.92 0.930 0.585 0.425 0.492 0.445 0.007
Amapá Macapá 12.03 0.935 0.784 0.446 0.569 0.608 0.008
Amazonas Manaus 8.45 0.939 0.800 0.490 0.608 0.637 0.005
Pará Belém 14.83 0.958 0.750 0.456 0.567 0.614 0.010
Rondônia Porto Velho 16.07 0.962 0.815 0.469 0.595 0.699 0.010
Roraima Boa Vista 8.63 0.952 0.782 0.544 0.641 0.644 0.005
Tocantins Palmas 12.84 0.968 0.808 0.598 0.688 0.743 0.007

Northeast

Alagoas Maceió 10.44 0.944 0.677 0.496 0.572 0.565 0.008
Bahia Salvador 14.10 0.978 0.707 0.646 0.675 0.727 0.009
Ceará Fortaleza 11.14 0.958 0.656 0.633 0.645 0.663 0.008
Maranhão São Lúıs 13.89 0.968 0.680 0.652 0.666 0.676 0.009
Paráıba João Pessoa 10.43 0.965 0.688 0.505 0.583 0.616 0.008
Pernambuco Recife 14.51 0.964 0.706 0.533 0.607 0.651 0.010
Piaúı Teresina 15.84 0.965 0.802 0.519 0.630 0.696 0.010
Rio G. do Norte Natal 10.46 0.944 0.663 0.540 0.595 0.599 0.008
Sergipe Aracaju 15.63 0.950 0.750 0.513 0.610 0.651 0.010

Midwest

Distrito Federal Braśılia 8.07 0.940 0.517 0.555 0.577 0.600 0.008
Goiás Goiânia 14.40 0.957 0.677 0.555 0.610 0.631 0.010
Mato Grosso Cuiabá 10.67 0.970 0.712 0.542 0.615 0.658 0.007
Mato G. do Sul Campo Grande 8.86 0.950 0.605 0.526 0.563 0.610 0.007

Southeast

Esṕırito Santo Vitória 4.14 0.937 0.714 0.444 0.548 0.534 0.003
Minas Gerais Belo Horizonte 8.61 0.957 0.589 0.608 0.599 0.620 0.007
Rio de Janeiro Rio de Janeiro 8.78 0.959 0.662 0.562 0.608 0.616 0.006
São Paulo São Paulo 7.47 0.965 0.632 0.580 0.605 0.611 0.006

South
Paraná Curitiba 6.74 0.954 0.608 0.558 0.582 0.578 0.005
Rio Grande do Sul Porto Alegre 8.59 0.966 0.524 0.629 0.572 0.563 0.008
Santa Catarina Florianópolis 6.81 0.994 0.713 0.760 0.735 0.806 0.004

Note: AUC = area under the receiver operating characteristic curve; Recall = sensibility;
Precision = positive predictive value; F1 = F1 score; AUPRC = area under
prediction-recall curve; Brier = Brier Score.

The mean values of the AUC was 0.957 (with a standard deviation (SD) of 0.01),

0.689 for precision (0.08 SD), 0.548 for recall (0.08 SD), 0.606 for F1-score (0.05 SD),

0.632 for AUPRC (0.07 SD), and 0.01 for the Brier score (0.00 SD). Brier score values

show how calibrated the models are in relation to the outcome and all state capitals

presented models with a Brier score close to 0, indicating good calibration. All capital

cities presented a very high AUC, with the lowest observed in Rio Branco (0.930). The

northern region of Brazil had the lowest AUC values (approximately 0.949), while the



Caṕıtulo 4. Resultados 52

northest and south regions presented very similar, and high, performance metrics (0.960

and 0.971 respectively). The highest precision and sensitivity values were observed in the

northeast region of the country.

Figure 3 shows the area under the ROC curve for the municipalities with at least 2

deaths in 2016. A total of 1,161 cities were analyzed, distributed among all geographical

areas of the country, and varying considerably by size. The mean AUC among all cities

was 0.902, with a corresponding standard deviation of 0.12.

Figure 3 – Map of the AUC performance of Brazil municipalities to predict neonatal deaths
in 2016.

The five variables with the highest predictive importance according to the Shapley

Value are shown in Figure 4. In this graph, red shows that positive results increases the

probability of neonatal mortality. Therefore, higher birth weight reduced the predicted

increased risk of death, as well as not having congenital mortality and having values

between 9 and 10 in the Apgar score in the first and fifth minutes.
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Figure 4 – SHAP feature importance on the test set.

Supplemental Tables 5-7 report on findings from the sub-group analysis. All sub-

group analyses were performed with vulnerable subgroups living in all 27 Brazilian capitals

and the federal district. Overall, high model performance was observed for all subgroups:

the mean AUC of neonatal mortality among children from teenage mothers and from

low-education mothers was 0.947 for both groups, while for nonwhite mothers the AUC

was 0.954.

4.2.4 Discussion

Our results found a high generalizing ability of the machine learning model for

predicting the risk of neonatal death in a diverse and unequal country. Among the 27

Brazilian state capital cities, all models yielded an AUC higher than 0.93. Our models were

developed using perinatal information from the mother and the baby that are routinely

collected for live births in Brazil, which indicates its potential of being used for public

policies at the national level.

Brazil is a diverse country with continental dimensions. The sociodemographic

profile of the cities varies greatly within the country, as well as their healthcare resources.

The prediction based on variables that are routinely collected allows the development



Caṕıtulo 4. Resultados 54

of models in other settings, and similar approaches should be tested for other countries.

While our study showed the feasibility of generalizing machine learning models trained in

one city to other locations with a different profile, there is also evidence of the feasibility of

generating models to predict perinatal and neonatal mortality in high perinatal mortality

rate areas (96) and in resource-limited settings (97). Neonatal mortality is an important

public health indicator, and the implementation of data-driven tools based on a small

number of easily collected predictors can contribute to reducing inequalities within and

between countries.

The immediate postdelivery is a window of opportunity to identify the risk of

neonatal death, and the predictors that contributed the most to our models, namely

birth weight, congenital anomaly, and Apgar scores at the 1st and 5th minutes, are all

collected at delivery. A recent systematic review on the topic identified that the most

used attributes to predict neonatal mortality were birth weight, gestational age, child sex,

Apgar score, maternal age, and the number of pregnancies (98). Regarding the time of

data collection, a study with around 500,000 pregnancies developed several models for

stillbirth and neonatal prediction and observed a robust increase in model performance

when it included information from the delivery and the day after delivery (97).

We used deaths by place of occurrence in order to create a model based on

characteristics related to the moment of delivery and markers of severity at birth, which

are influenced by factors related to the availability and access to the health service that

performs the delivery or that has technology for neonatal care, so it is not possible to

guarantee that this is an appropriate model to estimate risk of death during prenatal care.

The study has a few limitations. First, the most recent data used was from 2016,

which is the year of the last national linkage available from the Ministry of Health. Second,

we observed some variability between the vulnerable subgroups used in our secondary

analysis, which requires closer monitoring of the model performance for these groups.

Furthermore, the fact that the models generalized well in our study does not mean that

the results will be necessarily replicated for a different outcome. Nevertheless, neonatal

mortality is a relatively stable outcome, therefore only a small variation in the data

distribution is expected, favoring the generalization of the models.

In conclusion, we tested the generalization of a machine learning algorithm to

predict neonatal deaths between cities with a very diverse sociodemographic profile. The

Brazilian Public Health System is undergoing a process of development and integration of
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electronic health records, and it is expected that it will soon be possible to use data from

newborns to readily inform the predicted risk of neonatal death. The development of tools

to assess the risk of neonatal death can be an important asset to national health systems,

and an important asset to achieving the SDG to end preventable deaths of newborns.
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4.3 Artigo 3. Generalization of transfer learning algorithms for tabular healthcare

Keywords: Health tabular data, Prediction, Transfer Learning, Artificial Intelligence

Abstract

Background: Transfer learning is a promising new tool in healthcare and refers

to the ability of artificial intelligence algorithms to learn predictive tasks and adapt the

generated learning to other tasks. It has the potential to complement diagnostic and

prognostic tasks in healthcare, especially in areas with a small number of patients for

training the algorithms. Methods: We compared the predictive performances of popular

machine learning algorithms to predict Covid-19 mortality in a sample of 18 Brazilian

hospitals. We first used the algorithms to select the hospital with the highest potential for

applying transfer learning and then used its patients to train neural networks with local

data, using the learning of a selection of these layers for transferring the models to other

hospitals. Findings: The results showed that despite being promising, the TL method for

tabular data used conventionally in neural networks did not obtain superior results in

boosting models with local training and testing, presenting limitations in relation to the

size of the training sample. Interpretation: Transfer learning models for tabular data can

be useful over the conventional technique approaches, but some technical challenges are

still present.
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4.3.1 Introduction

The use of Machine Learning (ML) techniques has become increasingly relevant in

various fields, such as healthcare. By enabling the recognition of patterns through access

to patient data, these techniques have the potential to assist professionals in better clinical

decision-making (6, 8, 7). These tools aim to minimize errors and enable the humanization

of care, directing the attention of healthcare professionals only to patients.

Transfer Learning (TL) is a technique that allows models trained on specific

tasks to be applied to solve related tasks (39, 40, 41, 42), eliminating the need for the

training data to be independently and identically distributed from the test data (37).

Using these methods, it is possible to obtain acceptable performance results even when

data distributions, space, and/or time change (38), which is especially relevant given the

complexities of healthcare.

The quality of access to healthcare in Brazil has been a topic of scientific interest,

particularly in light of the challenges faced during the Covid-19 pandemic, which highlighted

the weaknesses of the country’s healthcare system (99, 100, 101, 98, 102), as well as in

other countries around the world (103, 104, 105). In this context, developing and adopting

new technologies can significantly contribute to the improvement of healthcare services

provided to the population.

Algorithmic generalization through transfer learning is a well-known but still

poorly disseminated technique that can significantly contribute to solving clinical decisions

(106). Health information systems have a wide variety of data types, with a considerable

portion being structured or tabular data, i.e., information organized in rows and columns.

These data often contain relevant information for health predictions, such as symptoms,

medical history, vital signs, sociodemographic variables, and diagnostic test results. Several

studies have used tabular data for applying artificial intelligence techniques in healthcare,

demonstrating its potential (30, 23, 25, 27, 31, 32, 33, 26, 28, 29, 24).

This article presents an approach for artificial intelligence (AI) algorithmic gene-

ralization applied to healthcare, using TL for predicting death from Covid-19 tabular

data in all five Brazilian geographic regions. Model generalization will be crucial for AI

applications in healthcare, especially in countries with great geographic and population

diversity, such as Brazil, and in situations where algorithms do not generalize well with
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standard models. We propose a methodology for knowledge transfer from pre-trained

models on health data from one region to another, with the aim of improving model

generalization and consequently promoting their applicability in different contexts.

4.3.2 Methods

The Artificial Intelligence Network for Covid-19 in Brazil (IACOV-BR) is a retros-

pective observational cohort of Brazilian hospitalized patients with suspected or confirmed

Covid-19 diagnoses from March to August 2020. It includes 16,236 individuals with clinical,

laboratory, and demographic data from 18 hospitals across the five geographic regions of

Brazil (Figure 5).

The first study of this cohort (107) aimed to identify the best data aggregation

strategy to construct the training of models to predict invasive mechanical ventilation,

admission to the intensive care unit (ICU), and death. The authors tested using only

local data, and seven other strategies, including adding a different number of patients

from other hospitals to the training data based on their geographic location. Predictive

performance for some of the hospitals was very low due to the smaller volume of input

data, which could potentially be solved with a transfer learning approach. In addition,

among the compared strategies, the best performances were obtained with only the use of

training data from the same hospital, emphasizing the difficulty of models in dealing with

changes in data distribution.

For this analysis, a broad range of sociodemographic, clinical, and laboratory

predictors were obtained from routinely collected electronic health records and used for

the algorithms. These predictors were age (years), gender (male, female), systolic blood

pressure (mmHg), diastolic blood pressure (mmHg), body temperature (continuous in

Celsius degrees), heart rate (number of heart beats per minute), respiratory rate (num-

ber of respiratory movements per minute), hemoglobin count (g/dL), platelets count

(quantity/mm³), mean corpuscular hemoglobin concentration (g/dL), red cell distribu-

tion width (%), mean corpuscular hemoglobin (pg), leukocytes count (quantity/mm³),

neutrophils count (quantity/mm³), lymphocytes count (quantity/mm³), basophils count

(quantity/mm³), and monocytes count (quantity/mm³).
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Figure 5 – Map of Brazil with hospitals in the IACOV network according to geographic
region.

This study was approved by the Research Ethics Committee (IRB) of the University

of Sao Paulo (CAAE: 32872920.4.1001.5421), which included a waiver of informed consent.

More details about the IACOV-BR methodology can be assessed in the published literature

(107).

In order to apply TL with acceptable performance in new data, it is necessary to

confirm that the model to be transferred obtained acceptable performance for its local

test set. We therefore first analyzed the results of models built for each of the 18 hospitals

locally (training and testing in the same hospital), using the holdout method that randomly

divides the dataset into two subsets, with 70% allocated to the model training and 30%

allocated to testing. For continuous variables were standardized with a mean of zero and a

standard deviation of one using the Z-score method. Missing data for continuous variables

were imputed by the median due to distribution of data. The mean of the variables in

pre-processing was applied to the test set in order to avoid data leakage problems. The

10-fold cross-validation approach was applied to the training set for model hyperparameter

optimization using the Hyperopt technique. Boosting algorithms commonly used in tabular

data analysis (108) such as Extreme Gradient Boosting (XGBoost), Catboost, and Light

Gradient Boosting Machine (LighGBM) were compared to a neural network model with

Multilayer perceptron (MLP). This decision was made because boosting models are the
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most popular and frequently show good performance (greater than 0.7) for this type of

data, and TL applications (example in the Figure 6) are only possible through neural

networks with more than one hidden layer.

The boosting algorithms and the neural network served as a baseline for the results

of the multi-layer neural network models. Through this initial analysis, we identified

that the hospital with the best local performance in terms of outcome balancing was

the Hospital de Cĺınicas da USP (HC-USP) located in the municipality of São Paulo.

The incidence of death among HC-USP patients was 36%. For the MLP algorithm, the

HC-USP local algorithm yielded an AUROC of 0.809 (95% Confidence Interval 0.77;0-85),

with a recall of 0.528 and specificity of 0.879. Therefore, this hospital was selected as the

reference for the transfer learning process.

In the following step, we used the Boruta algorithm, which selected a minimal

model with 11 variables: age, gender, hemoglobin count, platelets count, mean corpuscular

hemoglobin concentration, red blood cell distribution width, mean corpuscular hemoglobin,

neutrophils count, leukocytes count, lymphocytes count, and monocytes count. All results

from here are displayed with just the variables chosen by Boruta.

We also analyzed the training of the MLP for the selected hospital for the final

model (model to be transferred). In this case, the same steps of data division mentioned

earlier were performed, but now with hyperparameter optimization performed through

10-fold stratified k-fold cross-validation using GridSearch, which exhaustively evaluates all

possible combinations of hyperparameters (48). The best set of selected hyperparameters

was applied for training the baseline model. The baseline MLP was then applied to the

local test data to compare the performance achieved for other algorithms. Finally, the

best threshold was selected for the final model for the comparison between the metric

f1-score superior to 0.7 (previously established) and the error value in the final model.

Model selection was based on the predictive performance of the area under the ROC curve

(AUC). In addition to AUC, metrics such as sensitivity, specificity, precision, negative

predictive value (NPV), F1 score, and Brier score were also reported.

Finally, TL was performed by means of testing the model trained for the reference

hospital (HC- USP) for the remaining 17 hospitals, allowing the comparison with their

local predictive results. Using the model with variables resulting from Boruta, for each

hospital was used the Adam optimizer with a significantly low learning rate of 0.0001,

and binary cross-entropy loss function. The Adam optimizer was selected because it is
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Figure 6 – Architectural example of a transfer learning model

computationally more efficient. A lower learning rate is expected to make training slower,

but it can help the model to converge to a more stable and better solution.

4.3.3 Results

We analyzed a total of 8,477 individuals with positive RT-PCR results for Covid-19

and applied a transfer learning framework from the reference hospital (HC-USP) to 17

other hospitals from different regions of Brazil to predict patient mortality. Supplementary

materials include Table 1 with a description of demographic data from the combined

datasets, Table 2 with the optimized hyperparameters for each model in the local analysis,

Table 3 with the results of the local test models for all variables, and Table 4 with the

results of the local test models for the Boruta-selected variables. For the transfer learning

analysis, the best hyperparameters selected for the neural network through GridSearch

were a dropout rate of 0.3, a learning rate of 0.001, and 32 neurons.

The results of the NN model, as a reference for the application of transfer learning,

trained and tested at HC-USP, obtained an AUC curve of 0.809, with a precision of 0.708,

sensitivity of 0.528, F1-score of 0.605, specificity of 0.879, and negative predictive value

of 0.770, with the best threshold at approximately 0.4. The same model was tested with

Boruta variables. These results can be accessed in Table 12 of the supplementary material.
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The results of the NN model correspond to the local analysis, with training and

testing of the algorithms for each hospital separately using two approaches: one with all

variables from the database and another with variables selected by the Boruta variable

selection algorithm. All metrics presented refer to test data. Only the HC-USP results

are presented for two models, one trained with all variables (AUC curve of 0.809, with a

precision of 0.708, sensitivity of 0.528, F1-score of 0.605, specificity of 0.879, and negative

predictive value of 0.770, with the best threshold at approximately 0.4), and the other with

variables selected by Boruta (Table 12). For other hospitals, consult Table. The results of

the TL application are shown in Table 3.

However, in some cases when learnings from the reference model were applied to

other hospitals, the models started to overestimate positive results with an excess of false

positives, indicating that the negative class was largely ignored. For three hospitals (Hospital

São Francisco, Hospital Escola da UFPel, e Hospital de Urgências de Trindade), the low

sample size made it impossible to obtain a performance result for neural networks models.

Most hospitals performed better in local models with boosting algorithms (LightGBM and

XGBoost), indicating that TL with neural network algorithms did not improve predictive

performance. For hospitals with a larger sample, the results of boosting models and Neural

Networks were closer, showing the a higher ability of Neural Networks to deal with a larger

number of observations.

4.3.4 Discussion

Our study developed a classification transfer learning model for structured data

to predict Covid-19 mortality using data from the largest country in Latin America. Our

findings demonstrated the feasibility of applying transfer learning techniques to structured

health data, however, our results showed that the technique was not superior to models

that trained and tested on local data.

Predictive models derived from generalization techniques for patient prognosis have

the potential to support decisions in large and diverse areas. However, environments with

low data collection can be a limiting factor for obtaining results that can improve the flow

of care services on a large scale. As deep neural networks often require many observations,

non-conventional ways of applying for learning transfer, using boosting algorithms, could

be able to obtain better results. A certain level of generalization from ML models, especially
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Table 3 – Results of transfer learning for neural network in the test data.

Place AUROC Precision Recall F1 Specificity NPV

Hospital Santa Casa
São Paulo - SP

0.709 0.574 0.670 0.618 0.647 0.734

Hospital de Cĺınicas da USP
São Paulo - SP

0.790 0.613 0.640 0.626 0.776 0.795

Hospital Português da Bahia
Salvador - BA

0.826 0.238 0.536 0.330 0.874 0.962

Hospital UNIMED
Fortaleza - CE

0.709 0.321 0.273 0.295 0.914 0.894

Hospital Regional de Luiziania
Luiziania - GO

0.606 0.674 0.586 0.627 0.556 0.461

Hospital Moinhos de Vento
Porto Alegre - RS

0.918 0.302 0.929 0.456 0.756 0.989

Hospital UNIMED
Rio de Janeiro - RJ

0.750 0.421 0.750 0.539 0.680 0.897

Hospital Universitário
Clementino Fraga Filho
Rio de Janeiro - RJ

0.699 0.528 0.594 0.559 0.702 0.755

Hospital Santa Lúcia
Braśılia - DF

0.614 0.303 0.588 0.400 0.662 0.865

Hospital Santa Júlia
Manaus - AM

0.816 0.367 0.917 0.524 0.698 0.978

Hospital Santa Catarina
Blumenau - SC

0.960 0.167 1.000 0.286 0.643 1.000

Hospital São Francisco
Mogiguaçu - SP

- - - - - -

Hospital de Cĺınicas da UFPE
Recife - PE

0.720 0.563 0.750 0.643 0.682 0.833

Hospital Escola da UFPel
Pelotas - RS

- - - - - -

Hospital de Urgências de Trindade
Trindade - GO

- - - - - -

Hospital Universitário Walter Cant́ıdio
Fortaleza - CE

0.427 0.182 0.333 0.235 0.438 0.636

Hospital Evangélico de Vila Velha
Vila Velha - ES

0.519 0.375 0.750 0.500 0.615 0.889

Hospital Universitário Getúlio Vargas
Manaus - AM

0.519 0.375 0.750 0.500 0.615 0.889
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in healthcare, is desired for most real-world applications. Although not all tasks can be

generalized beyond their sample locations, performing external tests (off-site validation)

such as the one proposed in this study will allow an understanding of the limitations and

possibilities of these models, advancing knowledge and facilitating the implementation of

these algorithms in the real world.

The quality of the collected data has a significant influence on the predictive ability

of models, and completeness and correct filling are essential requirements (109). However,

prediction strength is equally important, hence the selection of variables that have good

predictive ability is critical for algorithm development. In health, this especially includes

the use of laboratory test results as reliable predictor variables (110).

Careful and critical analysis of issues such as data bias is essential before implemen-

ting algorithmic models, to ensure that human biases are not reproduced and perpetuated

against vulnerable groups. Errors and recording failures are expected, especially in multi-

center studies and during critical periods, such as a pandemic. To minimize these factors,

we applied different techniques to deal with scenarios of data missing and possible errors

in the database. Thus, it became possible to address these limitations and advance with

greater reliability in data analysis and decision-making based on predictive models.

The study has limitations, the main being the size of the samples collected per

hospital. Because it was a critical moment of the pandemic, data were collected over a short

period, thus reducing our sample size. Another issue is the presence of data heterogeneity

among hospitals. On the one hand, this may have decreased the ability of transfer learning

algorithms to generalize to unequal settings, but on the other hand, it mimics the actual

real-world challenges that arise from applying machine learning models in clinical practice.

This study aimed to analyze the predictive performance of transfer learning techni-

que in a large and diverse country. Our findings showed that the use of transfer learning,

although a promising approach to improve the performance of machine learning models in

tabular data classification problems with limited datasets, may not increase predictive

performance when the databases are not large enough for accurate model training.
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Caṕıtulo 4. Resultados 68

Moinhos de Vento); Sandro Rodrigues Batista (Faculdade de Medicina, Universidade
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5 Considerações Finais e conclusão

5.1 Implicações do uso de ML em Poĺıticas Públicas de Saúde

Os modelos de predição resultantes das técnicas de generalização têm o potencial

de auxiliar em atividades de monitoramento, identificando os pacientes que necessitam

de maior atenção. Esses poderão ser utilizados em diferentes locais e tempo, permitindo

um aprimoramento no fluxo de serviços de atendimento e do acesso à saúde pública de

qualidade mesmo em locais mais remotos do páıs.

O uso de modelos de ML em saúde necessita de atenção e rigor sobre a avaliação

dos dados utilizados, para que não sejam proliferados preconceitos que possam estar

escondidos contidos nos dados (111, 17). Por isso, é importante compreender como os

dados foram criados e como o algoritmo foi treinado para reduzir o risco de vieses (7). Alguns

prinćıpios éticos como transparência, justiça e equidade, não maleficência, responsabilidade

e privacidade, possuem um grau de consentimento global em inteligência artificial (112).

Assim, nenhum modelo deve ser implementado em saúde sem testes que verifiquem a

existência de vieses humanos e erros sistemáticos, o que será apenas posśıvel por meio do

monitoramento e da avaliação constante dos resultados obtidos.

Apesar da expansão do número de estudos que aplicam ML com o objetivo de

melhorar a saúde pública, ainda há um longo caminho a percorrer até que essas técnicas

possam ser disponibilizadas à população em geral. Digitalização de dados, sistema que

suporte a implementação de modelos de ML, profissionais de saúde e de tecnologia da

informação capacitados para identificar vieses e necessidade de recalibrar os modelos, são

alguns dos desafios da área. Além disso, formas de avaliar o uso desses modelos também

precisam ser aprimoradas para que a experiência do usuário e do paciente sejam otimizadas.

Modelos de ML são ferramentas para contornar muitos dos desafios vivenciados atualmente,

mas não são solucionadoras de problemas sociais extremamente complexos.

5.2 Conclusão

A análise dos resultados dos três artigos permite concluir que a generalização

de modelos de ML em saúde ainda é uma área em desenvolvimento. O primeiro artigo,

uma revisão sistemática da literatura, destacou a falta de um consenso em relação aos



Caṕıtulo 5. Considerações Finais e conclusão 70

termos utilizados e à importância dada à generalização em trabalhos sobre o tema na

área da saúde. Além disso, muitos artigos que utilizam o conceito de generalização não

o definem de forma clara e precisa. Já o segundo artigo, que apresentou análises de

modelos de ML generalizados para diferentes regiões do Brasil, mostrou que é posśıvel

generalizar modelos com certos desfechos mesmo em contextos de grande desigualdade

socioeconômica. Esses resultados apontam para a relevância de se desenvolver modelos de

ML generalizados que possam ser aplicados em diferentes populações. Por fim, o terceiro

artigo apresentou uma análise de transferência do aprendizado em modelos de ML entre

hospitais das diferentes regiões brasileiras, concluindo que essa técnica ainda precisa ser

mais aprimorada e explorada. Em conjunto, os resultados evidenciam a importância de se

avançar no desenvolvimento de técnicas de generalização em modelos de ML em saúde,

sobretudo em páıses que enfrentam grandes desafios em relação à desigualdade e ao acesso

aos serviços de saúde.
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Table 4 – Distribution of characteristics of train set

Characteristics N=807.932 Missing

Mother’s age (years) 28.0 (6.66) <0.1%
Mother’s education <0.1%
0 - No education 983 (<1%)
1 - Fundamental 17,122 (2%)
2 - Fundamental 2 130,104 (16%)
3 - High school 409,648 (51%)
4 - Incomplete superior 47,686 (6%)
5 - Complete superior 198,822 (25%)
Color ¡0.1%
1 - White 433,244 (54%)
2 - Black 50,821 (6%)
3 - Yellow 10,247 (1%)
4 - Brown 306,778 (38%)
5 - Indigenous 3,827 (<1%)
Mode of delivery <0.1%
1 - Vaginal 341,769 (42%)
2 - Cesarean 466,084 (58%)
Place of delivery <0.1%
1 - Hospital 802,454 (>99%)
2 - Other health facility 1,941 (<1%)
3 - Residence 2,954 (<1%)
4 - Others 558 (<1%)
Time of gestation (weeks) 39 (2.11) <0.1%
Birth weight (grams) 3,180 (551) <0.1%
Congenital Anomaly <0.1%
1 - Yes 14,054 (2%)
2 - No 793,298 (98%)
1st Apgar 8.55 (3.23) <0.1%
5th Apgar 9.58 (2.93) <0.1%

Note: Median (Standard Deviation)



Apêndice A. Suplemento Artigo 2 82

Table 5 – Predictive performance for neonatal mortality on the test set for vulnerable
subgroups with XGBoost model for the capitals of Brazil states, 2016 (Teenage
mothers).

Region State Capital
Neonatal
mortality
rate

AUC Precision Recall F1 AUPRC Brier

North Acre Rio Branco 8.61 0.880 0.667 0.200 0.308 0.314 0.007
Amapá Macapá 14.50 0.921 0.800 0.381 0.516 0.605 0.010
Amazonas Manaus 9.34 0.948 0.667 0.390 0.492 0.479 0.008
Pará Belém 19.11 0.945 0.788 0.472 0.591 0.645 0.012
Rondônia Porto Velho 19.40 0.756 0.700 0.350 0.467 0.664 0.016
Roraima Boa Vista 14.44 0.966 0.818 0.563 0.667 0.692 0.008
Tocantins Palmas 26.41 0.967 0.833 0.667 0.741 0.731 0.012

Notheast Alagoas Maceió 13.31 0.966 0.760 0.487 0.593 0.647 0.009
Bahia Salvador 17.48 0.986 0.756 0.654 0.701 0.776 0.010
Ceará Fortaleza 12.89 0.965 0.654 0.735 0.692 0.744 0.008
Maranhão São Lúıs 22.67 0.972 0.698 0.667 0.682 0.738 0.014
Paráıba João Pessoa 8.30 0.939 0.692 0.615 0.640 0.642 0.006
Pernambuco Recife 17.39 0.956 0.692 0.652 0.671 0.667 0.011
Piaúı Teresina 25.13 0.982 0.853 0.617 0.716 0.791 0.012
Rio Grande do Norte Natal 13.22 0.919 0.478 0.458 0.468 0.588 0.014
Sergipe Aracaju 20.62 0.956 0.840 0.525 0.646 0.723 0.012

Midwest Distrito Federal Braśılia 11.06 0.920 0.544 0.794 0.646 0.707 0.010
Goiás Goiânia 25.62 0.955 0.721 0.607 0.660 0.653 0.016
Mato Grosso Cuiabá 20.37 0.961 0.833 0.454 0.588 0.689 0.013
Mato Grosso do Sul Campo Grande 10.62 0.943 0.384 0.455 0.417 0.465 0.014

Southest Esṕırito Santo Vitória 8.00 0.975 0.500 0.600 0.545 0.583 0.008
Minas Gerais Belo Horizonte 11.35 0.923 0.567 0.607 0.586 0.584 0.010
Rio de Janeiro Rio de Janeiro 11.12 0.959 0.737 0.600 0.661 0.647 0.007
São Paulo São Paulo 13.72 0.957 0.729 0.609 0.664 0.709 0.008

South Paraná Curitiba 10.06 0.945 0.611 0.688 0.647 0.587 0.008
Rio Grande do Sul Porto Alegre 11.99 0.995 0.571 0.842 0.681 0.654 0.009
Santa Catarina Florianópolis 5.12 1.000 0.667 1.000 0.800 1.000 0.003

Note: AUC = area under the receiver operating characteristic curve; Recall = sensibility;
Precision = positive predictive value; F1 = F1 score; AUPRC = area under
prediction-recall curve; Brier = Brier Score.
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Table 6 – Predictive performance for neonatal mortality on the test set for vulnerable
subgroups with XGBoost model for the capitals of Brazil states, 2016 (Low
education mothers).

Region State Capital
Neonatal
mortality
rate

AUC Precision Recall F1 AUPRC Brier

North Acre Rio Branco 7.88 0.917 0.565 0.448 0.500 0.425 0.007
Amapá Macapá 11.14 0.920 0.760 0.396 0.521 0.565 0.008
Amazonas Manaus 9.80 0.932 0.810 0.379 0.516 0.574 0.007
Pará Belém 16.01 0.932 0.754 0.369 0.495 0.543 0.012
Rondônia Porto Velho 19.45 0.963 0.771 0.409 0.534 0.686 0.014
Roraima Boa Vista 10.53 0.916 0.941 0.593 0.727 0.678 0.005
Tocantins Palmas 14.28 0.951 0.818 0.409 0.545 0.664 0.010

Notheast Alagoas Maceió 11.55 0.941 0.681 0.454 0.544 0.556 0.009
Bahia Salvador 19.58 0.971 0.706 0.599 0.648 0.709 0.013
Ceará Fortaleza 13.11 0.953 0.620 0.696 0.656 0.691 0.009
Maranhão São Lúıs 15.92 0.957 0.561 0.582 0.571 0.646 0.014
Paráıba João Pessoa 11.40 0.955 0.679 0.545 0.605 0.639 0.008
Pernambuco Recife 18.04 0.960 0.700 0.491 0.578 0.642 0.013
Piaúı Teresina 21.50 0.969 0.800 0.541 0.646 0.733 0.013
Rio Grande do Norte Natal 13.35 0.953 0.662 0.586 0.622 0.656 0.010
Sergipe Aracaju 17.82 0.938 0.688 0.458 0.550 0.574 0.013

Midwest Distrito Federal Braśılia 9.21 0.913 0.482 0.643 0.551 0.570 0.010
Goiás Goiânia 19.83 0.941 0.672 0.554 0.608 0.677 0.014
Mato Grosso Cuiabá 12.99 0.944 0.680 0.515 0.586 0.602 0.009
Mato Grosso do Sul Campo Grande 11.51 0.930 0.568 0.467 0.512 0.564 0.010

Southest Esṕırito Santo Vitória 6.39 0.949 0.600 0.462 0.522 0.568 0.005
Minas Gerais Belo Horizonte 9.40 0.953 0.531 0.607 0.567 0.580 0.008
Rio de Janeiro Rio de Janeiro 10.38 0.942 0.647 0.565 0.603 0.584 0.008
São Paulo São Paulo 9.98 0.959 0.664 0.560 0.608 0.651 0.007

South Paraná Curitiba 7.50 0.952 0.614 0.540 0.574 0.531 0.006
Rio Grande do Sul Porto Alegre 11.15 0.955 0.509 0.602 0.552 0.528 0.011
Santa Catarina Florianópolis 7.57 0.990 0.783 0.750 0.766 0.823 0.005

Note: AUC = area under the receiver operating characteristic curve; Recall = sensibility;
Precision = positive predictive value; F1 = F1 score; AUPRC = area under
prediction-recall curve; Brier = Brier Score.
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Table 7 – Predictive performance for neonatal mortality on the test set for vulnerable
subgroups with XGBoost model for the capitals of Brazil states, 2016 (Non-white
mothers).

Region State Capital
Neonatal
mortality
rate

AUC Precision Recall F1 AUPRC Brier

North Acre Rio Branco 2.52 0.928 0.571 0.431 0.491 0.457 0.007
Amapá Macapá 11.50 0.944 0.762 0.436 0.555 0.601 0.007
Amazonas Manaus 8.45 0.940 0.802 0.491 0.609 0.642 0.005
Pará Belém 14.98 0.954 0.742 0.446 0.558 0.603 0.011
Rondônia Porto Velho 16.42 0.960 0.802 0.468 0.591 0.696 0.011
Roraima Boa Vista 8.66 0.955 0.824 0.575 0.677 0.670 0.005
Tocantins Palmas 12.78 0.962 0.827 0.573 0.667 0.735 0.007

Notheast Alagoas Maceió 10.65 0.942 0.671 0.495 0.570 0.564 0.008
Bahia Salvador 14.58 0.977 0.710 0.654 0.681 0.734 0.009
Ceará Fortaleza 11.35 0.959 0.657 0.636 0.647 0.666 0.008
Maranhão São Lúıs 14.28 0.965 0.674 0.636 0.655 0.661 0.010
Paráıba João Pessoa 11.03 0.965 0.667 0.503 0.573 0.623 0.008
Pernambuco Recife 15.36 0.964 0.712 0.541 0.615 0.658 0.010
Piaúı Teresina 15.86 0.968 0.811 0.529 0.640 0.703 0.009
Rio Grande do Norte Natal 11.26 0.940 0.641 0.558 0.597 0.588 0.008
Sergipe Aracaju 16.41 0.949 0.742 0.496 0.594 0.638 0.011

Midwest Distrito Federal Braśılia 8.20 0.939 0.504 0.675 0.577 0.609 0.008
Goiás Goiânia 14.79 0.950 0.656 0.545 0.595 0.606 0.011
Mato Grosso Cuiabá 11.35 0.972 0.760 0.547 0.636 0.673 0.007
Mato Grosso do Sul Campo Grande 9.67 0.941 0.588 0.484 0.531 0.551 0.008

Southest Esṕırito Santo Vitória 4.10 0.920 0.682 0.429 0.526 0.519 0.003
Minas Gerais Belo Horizonte 8.76 0.950 0.566 0.592 0.579 0.607 0.008
Rio de Janeiro Rio de Janeiro 9.59 0.956 0.672 0.576 0.620 0.617 0.007
São Paulo São Paulo 8.37 0.957 0.647 0.560 0.600 0.611 0.006

South Paraná Curitiba 7.85 0.951 0.655 0.559 0.603 0.629 0.006
Rio Grande do Sul Porto Alegre 10.43 0.948 0.523 0.648 0.579 0.553 0.010
Santa Catarina Florianópolis 4.92 0.992 0.800 0.727 0.762 0.797 0.004

Note: AUC = area under the receiver operating characteristic curve; Recall = sensibility;
Precision = positive predictive value; F1 = F1 score; AUPRC = area under
prediction-recall curve; Brier = Brier Score.



Apêndice A. Suplemento Artigo 2 85

T
ab

le
8
–
V
ar
ia
b
le
s
of

co
rr
el
at
io
n
an

al
y
si
s

V
a
ri
a
b
le

D
e
sc
ri
p
ti
o
n

b
er
c a
qu

ec
p
ro
p
or
ti
on

of
h
ea
te
d
cr
ib
s
p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

u
lt
ra
ss
om

p
ro
p
or
ti
on

of
u
lt
ra
so
u
n
d
m
ac
h
in
es

in
u
se

p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

in
cu
b
ad

or
a

p
ro
p
or
ti
on

of
in
cu
b
at
or

m
ac
h
in
es

in
u
se

p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

in
st

f
is

o
bs
t n
or
m
a
l

p
ro
p
or
ti
on

of
p
h
y
si
ca
l
fa
ci
li
ti
es

fo
r
ob

st
et
ri
cs

an
d
n
eo
n
at
ol
og
y
h
os
p
it
al

en
v
ir
on

m
en
t
N
ew

b
or
n
N
or
m
al

in
u
se

p
er

1,
00
0
b
ir
th
s
in

20
16

in
st

f
is

o
bs
t c
on

jR
N

p
ro
p
or
ti
on

of
p
h
y
si
ca
l
ob

st
et
ri
cs

an
d
n
eo
n
at
ol
og
y
fa
ci
li
ti
es

h
os
p
it
al

en
v
ir
on

m
en
t
N
B

se
t
in

u
se

p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

in
st

f
is

o
bs
t p
re
pa

rt
o

p
ro
p
or
ti
on

of
p
h
y
si
ca
l
ob

st
et
ri
cs

an
d
n
eo
n
at
ol
og
y
fa
ci
li
ti
es

in
h
os
p
it
al

en
v
ir
on

m
en
t
A
n
te
p
ar
tu
m

in
u
se

p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

in
st

f
is

o
bs
t R
n
pa

to
p
ro
p
or
ti
on

of
p
h
y
si
ca
l
fa
ci
li
ti
es

fo
r
ob

st
et
ri
cs

an
d
n
eo
n
at
ol
og
y
h
os
p
it
al

en
v
ir
on

m
en
t
P
at
h
ol
og
ic
al

R
N

in
u
se

p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

le
it
c
li
n
eo

p
ro
p
or
ti
on

of
n
eo
n
at
al

cl
in
ic
al

b
ed
s
p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

le
it
o
bs

c
li
c
ir

p
ro
p
or
ti
on

of
ob

st
et
ri
c
su
rg
ic
al

b
ed
s
p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

m
ed

c
ir

p
ed

p
ro
p
or
ti
on

of
p
ed
ia
tr
ic

su
rg
eo
n
s
p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

m
ed

p
ed

p
ro
p
or
ti
on

of
p
ed
ia
tr
ic
ia
n
s
p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

m
ed

g
in

o
bs

p
ro
p
or
ti
on

of
gy

n
ec
ol
og
is
ts

an
d
ob

st
et
ri
ci
an

s
p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

u
n
i i
n
te
r n
eo

c
on

v
p
ro
p
or
ti
on

of
co
n
ve
n
ti
on

al
n
eo
n
at
al

in
te
rm

ed
ia
te

u
n
it
p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

u
n
i i
n
te
r n
eo

p
ro
p
or
ti
on

of
n
eo
n
at
al

in
te
rm

ed
ia
te

u
n
it
p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

u
ti
n
eo

p
ro
p
or
ti
on

of
n
eo
n
at
al

IC
U
s
p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

ob
it
os

g
ra
v
id

p
ro
p
or
ti
on

of
m
at
er
n
al

d
ea
th
s
p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

ce
sa
ri
an

a
p
ro
p
or
ti
on

of
ca
es
ar
ea
n
se
ct
io
n
s
p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

b
ai
x
o p
es
o

p
ro
p
or
ti
on

of
ch
il
d
re
n
w
it
h
lo
w

b
ir
th

w
ei
gh

t
p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

eq
u
ip
e E

S
F

p
ro
p
or
ti
on

of
E
S
F
te
am

s
p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

n
u
m

u
bs

p
ro
p
or
ti
on

of
U
B
S
p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

h
os
p
g
er
a
l

p
ro
p
or
ti
on

of
ge
n
er
al

h
os
p
it
al
s
p
er

1,
00
0
li
ve

b
ir
th
s
in

20
16

L
if
e e
x
pe
ct
a
n
ce

li
fe

ex
p
ec
ta
n
cy

at
b
ir
th
,
20
10

C
en
su
s

E
ld
er
ly

p
er
ce
n
ta
ge

of
el
d
er
ly

p
eo
p
le

in
th
e
re
si
d
en
t
p
op

u
la
ti
on

b
y
m
u
n
ic
ip
al
it
y,

20
10

C
en
su
s

D
ep

en
d
en
ce

r
a
ti
o

d
ep

en
d
en
cy

ra
ti
o
ac
co
rd
in
g
to

m
u
n
ic
ip
al
it
y,

20
10

C
en
su
s

W
h
it
es

p
er
ce
n
ta
ge

of
w
h
it
es

in
th
e
re
si
d
en
t
p
op

u
la
ti
on

b
y
m
u
n
ic
ip
al
it
y,

20
10

C
en
su
s

P
o
or

c
h
il
d
re
n

p
er
ce
n
ta
ge

of
ch
il
d
re
n
in

lo
w
-i
n
co
m
e
h
ou

se
h
ol
d
s,
20
10

C
en
su
s

P
er

c
a
pi
ta

G
D
P

G
D
P
p
er

ca
p
it
a,

20
10

C
en
su
s

G
in
i c
oe
f
f
ic
ie
n
t

G
in
i
in
d
ex

of
p
er

ca
p
it
a
h
ou

se
h
ol
d
in
co
m
e
b
y
m
u
n
ic
ip
al
it
y,

20
10

C
en
su
s
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Figure 7 – Correlation analysis.
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Apêndice B – Suplemento Artigo 3

Table 9 – Distribution of demographic characteristics comparing data from all 18 hospitals
and training data for TL

Characteristics
Death

Total
No Yes
Mean (SD) Mean (SD) Mean (SD)

Age (years) - All 55.2 (17.0) 66.7 (15.1) 58.4 (17.3)
Age (years) - HC hospital 55.5 (15.9) 66.2 (13.6) 59.3 (16.0)
Hospital time - All 13.2 (17.3) 16.4 (16.5) 14.2 (17.1)
Hospital time - HC hospital 19.1 (17.2) 17.0 (12.6) 18.3 (15.7)
Male (%) - All 53.3 60 55.1
Male (%) - HC hospital 52.3 62.0 55.8
Race - white (%) - All 68.3 50.6 62.1
Race - white (%) - HC hospital 61.2 60.5 60.9
Race - black/mixed/Asian (%) - All 31.7 49.5 38
Race - black/mixed/Asian (%) – HC hospital 38.8 39.5 39.1
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Table 10 – Set of optimized hyperparameters.

% outcome N Place Algorithm Hyperparameters

XGBoost

(colsample bytree=0.85, gamma=0.55, learning rate=0.035,
min child weight=3.0, n estimators=150, n jobs=-2,
random state=42, reg alpha=1.5, scale pos weight=3,
subsample=0.25)

LightGBM

(class weight=’balanced’, colsample bytree=0.8480475990706564,
n estimators=10, num leaves=81, random state=42,
reg alpha=0.6517423997488939, reg lambda=0.8839266254726155,
scale pos weight=9)

Catboost
(learning rate: 0.06051021240691517, l2 leaf reg: 4.0,
border count: 32, silent: True,max depth: 6, n estimators: 150,
random state: 42)0.42 1776

Hospital Santa Casa

São Paulo - SP
MLP

(activation=’tanh’, alpha=0.1, batch size=20, hidden layer sizes=5,
learning rate init=0.03, max iter=500, random state=42,solver=’sgd’)

XGBoost
(colsample bytree=0.85, gamma=0.55, learning rate=0.035,
min child weight=3.0, n estimators=150, n jobs=-2,random state=42,
reg alpha=1.5, scale pos weight=3,subsample=0.25)

LightGBM

(class weight=’balanced’, colsample bytree=0.6165041429483651,
n estimators=10, num leaves=112, random state=42,
reg alpha=0.9547804466890908, reg lambda=0.26832475371053754,
scale pos weight=1)

Catboost
(learning rate= 0.06051021240691517, l2 leaf reg= 4.0,
border count= 32, silent= True, max depth= 6, n estimators= 150,
random state= 42)0.36 1500

Hospital de Cĺınicas da USP

São Paulo - SP
MLP

(activation=’tanh’, alpha=0.1, batch size=20, hidden layer sizes=5,
learning rate init=0.03, max iter=500, random state=42, solver=’sgd’)

XGBoost

(colsample bytree=0.85, gamma=0.55, learning rate=0.035,
min child weight=3.0, n estimators=150, n jobs=-2,
random state=42, reg alpha=1.5, scale pos weight=3,
subsample=0.25)

LightGBM
(colsample bytree=0.9622926542536769, n estimators=671,
num leaves=91, random state=42, reg alpha=0.9739479466464522,
reg lambda=0.017096689947744492, scale pos weight=3)

Catboost
(learning rate= 0.046093902470756815, l2 leaf reg= 7.0,
border count= 20, silent= True, max depth= 4, n estimators= 50,
random state= 42)0.07 1359

Hospital Português da Bahia

Salvador - BA MLP
(activation=’tanh’, alpha=0.1, batch size=10, hidden layer sizes=6,
learning rate init=0.1, max iter=100, random state=42)

XGBoost
(colsample bytree=0.35, gamma=0.7000000000000001,
learning rate=0.015, max depth=6, min child weight=3.0, n jobs=-2,
random state=42, reg alpha=1.25, scale pos weight=3, subsample=0.7)

LightGBM

(class weight=’balanced’, colsample bytree=0.8480475990706564,
n estimators=10, num leaves=81, random state=42,
reg alpha=0.6517423997488939, reg lambda=0.8839266254726155,
scale pos weight=9)

Catboost
(learning rate= 0.046093902470756815, l2 leaf reg= 7.0,
border count= 20, silent= True, max depth= 4, n estimators= 50,
random state= 42)0.13 845

Hospital UNIMED

Fortaleza - CE MLP
(activation=’tanh’, alpha=0.1, batch size=10, hidden layer sizes=6,
learning rate init=0.1, max iter=100, random state=42)

XGBoost
(colsample bytree=0.3, gamma=0.75, learning rate=0.025, max depth=7,
min child weight=2.0, n estimators=200, n jobs=-2, random state=42,
reg alpha=1.25, subsample=0.25)

LightGBM

(class weight=’balanced’, colsample bytree=0.9987948839600422,
n estimators=935, num leaves=135, random state=42,
reg alpha=0.869355916285306, reg lambda=0.08174694195215582,
scale pos weight=9)

Catboost
(learning rate= 0.030217575111747233, l2 leaf reg= 3.0,
border count= 10, silent= True, max depth= 3, n estimators-= 50,
random state= 42)0.39 539

Hospital Regional de Luiziania

Luiziania - GO MLP
(activation=’tanh’, alpha=0.1, batch size=20, hidden layer sizes=5,
learning rate init=0.03, max iter=500, random state=42, solver=’sgd’)

XGBoost
(colsample bytree=0.8, gamma=0.8, learning rate=0.245, max depth=5,
min child weight=2.0, n estimators=75, n jobs=-2, random state=42,
reg alpha=1.25, subsample=0.4)

LightGBM

(class weight=’balanced’, colsample bytree=0.7868594263341625,
n estimators=803, num leaves=111, random state=42,
reg alpha=0.8820998106981124, reg lambda=0.08885184806583746,
scale pos weight=1)

Catboost
(learning rate= 0.4167439198625154, l2 leaf reg= 8.0,
border count= 20, silent= True, max depth= 3, n estimators= 125,
random state= 42)0.1 456

Hospital Moinhos de Vento

Porto Alegre - RS MLP
(alpha=0.01, batch size=25, hidden layer sizes=11,
learning rate init=0.1, max iter=600, random state=42, solver=’sgd’)
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% outcome N Place Algorithm Hyperparameters

XGBoost

(colsample bytree=0.35, gamma=0.7000000000000001,
learning rate=0.015, max depth=6, min child weight=3.0,
n jobs=-2,random state=42, reg alpha=1.25,
scale pos weight=3, subsample=0.7)

LightGBM
(colsample bytree=0.9622926542536769, n estimators=671,
num leaves=91, random state=42, reg alpha=0.9739479466464522,
reg lambda=0.017096689947744492, scale pos weight=3)

Catboost
(learning rate= 0.030217575111747233, l2 leaf reg= 3.0,
border count= 10, silent= True, max depth= 3, n estimators= 50,
random state= 42)0.24 449

Hospital UNIMED

Rio de Janeiro - RJ MLP
(activation=’tanh’, alpha=1e-05, batch size=10, hidden layer sizes=11,
learning rate init=0.03, max iter=600, random state=42)

XGBoost
(colsample bytree=0.3, gamma=1.0, learning rate=0.125, max depth=2,
min child weight=3.0, n estimators=250, n jobs=-2, random state=42,
reg alpha=1.0, scale pos weight=3, subsample=0.9)

LightGBM
(colsample bytree=0.9622926542536769, n estimators=671,
num leaves=91, random state=42, reg alpha=0.9739479466464522,
reg lambda=0.017096689947744492, scale pos weight=3)

Catboost
(learning rate= 0.4264289139310363, l2 leaf reg= 2.0, border count= 200,
silent= True, max depth= 5, n estimators= 225, random state= 42)0.36 296

Hospital Universitário

Clementino Fraga Filho

Rio de Janeiro - RJ

MLP
(activation=’tanh’, alpha=0.1, batch size=10, hidden layer sizes=6,
learning rate init=0.1, max iter=100, random state=42)

XGBoost
(colsample bytree=0.75, gamma=0.6000000000000001, learning rate=0.205,
max depth=2, min child weight=5.0, n estimators=175, n jobs=-2,
random state=42, reg alpha=1.0, subsample=0.7)

LightGBM

(class weight=’balanced’, colsample bytree=0.6165041429483651,
n estimators=10, num leaves=112, random state=42,
reg alpha=0.9547804466890908, reg lambda=0.26832475371053754,
scale pos weight=1)

Catboost
(learning rate= 0.3138583088615541, l2 leaf reg= 9.0, border count= 10,
silent= True, max depth= 12, n estimators= 50, random state= 42)0.2 281

Hospital Santa Lúcia

Braśılia - DF MLP
(activation=’tanh’, alpha=0.1, batch size=20, hidden layer sizes=5,
learning rate init=0.03, max iter=500, random state=42, solver=’sgd’)

XGBoost
(colsample bytree=0.4, gamma=0.8500000000000001, learning rate=0.195,
max depth=2, min child weight=3.0, n estimators=125, n jobs=-2,
random state=42, reg alpha=1.25, subsample=0.95)

LightGBM

(class weight=’balanced’, colsample bytree=0.6165041429483651,
n estimators=10, num leaves=112, random state=42,
reg alpha=0.9547804466890908, reg lambda=0.26832475371053754,
scale pos weight=1)

Catboost
(learning rate= 0.030217575111747233, l2 leaf reg= 3.0, border count= 10,
silent= True, max depth= 3, n estimators= 50, random state= 42)0.15 247

Hospital Santa Júlia

Manaus - AM MLP
(alpha=0.01, batch size=15, hidden layer sizes=8, learning rate init=0.1,
max iter=500, random state=42, solver=’sgd’)

XGBoost
(colsample bytree=0.4, gamma=0.7000000000000001, learning rate=0.045,
min child weight=3.0, n estimators=25, n jobs=-2, random state=42,
reg alpha=0.5, scale pos weight=3, subsample=0.35)

LightGBM

(class weight=’balanced’, colsample bytree=0.9987948839600422,
n estimators=935, num leaves=135, random state=42,
reg alpha=0.869355916285306, reg lambda=0.08174694195215582,
scale pos weight=9)

Catboost
(learning rate= 0.40890089904920696, l2 leaf reg= 8.0, border count= 50,
silent= True, max depth= 13, n estimators= 175, random state= 42)0.07 148

Hospital Santa Catarina

Blumenau - SC MLP
(activation=’tanh’, alpha=0.1, batch size=20, hidden layer sizes=5,
learning rate init=0.03, max iter=500, random state=42, solver=’sgd’)

XGBoost
(colsample bytree=0.9, gamma=0.8, learning rate=0.145, max depth=4,
min child weight=5.0, n estimators=175, n jobs=-2, random state=42,
reg alpha=0.75, scale pos weight=3, subsample=0.75)

LightGBM

(class weight=’balanced’, colsample bytree=0.7922228674844964,
n estimators=1200, num leaves=87, random state=42,
reg alpha=0.7041340569061305, reg lambda=0.4349979536508063,
scale pos weight=3)

Catboost
(learning rate= 0.046093902470756815, l2 leaf reg= 7.0, border count= 20,
silent= True, max depth= 4, n estimators= 50, random state= 42)0.14 124

Hospital São Francisco

Mogiguaçu - SP MLP
(activation=’tanh’, alpha=0.01, batch size=5, hidden layer sizes=7,
learning rate init=0.1, max iter=100, random state=42, solver=’lbfgs’)
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% outcome N Place Algorithm Hyperparameters

XGBoost
(colsample bytree=0.2, gamma=0.8500000000000001, learning rate=0.055,
max depth=6, min child weight=3.0, n estimators=50, n jobs=-2,
random state=42, reg alpha=1.25, subsample=0.5)

LightGBM
(colsample bytree=0.885217808605771, n estimators=142, num leaves=39,
random state=42, reg alpha=0.2298357960090034,
reg lambda=0.9759998977389169, scale pos weight=5)

Catboost
(learning rate= 0.3079946686059291, l2 leaf reg= 2.0, border count= 100,
silent= True, max depth= 12, n estimators= 225, random state= 42)0.37 112

Hospital de Cĺınicas da UFPE

Recife - PE
MLP

(alpha=0.1, batch size=15, hidden layer sizes=9, learning rate init=0.01,
max iter=100, random state=42)

XGBoost
(colsample bytree=0.35, gamma=0.7000000000000001, learning rate=0.015,
max depth=6, min child weight=3.0, n jobs=-2, random state=42,
reg alpha=1.25, scale pos weight=3, subsample=0.7)

LightGBM

(class weight=’balanced’, colsample bytree=0.8432996648684546,
n estimators=1067, num leaves=148, random state=42,
reg alpha=0.059936189081400526, reg lambda=0.8609304819134347,
scale pos weight=3)

Catboost
(learning rate= 0.057355876381734484, l2 leaf reg= 4.0, border count= 10,
silent= True, max depth= 9, n estimators= 100, random state= 42)0.37 91

Hospital Escola da UFPel

Pelotas - RS
MLP

(activation=’tanh’, alpha=1e-06, batch size=20, hidden layer sizes=10,
learning rate init=0.01, max iter=800, random state=42, solver=’sgd’)

XGBoost
(colsample bytree=0.9, gamma=0.8, learning rate=0.145, max depth=4,
min child weight=5.0, n estimators=175, n jobs=-2, random state=42,
reg alpha=0.75, scale pos weight=3, subsample=0.75)

LightGBM

(class weight=’balanced’, colsample bytree=0.8480475990706564,
n estimators=10, num leaves=81, random state=42,
reg alpha=0.6517423997488939, reg lambda=0.8839266254726155,
scale pos weight=9)

Catboost
(learning rate= 0.38797660062196027, l2 leaf reg= 1.0, border count= 5,
silent= True, max depth= 11, n estimators= 50, random state= 42)0.46 78

Hospital de Urgências
de Trindade

Trindade - GO MLP
(alpha=1e-05, batch size=20, hidden layer sizes=8, learning rate init=0.03,
random state=42, solver=’sgd’)

XGBoost
(colsample bytree=0.6, gamma=0.55, learning rate=0.295, max depth=7,
min child weight=1.0, n estimators=275, n jobs=-2, random state=42,
reg alpha=1.0, subsample=0.85)

LightGBM

(class weight=’balanced’, colsample bytree=0.8480475990706564,
n estimators=10, num leaves=81, random state=42,
reg alpha=0.6517423997488939, reg lambda=0.8839266254726155,
scale pos weight=9)

Catboost
(learning rate= 0.38797660062196027, l2 leaf reg= 1.0, border count= 5,
silent= True, max depth= 11, n estimators= 50, random state= 42)0.29 73

Hospital Universitário
Walter Cant́ıdio

Fortaleza - CE MLP
(alpha=0.01, batch size=10, hidden layer sizes=9, learning rate init=0.01,
max iter=700, random state=42, solver=’lbfgs’)

XGBoost
(colsample bytree=0.3, gamma=1.0, learning rate=0.125, max depth=2,
min child weight=3.0, n estimators=250, n jobs=-2, random state=42,
reg alpha=1.0, scale pos weight=3, subsample=0.9)

LightGBM

(class weight=’balanced’, colsample bytree=0.8480475990706564,
n estimators=10, num leaves=81, random state=42,
reg alpha=0.6517423997488939, reg lambda=0.8839266254726155,
scale pos weight=9)

Catboost
(learning rate= 0.11398638732673426, l2 leaf reg= 6.0, border count= 5,
silent= True, max depth= 7, n estimators= 175, random state= 42)0.23 56

Hospital Evangélico
de Vila Velha

Vila Velha - ES MLP
(alpha=0.01, batch size=25, hidden layer sizes=5, learning rate init=0.03,
max iter=800, random state=42, solver=’sgd’)

XGBoost
(colsample bytree=0.6, gamma=0.55, learning rate=0.295, max depth=7,
min child weight=1.0, n estimators=275, n jobs=-2, random state=42,
reg alpha=1.0, subsample=0.85)

LightGBM

(class weight=’balanced’, colsample bytree=0.8480475990706564,
n estimators=10, num leaves=81, random state=42,
reg alpha=0.6517423997488939, reg lambda=0.8839266254726155,
scale pos weight=9)

Catboost
(learning rate= 0.3138583088615541, l2 leaf reg= 9.0, border count= 10,
silent= True, max depth= 12, n estimators= 50, random state= 42)0.34 47

Hospital Universitário
Getúlio Vargas

Manaus - AM MLP
(activation=’tanh’, alpha=0.1, batch size=20, hidden layer sizes=5,
learning rate init=0.03, max iter=500, random state=42, solver=’sgd’)
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tá
ri
o

C
le
m
en
ti
n
o
F
ra
ga

F
il
h
o

L
ig
h
tG

B
M

0.
77
6
[0
.6
7-
0.
88
]

0.
60
0

0.
75
0

0.
66
7

0.
72
0

0.
71
9

0.
83
7

0.
05
9

R
io

d
e
J
an

ei
ro

-
R
J

C
at
b
o
os
t

0.
78
7
[0
.6
9-
0.
89
]

0.
62
5

0.
62
5

0.
62
5

0.
72
0

0.
78
9

0.
78
9

0.
02
9

M
L
P

0.
73
9
[0
.6
3-
0.
85
]

0.
66
7

0.
43
8

0.
52
8

0.
64
0

0.
87
7

0.
73
5

0.
14
0

X
G
B
o
os
t

0.
82
5
[0
.7
3-
0.
92
]

0.
63
6

0.
41
2

0.
50
0

0.
59
0

0.
94
1

0.
86
5

0.
20
8

28
1

H
os
p
it
al

S
an

ta
L
ú
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ĺı
n
ic
as

d
a
U
S
P

L
ig
h
tG

B
M

0.
75
8

0.
41
3

0.
96
9

0.
57
9

0.
63
0

0.
23
4

0.
93
2

-0
.2
42

S
ão

P
au

lo
-
S
P

C
at
b
o
os
t

0.
78
1

0.
65
2

0.
45
3

0.
53
5

0.
66
0

0.
86
6

0.
74
0

0.
22
0

M
L
P

0.
78
1

0.
62
4

0.
54
7

0.
58
3

0.
67
0

0.
81
7

0.
76
5

0.
22
1

X
G
B
o
os
t

0.
85
6

0.
36
0

0.
32
1

0.
34
0

0.
33
0

0.
95
8

0.
95

0.
03
3

13
59

H
os
p
it
al

P
or
tu
gu

ês
d
a
B
ah

ia
L
ig
h
tG

B
M

0.
86
9

0.
39
3

0.
39
3

0.
39
3

0.
36
0

0.
95
5

0.
95
5

-0
.0
55

S
al
va
d
or

-
B
A

C
at
b
o
os
t

0.
83
6

0.
00
0

0.
00
0

0.
00
0

0.
00
0

1.
00
0

0.
00
0

0.
06
8

M
L
P

0.
89
1

0.
38
9

0.
25
0

0.
30
4

0.
36
0

0.
97
1

0.
94
6

0.
11
0

X
G
B
o
os
t

0.
72
2

0.
42
9

0.
27
3

0.
33
3

0.
37
0

0.
94
6

0.
89
7

-0
.0
32

84
5

H
os
p
it
al

U
N
IM

E
D

L
ig
h
tG

B
M

0.
65
8

0.
21
7

0.
15
1

0.
17
9

0.
27
0

0.
91
9

0.
87
9

-0
.1
80

F
or
ta
le
za

-
C
E

C
at
b
o
os
t

0.
87

0.
00
0

0.
00
0

0.
00
0

0.
00
0

1.
00
0

0.
00
0

-0
.0
14

M
L
P

0.
69
5

0.
40
0

0.
06
1

0.
10
5

0.
31
0

0.
98
6

0.
87
6

0.
05
7

X
G
B
o
os
t

0.
61
9

0.
62
9

0.
96
0

0.
76
0

0.
71
0

0.
11
1

0.
63
6

-0
.1
17

53
9

H
os
p
it
al

R
eg
io
n
al

d
e
L
u
iz
ia
n
ia

L
ig
h
tG

B
M

0.
66
7

0.
61
1

1.
00
0

0.
75
9

0.
00
0

0.
00
0

0.
00
0

0.
00
5

L
u
iz
ia
n
ia

-
G
O

C
at
b
o
os
t

0.
66
6

0.
66
7

0.
86
9

0.
75
4

0.
75
0

0.
31
8

0.
60
6

0.
06
4

M
L
P

0.
67
4

0.
69
2

0.
74
8

0.
71
8

0.
77
0

0.
47
6

0.
54
5

0.
05
7

X
G
B
o
os
t

0.
87
6

0.
44
4

0.
28
6

0.
34
8

0.
52
0

0.
95
9

0.
92
2

0.
22
3

45
6

H
os
p
it
al

M
oi
n
h
os

d
e
V
en
to

L
ig
h
tG

B
M

0.
90
0

0.
40
0

0.
14
3

0.
21
0

0.
46
0

0.
97
6

0.
90
9

0.
17
9

P
or
to

A
le
gr
e
-
R
S

C
at
b
o
os
t

0.
86
5

0.
50
0

0.
14
3

0.
22
2

0.
46
0

0.
98
4

0.
91
0

0.
18
8

M
L
P

0.
91
1

0.
53
8

0.
50
0

0.
51
8

0.
60
0

0.
95
1

0.
94
4

0.
22
2
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ú
li
a

L
ig
h
tG

B
M

0.
76
0

0.
41
7

0.
41
7

0.
41
7

0.
38
0

0.
88
9

0.
88
9

-0
.1
62

M
an

au
s
-
A
M

C
at
b
o
os
t

0.
82
7

0.
00
0

0.
00
0

0.
00
0

0.
00
0

0.
98
4

0.
00
0

0.
03
6

M
L
P

0.
73
4

0.
40
0

0.
16
7

0.
23
5

0.
42
0

0.
95
2

0.
85
7

-0
.1
37

X
G
B
o
os
t

0.
88
5

0.
33
3

0.
33
3

0.
33
3

0.
49
0

0.
95
2

0.
95
2

-0
.0
17

14
8

H
os
p
it
al

S
an

ta
C
at
ar
in
a

L
ig
h
tG

B
M

0.
90
5

0.
25
0

0.
33
3

0.
28
6

0.
55
0

0.
92
9

0.
95
1

-0
.1
10

B
lu
m
en
au

-
S
C

C
at
b
o
os
t

0.
88
9

0.
50
0

0.
33
3

0.
40
0

0.
54
0

0.
97
6

0.
95
3

0.
05
4

M
L
P

0.
93
6

0.
33
3

0.
33
3

0.
33
3

0.
46
0

0.
95
2

0.
95
2

-0
.3
62

X
G
B
o
os
t

0.
97
0

0.
80
0

0.
80
0

0.
80
0

0.
84
0

0.
97
0

0.
97
0

-0
.0
09

12
4

H
os
p
it
al

S
ão

F
ra
n
ci
sc
o

L
ig
h
tG

B
M

0.
81
6

0.
41
7

1.
00
0

0.
58
8

0.
00
0

0.
78
8

0.
00
0

-0
.2
00

M
og
ig
u
aç
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