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RESUMO

Introducdo: Readmissdes hospitalares potencialmente evitdveis (RHPE) sdao eventos
complexos com impacto negativo tanto para o paciente como para o sistema de satde. Na
populagdo pediatrica um episoddio de readmissao pode ser ainda pior, podendo impactar no
desenvolvimento da crianga ou adolescente, afetando negativamente o desenvolvimento motor,
cognitivo, emocional e psicossocial a curto, médio e principalmente em longo prazo. Assim, o
desenvolvimento de modelos de predi¢ao, especialmente utilizando o aprendizado de maquina,
tem sido promissor para minimizar este desfecho. Entretanto, ainda sdo escassos os estudos,
especialmente os interpretaveis com potencial aplicagdo pratica. Objetivos: Desenvolver
modelos de predi¢ao de RHPE de 30 dias, para criangas e adolescentes, internados em hospital
de nivel terciario. Métodos: Foi realizada coorte retrospectiva com dados de todos pacientes
pediatricos (0 a 18 anos) internados em hospital tercidrio entre janeiro 2014 a dezembro 2018
(n=9.080). Internagdes que resultaram em oObito, altas hospitalares contra orientagao médica ou
readmissdes planejadas foram excluidas. Foram coletados dados demograficos, clinicos,
nutricionais ¢ exames bioquimicos. Para o primeiro manuscrito, estimou-se um modelo de
predicdo baseado em um sistema de pontuagdo (escore HOSPITAL) e posteriormente,
classificou-se os pacientes em grupos de baixo, intermedidrio e alto risco. No segundo
manuscrito, utilizou-se o algoritmo J48 e aplicou valida¢do cruzada leave-one-out para
desenvolver arvores de decisdo interpretaveis. Para o terceiro manuscrito, construiu-se modelos
baseados em machine learning utilizando varios algoritmos: classification and regression tree
- CART, random forest — RF, gradient boosting machine — GBM, extreme gradient boosting -
XGBoost, decision tree - DT e logistic regression - LR. Para comparar o desempenho dos
modelos, calculamos a éareas sob a curva (AUC, area under the receiver operating curve).
Outras medidas de desempenho também foram consideradas, como sensibilidade,
especificidade, indice de Youden e acuracia, quando pertinentes. Resultados: A frequéncia de
RHPE em 30 dias variou de 9,5 a 11,70%. O escore HOSPITAL apresentou boa capacidade
discriminatoria (AUC 0,80 IC 95% 0,77-0,83) para RHPE em populagao pediatrica (Manuscrito
1). Para melhorar as estimativas utilizamos técnicas de machine learning, visando construir um
modelo de predigdo, interpretavel e de facil aplicacdo na pratica clinica. A arvore de decisdo
(algoritmo J48, aplicada a 63,6% dos casos novos) demonstrou que alteragdo na proteina C
reativa, de hemoglobina e de s6dio e o0 ndo acompanhamento nutricional foram os atributos que
contribuiram para a RHPE (Manuscrito 2). Por fim, o algoritmo XGBoost apresentou o melhor
indice de Youden. Os preditores foram: diagnostico de cancer, idade, niveis de hemacias,
leucocitos, amplitude de distribuigdao dos globulos vermelhos e sodio, admissdo eletiva e
multimorbidade (Mansucrito 3). Conclusido: O escore HOSPITAL pode ser utilizado para
populagdo pediatrica, o0 XGBoost mostrou boa discriminagdo e, a arvore de decisdo embora
com menor potencial discriminatorio para RHPE, identificou atributos importantes para a
pratica clinica, especialmente o ndo acompanhamento nutricional. Além disso, os trés modelos
de predi¢do desenvolvidos oferecem vantagens uma vez que foram encontrados atributos
clinicos que fazem parte da rotina de assisténcia, de facil obtencdo e baixo custo, permitindo a
obten¢do do resultado de probabilidade de readmissdo em tempo real se implementada no
sistema de internagao hospitalar. Por fim, destacamos a importancia de melhorar a qualidade e
a especificidade dos registros de dados hospitalares, como por exemplo, os dados nutricionais
para construir modelos de predi¢ao de readmissao hospitalar.

Palavras-chave: Aprendizado de Maquina, Readmissdao Hospitalar, Regras de Predigdo
Clinica, Pediatria, Fatores de Risco



ABSTRACT

Background: Potentially avoidable hospital readmissions (PAHR) are complex events with a
negative impact on both the patient and the health system. In the pediatric population, a
readmission episode can be even worse, and may impact the development of the child or
adolescent, negatively affecting motor, cognitive, emotional and psychosocial development in
the short, medium and especially long term. Thus, the development of prediction models,
especially using machine learning, has been promising to minimize this outcome. However,
studies are still scarce, especially those that can be interpreted with potencial practical
application. Objective: To develop 30-day PAHR prediction models for children and
adolescents admitted to a tertiary hospital. Methods: A retrospective cohort was performed
with data from all pediatric patients (0 to 18 years old) admitted to a tertiary hospital between
January 2014 and December 2018 (n: 9,080). Admissions that resulted in death, hospital
discharges against medical advice or planned visits/readmissions were excluded. Demographic,
clinical, nutritional and biochemical data were collected. For the first manuscript, a prediction
model based on a scoring system (HOSPITAL score) was estimated and, subsequently, patients
were classified into low, intermediate and high risk groups. In the second manuscript, we used
the J48 algorithm and applied leave-one-out cross-validation to develop interpretable decision
trees. For the third manuscript, models based on machine learning were built, several algorithms
were investigated: classification and regression tree - CART, random forest — RF, gradient
boosting machine — GBM, extreme gradient boosting - XGBoost, decision tree - DC e logistic
regression - LR. To compare the performance of the models, we computed the area under the
receiver operating curve (AUC). Other performance measures were also calculated, such as
sensitivity, specificity, Youden’s J index and accuracy, when relevant. Results: The frequency
of PAHR in 30 days ranged from 9.5 to 11.70%. The HOSPITAL score showed good
discriminatory ability (AUC of 0.80 95% CI 0.77-0.83) for PAHR in a pediatric population
(Manuscript 1). To improve the estimates, we used machine learning techniques, aiming to
build a predictive model, interpretable and easy to apply in clinical practice. The decision tree
(J48 algorithm, applied to 63.6% of new cases) showed that changes in C-reactive protein,
hemoglobin and sodium levels and lack of nutritional monitoring were the attributes that
contributed to PAHR (Manuscript 2). Finally, the XGBoost algorithm presented the best
Youden’s J index. The predictors (XGBoost) were: cancer diagnosis, age, levels of red blood
cells, leukocytes, red cell distribution width and sodium, elective admission and multimorbidity
(Manuscript 3). Conclusion: The HOSPITAL score can be used for the pediatric population,
the XGBoost showed good discrimination and the decision tree, although with less
discriminatory potential for PAHR, identified important attributes for clinical practice,
especially the lack of nutritional monitoring. Besides, the three prediction models developed
offer advantages, since clinical attributes were found that are part of the care routine, easy to
get and low cost, allowing to obtain the readmission probability result in real time if
implemented in the admission system hospital. Finally, we highlight the importance of
improving the quality and specificity of hospital data records, such as nutritional data, to build
hospital readmission prediction models.

Keywords: Machine Learning, Hospital Readmission, Clinical Decision Rules, Pediatrics;
Risk factors
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APRESENTACAO

Trata-se de uma Tese de Doutorado, estruturada no formato alternativo aprovado
pelo Colegiado do Programa de Pos-graduacdo em Ciéncias da Saude (PPCSA) da
Universidade Federal de Uberlandia (UFU). Este formato autoriza a apresentacao dos
artigos cientificos resultantes do projeto de pesquisa. Portanto, a tese esta organizada nas
seguintes secdes: (1) elementos pré-textuais (capa, folha de rosto, ficha catalografica,
folha de aprovacao, dedicatoria, agradecimentos, resumo na lingua portuguesa, Abstract,
Lista de Quadros e Tabelas, Lista de Abreviatura e Siglas, Sumario), (2) Introducdo que
destaca a importancia do estudo; (2) Fundamentacao tedrica que norteia as hipoteses do
presente trabalho; (3) Objetivos onde sdo expostos os propositos do estudo; (4)
Resultados que contemplam os artigos elaborados; (5) Consideragdes finais que discorre
sobre a sintese dos principais resultados do estudo (6) Perspectivas futuras destacando os
principais pontos que podem ser abordados nos estudos futuros.

O primeiro manuscrito ¢ um estudo original intitulado “Validation of the
HOSPITAL score as predictor of 30-day potentially avoidable readmissions in
pediatric hospitalized population: retrospective cohort study” que teve como objetivo
validar o uso de um escore conhecido na populacdo adulta (HOSPITAL score) para
readmissdes potencialmente evitaveis em 30 dias em populagdo pediatrica. Este
manuscrito esta publicado na revista European Journal of Pediatrics (fator de impacto na
Journal Citaton Reports/Clarivate: 3.860).

O segundo manuscrito ¢ um estudo original intitulado “Decision tree model
predicts avoidable hospital 30 days readmissions in pediatric population” que teve
como objetivo construir um modelo preditivo interpretavel usando um algoritmo de
arvore de decisdo considerando os fatores clinicos e 0 acompanhamento nutricional a fim
de identificar com risco de readmissdo hospitalar potencialmente evitdvel em 30 dias.
Este manuscrito encontra-se em revisao na revista Nutrition (fator de impacto na Journal
Citaton Reports/Clarivate: 4.893).

O terceiro manuscrito ¢ um estudo original intitulado “ Machine learning for
hospital readmission prediction in pediatric population” que teve como objetivo
desenvolver modelos de predigao, para identificar populagdo pediatrica com alto risco de
readmissdo potencialmente evitdvel em 30 dias usando aprendizado de maquina.
Pretende-se a publicacdo na revista Pediatrics (fator de impacto na Journal Citaton

Reports/Clarivate: 7.124).



1. INTRODUCAO

A readmissdo hospitalar ¢ um desfecho de importante impacto em saude, tanto para o
individuo quanto para o sistema de satde. A taxa de readmissao hospitalar potencialmente
evitaveis (RHPE) em 30 dias entre criancas e adolescentes ainda ¢ elevada, variando de 4,4%
a 29,5% (EHWERHEMUEPHA et al.,, 2018a, 2020b; TAYLOR; ALTARES SARIK;
SALYAKINA, 2020; TOOMEY et al., 2016). Entre os principais fatores de risco, comumente
associados a readmissdo hospitalar pediatrica, estdio o tempo de internagdo prolongado
(EHWERHEMUEPHA et al., 2018a; FEUDTNER et al., 2009; ZHOU et al., 2019a), a idade
(FEUDTNER et al., 2009; ZHOU et al., 2019a) e a multimorbidade (ZHOU et al., 2019b).
Estudos revelam ainda que a readmissdo hospitalar pode influenciar negativamente na
qualidade de vida dos pacientes (COYNE, 2006; SILVA et al., 2018) com consequéncias em
curto e longo prazos (CAHAYAG, 2020; DELVECCHIO et al., 2019; PUFAL et al., 2018;
RASHIKJ CANEVSKA, 2018; SILVA et al., 2018), além de contribuir substancialmente para
o aumento dos custos em saude (GAY et al., 2015; KANE et al., 2021; MARKHAM et al.,
2018).

O primeiro passo para diminuir as taxas de readmissao hospitalar pediatrica ¢ minimizar
seus efeitos deletérios ¢ a identificacdo dos pacientes com maior risco de readmitir. Essa acao
permite o direcionamento de intervencdes preventivas para pacientes com maior necessidade,
otimizando o atendimento e a alocac¢do de recursos financeiros. A avaliagdo do risco de
readmissao hospitalar foi abordada sob diferentes perspectivas e ferramentas preditivas foram
desenvolvidas e validadas anteriormente, na tentativa de identificar precocemente individuos
com alto risco de readmissao (DONZE et al., 2013; EHWERHEMUEPHA et al., 2020b; VAN
WALRAVEN et al., 2010; WOLFF et al., 2019). A regressao logistica tem sido uma das
técnicas mais utilizadas nos estudos observacionais para construir modelos preditivos,
incluindo os escores HOSPITAL (DONZE et al., 2013), LACE (HAN; FLUCK; FRY, 2021;
VAN WALRAVEN etal., 2010) e PREDAM (SHADMI et al., 2015). Embora essas abordagens
convencionais parecam uteis, elas se baseiam principalmente em um conjunto fechado de
variaveis clinicas e sdo direcionadas a populacdes especificas com escopo limitado e
desempenho inconsistente (WEINREICH et al., 2016). Além disso, essa abordagem ndo ¢
capaz de retratar a complexidade do processo e a dinamica ndo estacionaria das readmissoes
hospitalares, que podem mudar ao longo do tempo dependendo de diferentes tratamentos e

condi¢des durante as internagdes (TURGEMAN; MAY, 2016). Portanto, muitos fatores podem
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ser subestimados ou realmente ndo percebidos durante a evolugdo do paciente, uma vez que,
podem escapar das percep¢des humanas da equipe de saude.

Diante disso, recentemente, estudos tém sugerido o emprego de técnicas de machine
learning (ML), para desenvolver ferramentas preditivas de readmissdes hospitalares com
potencial melhoria da capacidade preditiva, em comparacdo com a abordagens estatisticas
tradicionais (ASHFAQ et al., 2019; BAIG et al., 2019; FUTOMA; MORRIS; LUCAS, 2015;
MORGAN et al., 2019). Todavia, até o0 momento poucos estudos empregaram técnicas de ML
no cendrio clinico hospitalar como ferramenta de predicdo de readmissdo hospitalar
especialmente na populagdo pediatrica (EHWERHEMUEPHA et al., 2020b; SYMUM,;
ZAYAS-CASTRO, 2021; TAYLOR; ALTARES SARIK; SALYAKINA, 2020; WOLFF et al.,
2019; ZHOU et al., 2021). Quando as empregam, geram modelos de dificil interpretagdo por
ndo deixarem claro quais sdao os preditores e a dire¢do de sua associagdo, o que dificulta a
aplicagdo desses modelos na pratica clinica. Portanto, ainda sdo necessarios estudos que
empreguem técnicas de ML para desenvolver modelos de predicio de RHPE, que sejam
facilmente interpretaveis e implementados na pratica clinica.

Como ¢ do conhecimento geral da sociedade, os recursos em satide sdo limitados e
desfechos hospitalares como as RHPE, além de terem impacto negativo para o paciente também
oneram o sistema de satide. Assim, a busca por ferramentas capazes de identificar os pacientes
com maior probabilidade de readmissao tem motivado estudos e seguem sendo um desafio para
as pesquisas cientificas. A prioridade ¢ desenvolver ferramentas de facil implementacdo e
compreensdo, capazes de predizer a readmissdo com boa capacidade de predi¢do. Para os
servicos de saude ¢ imprescindivel garantir a interpretabilidade dos modelos gerados, de forma
que os profissionais de saide compreendam de forma racional as relagdes entre as variaveis
dependentes e independentes. Além disso, ferramentas que incluam preditores relevantes para
a populagdo pediatrica, bem como acrescente um olhar para os dados nutricionais, que podem
contribuir com diversos desfechos em satde e que sdo comumente negligenciados por muitos
estudos. Portanto, o desenvolvimento de ferramentas de predigdo para RHPE, que sirvam de
apoio as decisdes clinicas e otimizem a ordenag@o do fluxo de trabalho tornando os processos

mais ageis e eficientes, ainda sdo necessarias.
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2. REFERENCIAL TEORICO

2.1 Readmissiao hospitalar pediatrica: impactos negativos para o paciente, para a

familia e para o servico de saude

A readmissao hospitalar ¢ definida como uma internacao dentro de um curto periodo
de tempo pré-especificado apds a alta hospitalar. Um periodo padrio internacionalmente
utilizado para considerar como retorno precoce de um paciente ¢ de 30 dias (KANSAGARA
et al.,, 2011). As readmissdes podem ou nao estarem clinicamente relacionadas com a
internagdo hospitalar inicial. As readmissoes relacionadas com uma condigado prévia sao as
mais relevantes, uma vez que podem refletir a qualidade do servigo e ocasionar aumento de
custos hospitalares. No presente estudo, exploramos a readmissao hospitalar potencialmente
evitavel, definida como uma nova internacdo em periodo igual ou inferior a 30 dias,
relacionada a condigdo médica previamente codificada ou decorrente de complicagcdo do
tratamento. Para tanto, excluimos todas os pacientes internados em enfermarias com
internacdes planejadas (obstetricia, ginecologia, transplante e cirurgia eletiva) e pacientes
que faleceram antes da alta.

A readmissdao hospitalar pediatrica ¢ um desfecho complexo e multifatorial, que
ainda permanece elevado, com taxas que variam de 4,0% a 29,5% (EHWERHEMUEPHA
et al., 2018a, 2020b; TAYLOR; ALTARES SARIK; SALYAKINA, 2020; TOOMEY et
al., 2016). Essa variacdo ocorre devido a diferentes tipos de planejamento do estudo,
métodos de calculo, variabilidade nos tipos de servigos e sistemas de satide especificos.
Além disso, a readmissdo estd associada a impactos negativos para a saide do paciente, tais
como prejuizos no desenvolvimento da crianga (CAHAYAG, 2020; DELVECCHIO et al.,
2019; PUFAL et al., 2018; RASHIKJ CANEVSKA, 2018; SILVA et al., 2018), aumento
substancial dos custos (GAY et al., 2015; KANE et al., 2021; MARKHAM et al., 2018), do
tempo internagdo (FEUDTNER et al., 2009; MARKHAM et al., 2018) e da mortalidade
hospitalar (HARTMAN et al., 2017) como também gerando impactos em sua familia
(MUMFORD et al., 2018).

A hospitalizagdo ¢ um evento estressante e traumatico na vida de um individuo,
implicando no rompimento das relagdes sociais e familiares. Para criancgas e adolescentes,
a hospitalizagdo pode ter um impacto mais substancial por ter mecanismos emocionais ainda

limitados para lidar com essa experiéncia (COYNE, 2006; SILVA et al., 2018). Nesse
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sentido, além da internacdo ser um evento negativo em potencial, as readmissoes
hospitalares nessa fase da vida podem ser piores. A internagao pediatrica pode impactar no
desenvolvimento da crianga, afetando negativamente o desenvolvimento motor, cognitivo,
emocional e psicossocial em curto, médio e principalmente em longo prazo (CAHAYAG,
2020; DELVECCHIO et al., 2019; PUFAL et al., 2018; RASHIKJ CANEVSKA, 2018;
SILVA et al., 2018). Cabe ressaltar que a internacdo pediatrica traz efeitos negativos nao
apenas para os pacientes, mas também para a rede familiar envolvida, que muitas vezes
precisa conciliar os cuidados de saude com a rotina laboral e familiar (MUMFORD et al.,
2018), fortalecendo ainda mais a importdncia de desenvolvimento de estudos nesse
contexto.

Além disso, as readmissdes hospitalares pediatricas podem sobrecarregar os
servicos de saude, estando associadas com aumento substancial dos custos (GAY et al.,
2015; KANE etal.,2021; MARKHAM et al., 2018) e do tempo de internagdo (FEUDTNER
et al., 2009; MARKHAM et al., 2018). Um estudo avaliando readmissoes hospitalares de
30 dias revelou que criangas que readmitiram passaram o dobro de dias no hospital
(considerando a admissdo anterior e atual) em comparagdo com criangas que nao
readmitiram e tiveram custos hospitalares aproximadamente 2,3 vezes maiores

(MARKHAM et al., 2018).

2.2 Fatores de risco associados a readmissao hospitalar

Por se tratar de um desfecho complexo e multifatorial, muitos fatores podem estar
associados a readmissdo hospitalar pediatrica. Os principais fatores de risco apontados pelos
estudos sao a multimorbidade (EHWERHEMUEPHA et al., 2018a; NIEHAUS et al., 2022;
ZHOU et al., 2019b, 2021), o maior nimero de internag¢des anteriores (EHWERHEMUEPHA
et al, 2018a; ZHOU et al., 2019b, 2021), o tempo de internacdo prolongado
(EHWERHEMUEPHA et al., 2018a; FEUDTNER et al., 2009; NIEHAUS et al., 2022; ZHOU
et al., 2019b), a idade (EHWERHEMUEPHA et al., 2018a; FEUDTNER et al., 2009; ZHOU
et al.,, 2019b), polifarmécia (EHWERHEMUEPHA et al., 2020a, 2020b) e a presenca de
diagnosticos ou condi¢des como anemia, desnutri¢do e cancer (EHWERHEMUEPHA et al.,
2018b; KUMAR et al., 2019).

O tempo de internacao hospitalar (TIH), por sua vez, ¢ definido como o numero de dias

que um paciente permanece no hospital. E comumente utilizado como um indicador de
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gravidade da doenga, bem como, da eficiéncia hospitalar, impactando no consumo de recursos
hospitalares. Além disso, o TIH tem sido apontado como um indicador da qualidade do cuidado
prestado (AWAD; BADER-EL-DEN; MCNICHOLAS, 2017; HUANG et al., 2013). O TIH ¢
influenciado por inimeros fatores ambientais, tais como diagnodstico médico, gravidade da
doenga, desnutri¢do, idade, entre outros (CORREIA; WAITZBERG, 2003; PIRLICH et al.,
2006; REZENDE et al., 2004). Além disso, um maior TIH, acarreta em redugdo da rotatividade
dos leitos hospitalares, com consequente elevagdo dos custos, onerando o Sistema Unico de
Satde (SUS), que trabalha muitas vezes proximo ao limite dos seus recursos financeiros
(WAITZBERG; CAIAFFA; CORREIA, 2001).

Estudos tém revelado que as taxas de readmissdo pediatrica variam de acordo com a
idade (EHWERHEMUEPHA et al., 2018a; FEUDTNER et al., 2009; ZHOU et al., 2019b). Um
estudo que avaliou os fatores de risco associados a readmissao hospitalar nao planejada de 30
dias por todas as causas em um hospital infantil terciario revelou que pacientes com mais de 13
anos tinham quase 1,5 vez mais chance de serem readmitidos em comparagdo com pacientes
mais jovens. Segundo os autores, isso pode estar relacionado aos adolescentes e adultos jovens
com condi¢des de saide cronicas subjacentes (ZHOU et al., 2020). Em outras palavras, a
medida que a idade avanca, fatores de risco cumulativos podem aumentar a frequéncia de
doengas cronicas ou agravos a saude, como drogadicao, a hipertensdo, obesidade, entre outros,
que contribuiriam mais intensamente para complicacdes clinicas e necessidade de internagdes
hospitalares. Uma revisdo sistematica, que visou identificar os fatores de risco associados as
readmissdes hospitalares pediatricas ndo planejadas, apontou que a idade inferior a 12 meses
ou entre 13 e 18 anos ¢ um dos fatores de risco para readmissao hospitalar (ZHOU et al., 2016).
Outro estudo que avaliou readmissoes pediatricas nao planejadas nos Estados Unidos mostrou
que as taxas de readmissao entre bebés foi 2,1%, triplicando para 6,7% ap0s a primeira infancia.
Segundo os autores, a prevaléncia de criangas com condi¢des cronicas esta aumentando devido
a melhora da sobrevida no periodo neonatal e ao avango no cuidado, levando a necessidades
médicas adicionais e internacdes no futuro (AMRITPHALE et al., 2021).

A multimorbidade, mais frequentemente definida como a “coocorréncia de duas ou mais
doencas cronicas ou agudas e condigdes médicas em uma pessoa” (VAN DEN AKKER;
BUNTINX; KNOTTNERUS, 1996), ¢ frequente nos ambientes hospitalares. Especula-se que
a multimorbidade pode ser proxy de gravidade do paciente estando relacionada com desfechos
hospitalares negativos e aumento dos custos hospitalares. Diversos estudos avaliando

readmissdo hospitalar pediatrica mostraram que a multimorbidade ¢ um dos fatores de risco
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para a readmissio (EHWERHEMUEPHA et al., 2018a; NIEHAUS et al., 2022; ZHOU et al.,
2019b, 2021). Uma coorte retrospectiva multinacional com pacientes hospitalizados, encontrou
associacao forte e linear de readmissdes potencialmente evitaveis em 30 dias com a
multimorbidade. Os autores relatam que ter pelo menos quatro sistemas corporais envolvidos
ou nove doengas cronicas dobra o risco de readmissdes potencialmente evitaveis em 30 dias
(AUBERT et al., 2019).

A presenca de diagnostico de cancer, por exemplo, tem sido apontado por alguns
estudos, como fator de risco para readmissdes hospitalares (EHWERHEMUEPHA et al., 2018a,
2020a, 2020b; HOENK et al.,, 2021). O cancer ¢ uma doenca complexa, de etiologia
multifatorial, cujo tratamento pode acarretar em multiplas internagdes, decorrente de
complicagdes infecciosas, anormalidades hidroeletroliticas e diminui¢do do estado funcional
(DONZE et al., 2013; HOENK et al., 2021). A anemia, definida pelos niveis de hemoglobina
diminuidos, também se associa negativamente com a readmissao hospitalar na primeira infancia
(KUMAR etal., 2019), bem como ocasiona prejuizos na fun¢ao cognitiva, no crescimento € no
desenvolvimento psicomotor (AISHVARYA et al., 2021). A anemia ¢ um problema de satde
publica, comum em criancas hospitalizadas, de etiologia multifatorial, que envolve uma
interagdo complexa entre nutri¢ao e outros fatores clinicos como: perda de sangue, reducdo da
expectativa de vida dos eritrocitos, inflamagao e eritropoiese e/ou hemodilui¢do insuficientes
(JUTRAS et al., 2020). A presenca de anemia esta significativamente associada a readmissao
hospitalar pediatrica (KUMAR et al., 2019).

Por fim, outro importante fator de risco, muitas vezes negligenciado pelos estudos, € o
estado nutricional. A perda de componentes corporais anteriores a admissao ou o declinio do
estado nutricional durante a hospitalizagdo afetam adversamente os resultados clinicos
(CORREIA; PERMAN; WAITZBERG, 2017). Como bem reconhecido na literatura, as
criancas possuem demandas nutricionais de energia e proteina aumentadas para o seu
crescimento e desenvolvimento considerando a relagdo ponderal quando comparadas aos
adultos (KYLE; PICHARD, 2006; MCCARTHY et al.,, 2019), o que as tornam mais
vulneraveis aos efeitos deletérios de um estado nutricional prejudicado. Além disso, a
desnutricdo infantil pode, em longo prazo, impactar o crescimento e a trajetéria de
desenvolvimento cognitivo (MCCARTHY et al., 2019). A desnutricdo correlaciona-se com
iniimeros fatores, anteriores e posteriores a hospitalizacao, além de estar associada a doenca
subjacente ou ao seu tratamento. Um estudo que avaliou o efeito da desnutricdo no risco de

readmissdo ndo planejada de sete dias em pediatria demonstrou que pacientes mais jovens e
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desnutridos possuiam maiores chances de readmissdo do que seus pares com mais idade,
revelando uma interacao entre idade e estado nutricional (EHWERHEMUEPHA et al., 2018b)

Apesar de alguns fatores terem sido apontados por estudos anteriores, muitos fatores de
risco podem ser subestimados ou at¢ mesmo nao serem reconhecidos pela equipe de saude
durante a internagdo. Por isso, continua sendo importante os esfor¢os na identificagdo dos

fatores que interferem na readmissao hospitalar pediatrica.

2.3 Técnicas para predicao de readmissao hospitalar pediatrica

Identificar precocemente os individuos com maior probabilidade de readmissao ¢ uma
das estratégias para reduzir suas taxas em nivel hospitalar, permitindo direcionar o cuidado para
0s pacientes com maior risco, otimizando o atendimento ¢ consequentemente, reduzindo os
custos hospitalares. A readmissdo hospitalar pediatrica ¢ um processo complexo e nao
estacionario, podendo ser afetado inclusive por fatores anteriores que vao para além da
internacao.

Nos ultimos anos foram desenvolvidas ferramentas capazes de identificar individuos
com alto risco de readmissao utilizando estatisticas convencionais (DONZE et al., 2013; HAN;
FLUCK; FRY, 2021; SHADMI et al., 2015; VAN WALRAVEN et al., 2010) e mais
recentemente empregando técnicas de ML (EHWERHEMUEPHA et al., 2020b; SYMUM,;
ZAYAS-CASTRO, 2021; WOLFF et al., 2019; ZHOU et al., 2021). Entretanto, os modelos de
predi¢do encontrados na literatura (Quadro 1), seja utilizando abordagens estatisticas
tradicionais ou técnicas de ML, possuem algumas limitagdes, o que dificulta sua aplicagdo na
pratica clinica. Alguns modelos apresentam uma discriminagdo baixa ou moderada (WOLFF et
al., 2019; ZHOU et al., 2021), excluem subgrupos pediatricos como o0s neonatos
(EHWERHEMUEPHA et al., 2020b), utilizam preditores derivados para a populacdo adulta,
tais como o Charlson Comorbidity Index (EHWERHEMUEPHA et al., 2018a, 2020a, 2020b;
HAN; FLUCK; FRY, 2021), utilizam métricas diferentes para avaliar o tempo (7, 10, 28 e 30
dias) de readmissao hospitalar (EHWERHEMUEPHA et al., 2018b, 2018a, 2020a; ZHOU et
al., 2016, 2020). Além disso, modelos de predicdo empregando técnicas de ML sdo na maioria
das vezes de dificil compressao, ndo sendo interpretaveis (WOLFF et al., 2019).

Portanto, ainda sao necessarios estudos que busquem desenvolver modelos de predicao
de readmissdo hospitalar pediatrica que resultem em preditores de facil obtencdo, com

plausibilidade bioldgica e que propicie a interpretagdo de forma racional das relagdes entre as
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varidveis independentes e a dependente. No melhor cenério em saude, os modelos devem ser
capazes de auxiliar os profissionais de saude a identificar os pacientes com elevado risco de
readmitir possibilitando implementar intervengdes em tempo habil, visando reduzir a
ocorréncia desse desfecho e consequentemente os diminuir os custos hospitalares e outros

impactos negativos mencionados nos topicos anteriores.
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Quadro 1 - Resumo das caracteristicas dos estudos que avaliaram readmissoes hospitalares pediatricas em 30 dias.

Autor, ano Populacio Local de estudo Tipo de Desfecho Readmissio Método utilizado Desempenho dos
estudo em 30 dias modelos
(%) AUC (4rea Under
The Curve)

Estudos com abordagem tradicional

Toomey, et. al., <18 anos Hospital pediatrico  Transversal Readmissoes 29,5 Regressao logistica (RL) -
2016 N =305 potencialmente multivariada
evitaveis em 30
dias
Ehwerhemuepha  >28 diase Hospital pediatrico Retrospectivo Readmissdes ndo 10,4 Regressdo logistica (RL) 0,79 —RL
et.al., 2018a < 18 anos terciario planejadas em 30 multivariada 0,68 — LACE
N =38.143 dias Validagdo via sistema de pontuagdo
LACE
Han et.al., 2021 < 18 anos Hospital do Retrospectivo Readmisséo por - Validagdo via sistema de pontuagdo 0,80
N=12.421 “National  Health todas as causas em LACE
Service” 28 dias
Zhou et.al.,, 2020 <16 anos Hospital pediatrico Coorte Readmissdo 4,5 Regressdo logistica multivariada 0,64
N=173.132 terciario retrospectivo hospitalar ndo
planejada em 30
dias

Estudos com abordagem de Machine learning

Ehwerhemuepha < 18 anos Hospitais do Retrospectivo Readmissao 12,6 Validagao da plataforma 0,82 — M1
et.al., 2020c “Cerner Health pediatrica HealtheDataLab 0,87 — M2
Facts Database”

Modelo 1 (M1) - Readmissdo nao

planejada - centro unico

Modelo 2 (M2) - Readmissdes

planejadas e nao planejadas - centro

unico
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Zhou et.al., 2021

Taylor et al., 2020

Symum et. al.,
2021

Wolf et.al., 2019

<16 anos
N =940

<18 anos
N
1.111.323

< 18 anos

< 18 anos
N =56.558

Hospital pediatrico
terciario

Hospitais
pediatricos

Hospitais
pediatricos

Hospital pediatrico

Caso-controle
pareado
retrospectivo

Coorte
retrospectiva

Retrospectivo

Retrospectivo

Readmissao
hospitalar ndo
planejada de 30
dias

Readmissdes ndo
planejadas de 3,7 ¢
30 dias

Readmisséo
hospitalares ndo
planejadas de 30

dias

Readmisséo por
todas as causas em
30 dias

4,5

4.4

8,3

3,7

Random Forest (RF)
Regressao Logistica (RL)
Regressdo Logistica - Stepwise
Elastic Net — Lasso e Ridge
Gradient Boosted Tree (GB)

Modelos Generalizados Mistos
(GLMM)

Extreme Gradient Boosting
(XGBoost)

Regressao backward
stepwise

Decision tree (DT) - C4.5

Support Vector machines (SVM) -
Polynomial Kernel

Gradient Boosting (GB)

logistica -

Support Vector machines (SVM)

Perceptron multicamadas -
AutoMLP (MLP1)
Perceptron multicamadas -

artificial neural network (MLP 2)
Naive Bayes (NB)

0,60 - RL

0,61 — RL Stepwise
0,63 — Elastic net
0,64 — RF

0,65 -GB

0,81 — XGBoost

0,78 - GLMM
0,73 — SVM
0,69 — RL
0,67 - GB
0,64 — DT

0,65 NB

0,64 — MLP 1

0,53 — MLP 2

0,59 — SVM

Fonte: Préprio autor
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2.4 O uso das técnicas de machine learning: potenciais aplicacdes nos servicos
de saude

Nos ultimos anos houve um rapido crescimento na geragdo, armazenamento e
disponibilizagdo de dados, devido ao estabelecimento e universalizagdo de tecnologias
inteligentes como Internet of Things (smart TV, alexa, wearables: smartwatches e fones
de ouvido e sensores para medir glicemia, batimentos) (HARRISON; SIDEY-GIBBONS,
2021; SARKER, 2021; SIDEY-GIBBONS; SIDEY-GIBBONS, 2019). Na assisténcia a
satde ndo foi diferente, observou-se ampla adog¢ao de sistemas de prontuario eletronico e
utilizagdo da telemedicina (HARRISON; SIDEY-GIBBONS, 2021; SARKER, 2021;
SIDEY-GIBBONS; SIDEY-GIBBONS, 2019). Esse desenvolvimento da tecnologia
possibilitou o fornecimento de grandes quantidades de dados historicos e clinicos
documentados, ou seja, houve um ganho substancial de conhecimento longitudinal
relacionado a satide. Avancos tecnologicos baseados em inteligéncia artificial (IA) tém
potencial para aprimorar a pesquisa médica e os cuidados clinicos € podem apoiar a
equipe de saude no diagnoéstico e predicdo de doengas e personalizagdo do cuidado
(HARRISON; SIDEY-GIBBONS, 2021; SARKER, 2021; SIDEY-GIBBONS; SIDEY -
GIBBONS, 2019).

O aprendizado de maquina - machine learning (ML) ¢ uma subdisciplina da A
responsavel por ajudar a impulsionar os avancos tecnoldgicos. O ML emprega diversos
algoritmos, capazes de avaliar processos de alta complexidade com rapidez e precisdo,
detectando e extraindo padrdes ou tendéncia internas, em grandes conjuntos de dados com
uma diversidade de varidveis, para os quais a percep¢do humana pode ser falha
(DAVENPORT; KALAKOTA, 2019; SARKER, 2021). Os algoritmos de aprendizado
de maquina sdo divididos principalmente em quatro categorias: supervisionado, ndo
supervisionado, semi-supervisionado e aprendizado por refor¢o. Algoritmos
supervisionados visam fazer predigdes sobre um desfecho (varidvel dependente) com
base em um conjunto de atributos (variaveis independentes). Estes algoritmos utilizam
um conjunto de dados rotulados (desfecho informado, ou seja, a saida de dados ¢
previamente conhecida) para aprender como os atributos e os desfechos estdo
relacionados, com o intuito de prever resultados de novos conjuntos de dados. O analista
ajuda o sistema a construir o modelo transferindo o conhecimento do pesquisador para a
maquina. Em contrapartida, os algoritmos ndo supervisionados visam encontrar padroes

previamente indefinidos em conjuntos de dados, por exemplo, agrupando observagdes
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semelhantes em clusters. Eles usam dados que ndo foram “rotulados” por um supervisor
humano (ou seja, observacdes que ndo foram categorizadas a priori). Por outro lado, os
semi-supervisionados consistem numa hibridizagdo dos métodos supervisionados e nao
supervisionados, usam dados rotulados e nao rotulados. Ja o aprendizado por reforgo ¢
baseado em recompensa ou penalidade (HARRISON; SIDEY-GIBBONS, 2021;
SARKER, 2021; SIDEY-GIBBONS; SIDEY-GIBBONS, 2019).

Um importante campo de aplicacdo do ML ¢ a tomada de decisdo inteligente por
meio da analise preditiva orientada por dados. A base da andlise preditiva ¢ capturar e
explorar as relacdes entre varidveis explicativas e previstas de eventos anteriores para
prever um resultado (SARKER, 2021). As técnicas de ML podem auxiliar na tomada de
decisdes clinicas inteligentes no dominio da satde. O aprendizado de maquina pode
contribuir na resolucdo de problemas de diagnostico e prognoéstico clinicos por meio da
predicdo de doengas identificando os pacientes com maior risco, possibilitando o
gerenciamento de pacientes permitindo alocagdo eficiente de recursos clinicos,
processamento de imagens de diagnosticos, entre outras.

Nos ultimos anos, em meio a crescente disponibilidade de dados de saude, houve
aumento do interesse na aplicagdo de diferentes métodos de ML para prever desfechos
hospitalares, entre eles, a readmissdo hospitalar (EHWERHEMUEPHA et al., 2020b;
SYMUM; ZAY AS-CASTRO, 2021; TOOMEY et al., 2016; WOLFF et al., 2019; ZHOU
et al., 2021). Na literatura ¢ possivel encontrar estudos sugerindo que as técnicas de
aprendizado de maquina podem superar abordagens estatisticas tradicionais, como a
regressao logistica, tendo o potencial de melhorar a previsao de resultados negativos em
saude (ASHFAQ et al., 2019; BAIG et al., 2019; FUTOMA; MORRIS; LUCAS, 2015;
MORGAN et al., 2019). A perspectiva € que o conhecimento adquirido por meio da
aplicacdo de modelos de ML contribua substancialmente com os servigos, possibilitando
ordenar o fluxo de atendimento, tornando os processos mais ageis e eficientes para gerar
resultados clinicos efetivos. De forma a priorizar os pacientes que mais necessitem,
auxiliando os profissionais de saide a tomar decisdes, a planejar tratamentos e
consequentemente, a melhorar a qualidade da assisténcia e reduzir os custos em saude.
Os pacientes também podem se beneficiar a medida que a previsdo possibilitard o
diagnostico oportuno, o que permite o tratamento personalizado e eficaz, potencialmente
prevenindo complicagcdes decorrente do tratamento incorreto ou tardio, bem como
reducdo do tempo de internacdo e consequentemente de possiveis complicagdes

psicologicas (MICHAILIDIS et al., 2022).
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Contudo, apesar de implicagdes que remontam a década de 1970, muitos
profissionais de satde ainda ndo estdo familiarizados com o ML e ndo sabem como ele
pode ser aplicado na pratica hospitalar (HANDELMAN et al., 2018). Além disso, muitos
modelos baseados em ML encontrados na literatura, apesar de obter boa predi¢ao nao
podem ser facilmente interpretaveis (WOLFF et al., 2019; ZHOU et al., 2021). Para
aplicagdes em saude, o facil entendimento do modelo ¢, sem duvida, uma propriedade
importante tendo em vista a complexidade subjacente dos desfechos clinicos € o impacto
potencial de decisdes erradas (JOVANOVIC et al., 2016). Sendo assim, um dos grandes
desafios dessa inovagdo tecnologica ¢ a interpretabilidade dos modelos gerados, que se
preocupem em explicar as relagdes entre as varidveis independentes e dependentes de
forma racional e pratica. Diante disso, ¢ necessario ter uma compreensao fundamental
dos modelos preditivos que forem implementados como suporte a decisdao clinica.
Modelos que além de serem capazes de prever o desfecho com boa precisdo, sejam

aplicaveis na pratica clinica de forma racional.

25



3. OBJETIVOS

3.1 Objetivo Geral

Desenvolver modelos de predicdo de readmissao hospitalar potencialmente evitavel
em 30 dias, em criancas e adolescentes internados em um hospital universitario de

nivel terciario.

3.2 Objetivos Especificos

e Validar escore conhecido na populacdo adulta (HOSPITAL score) para prever

readmissdes potencialmente evitaveis em 30 dias em populacao pediatrica.

e Aprimorar os métodos convencionais de predi¢do de readmissdao hospitalar
potencialmente evitavel por meio da utilizacdo de técnicas de machine learning,
identificando os atributos associados a readmissdao hospitalar potencialmente

evitavel em 30 dias.

e Explorar a utilidade de técnicas de interpretabilidade aplicadas em classificadores

caixa-preta de alto desempenho.
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Abstract

Background and Objective: Identifying patients at high risk of avoidable readmission
remains a challenge for healthcare professionals. Despite the recent interest in Machine
Learning in this topic, studies are scarce and commonly using only black box algorithms.
The aim of our study was to build an interpretable predictive model using a decision tree
inference to identify pediatric patients at the risk of 30-day potentially avoidable
readmissions. Methods: Retrospective cohort study conducted with all patients under 18
years old admitted to a tertiary university hospital (n=528). Demographic, clinical and
nutritional data were collected from electronic databases. The outcome was the
potentially avoidable 30-days readmissions. The J48 algorithm was used to develop the
best-fit trees capable of classify the outcome efficiently. Leave-one-out cross-validation
was applied and we computed the area under the receiver operating curve (AUC).
Results: The most important attributes of the model were C Reactive Protein, hemoglobin
and sodium levels, besides nutritional monitoring. We obtained an AUC of 0.65 and
accuracy of 63.3% the full training and leave-one-out cross-validation. Conclusion: Our
model allows the identification of 30-day potentially avoidable readmissions through
practical indicators facilitating timely interventions by the medical team, and it could
contribute to reduce this outcome.

Keywords: Hospital Readmission; Pediatrics; Decision tree; Algorithms; Supervised
Machine Learning
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Introduction

Pediatric hospital readmissions have received attention in recent decades. The 30-day
readmission rate for hospitalized children is still high, ranging from 4.40 to 29.50% [1-3].
Studies show that hospital readmission can negatively influence patients' quality of life [4,5] with
short and long-term consequences [4,6-9]. Besides, they can contribute substantially to the
increase in healthcare costs [10—12]. A study of pediatric patients revealed that the hospital cost
for all admissions and readmissions is US$ 17.3 billion, of which 21.5% (US$ 3.71 billion) was
spent during a readmission hospital stay [12]. Another study found that of the $11.6 billion spent
annually for all hospitalizations, being US$ 2.0 billion (16.9% of total hospitalization costs)

related to all-cause readmissions within 30 days [11].

Despite that, identifying patients at high risk of readmission and implementing timely
interventions remains a challenge for healthcare professionals. Recently, predictive modeling has
been pointed out as an efficient method to stratify the risk of readmission, allowing the targeting
of preventive interventions to patients at risk, thus optimizing the allocation of clinical resources
[13]. Tools capable of early identification of patients at risk of readmission, have been proposed
in order to helping to minimize the incidence of hospital readmissions [2,14—-17]. However, there
is still a lack of practical and easily understood predictive models to support clinical decisions.
The reported models are often poorly designed, being mainly based on black-box algorithms

[2,14—17] which makes it impossible to know how clinical factors led to forecasts.

For healthcare applications, the model's interpretability is as important as its performance.
So, when it is possible to observe the attributes and the decision paths rationally, the predictive
clinical model became easier their application by health team. Given this, decision trees, based
on supervised machine learning approach, can be an excellent option. Since this method relates
the nodes to each other hierarchically [18], resulting in an easy model to interpret. Therefore,
the aim of our study is to build an interpretable predictive model using a decision tree algorithm

to identify patients at the risk of 30-day potentially avoidable readmissions.
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Methods
Study design and Settings

A retrospective cohort study was conducted at a tertiary university hospital from January
Ist, 2014 to December 31st, 2018. Children and adolescents between 0 and 18 years old were
included, who had all data retrieved from electronic databases. We excluded hospitalizations that
resulted in hospital death (not at risk for readmission outcome), discharges against medical
advice (not at the opportunity to implement care plan and discharge instruction) and patients with

incomplete data in the electronic databases.

For this study, a 1:1 nested case—control design was performed, as classifiers do not work
well with unbalanced data. To overcome class imbalance, we included patients who readmitted
and had complete data (cases) and randomly selected patients with complete data who did not
readmit (controls) (Figure 1). The University's Ethics Committee approved this study (CAAE
51706221.3.0000.5152, protocol number: 5.003.236).

-9
B H

READMISSION

(264 ADMISSIONS - CASES)
132 admissions with

Nutritional Monitoring \ / LOOCYV
O ™~
E FHF /, FULL DATA gr—— : /’
. FULL

II (528 ADMISSIONS) : 5 J48
- { TRAINING DECISION
NO READMISSION e TREE ALGORITHM
(264 ADMISSIONS - CONTROLS)
132 admissions with Tk
Nutritional Monitoring frea lﬂfﬁﬁﬁ.’fymc

LOOCYV: leave-one-out cross-validation

Figure 1 Study flow diagram
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Predictors selection

Demographic data (age and sex) and clinical data (wards, admission type, diagnoses and
length of hospital stay - LOS), presence or absence of any nutritional monitoring during
hospitalization and biochemical exams (blood count, leukogram, C-reactive protein - CRP and

sodium) were obtained from electronic databases.

We classified the age of patients in six groups, according to childhood and adolescence
periods of growth and development: <1 years, > 1 to <5 years, > 5 to <9 years, >9 to < 13 years,
>13 to < 16 years and >16 years. Length of hospital stay was categorized into quartiles: <8, > 8
to <17,>17 and < 38 and > 38 days. All blood tests were performed at a single laboratory, CRP
was measured by methods immunoturbidimetry using Cobas® 6000 analyzer, sodium measured
by potentiometric methods and hematological parameters were analyzed using an automated
Sysmex XN-3000™ hematology analyzer. We categorized biochemical exams as altered and
normal, considering age and sex (Supplementary Material). Nutritional data were not filled in a
standardized way in the electronic databases, so it was not possible to classify the nutritional
status of patients. Therefore, we could only observe whether the child had any nutritional
monitoring during hospitalization. Therefore, we created a variable showing patients who had
nutritional monitoring during hospital stay (with or without nutritional monitoring during

hospitalization).
QOutcome

The outcome was the 30-day potentially avoidable readmissions, considered as a new
admission within this short period after the immediately previous hospital discharge. Thus, all
unavoidable readmissions, all patients admitted to wards with planned hospitalizations
(obstetrics, gynecology and transplant) or with predictable admissions, such as labour/delivery,

and chemotherapy or radiotherapy treatments (ambulatory care) were exclude.
Statistical Analysis

Descriptive data were summarized using proportions or means (+ standard deviation, SD).
For the statistical analysis, we use the R Project (version 4.0.3), the RStudio (version 4.0.2), and
considered the 95% confidence intervals (95% CI). The Machine Learning based decision tree

algorithm J48, present in Weka suite, was used to develop best-fit trees in order to select the
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minimum set of characteristics capable of classify patients at risk of 30-day potentially avoidable
readmissions efficiently. The leave-one-out cross-validation (LOOCYV) applied to estimate the
classification accuracy and test the generalizability of the model. We computed the area under
the receiver operating curve (AUC). We performed the analyses using WEKA software (Waikato

Environment for Knowledge Analysis, version 3.6.1).

Results

Of the 528 patients aged between 0 and 18 years, 60.2% (318) were male, 33.5% (177)
had under one year of age. The frequency of 30-day potentially avoidable readmissions was
50.0% (264). Of these 31.10% (82) had a length of hospital stay less than 8 days, 70.8% (187)
and 85.6% (226) had hemoglobin and CRP levels altered, respectively (Table 1).

Table 1 Demographic, clinical and biochemical variables by potentially avoidable 30- day

readmission
Predictors All 30-day readmissions
% (n) Yo(n)
No Yes

50 (264) 50 (264)
Sex, male %(n) 60.2 (318) 53.8 (142) 66.7 (176)
Age group, years
<1 33.5(177) 43.9 (116) 23.1(61)
>land <5 26.9 (142) 25.8 (68) 28.0 (74)
>5and <9 13.8 (73) 12.9 (34) 14.8 (39)
>9and <13 11.7 (62) 5.3(14) 18.2 (48)
>13and < 16 7.8 (41) 6.8 (18) 8.7 (23)
>16 6.3 (33) 5.3(14) 7.2 (19)
Wards
Clinical 76.1 (402) 70.1 (185) 82.2 (217)
Urgent/Emergency/Surgical 10.6 (56) 9.1 (24) 12.1 (32)
Newborns 13.3 (70) 20.8 (55) 5.7(15)
Admission type
Elective 9.1 (48) 11.0 (29) 7.2 (19)
Urgent or Emergency 90.9 (480) 89.0 (235) 92.8 (245)
Length of hospitalization, days
<8 23.5(124) 15.9 (42) 31.1(82)
>8and < 17 25.2(133) 31.4 (83) 18.9 (50)
> 17 and <38 26.1 (138) 23.9 (63) 28.4 (75)
>38 25.2(133) 28.8 (76) 21.6 (57)
Hemoglobin, g/dL
Normal 38.3 (202) 47.3 (125) 29.2 (77)
Altered 61.7 (326) 52.7 (139) 70.8 (187)
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Red Cell Distribution Width, %

Normal 2.3(12) 2.7(7) 1.9 (5)
Altered 97.7 (516) 97.3 (257) 50.2 (259)
C-reactive protein, mg/dL

Normal (< 0.5) 22.0(116) 29.5 (78) 14.4 (38)
Altered (= 0.5) 78.0 (412) 70.5 (186) 85.6 (226)
Sodium, mEq/L

Normal (= 134) 94.7 (500) 92.8 (245) 96.6 (255)
Altered (< 134) 5.3(28) 7.2 (19) 3.409)
Nutritional monitoring

Yes 50.0 (264) 50.0 (132) 50.0 (132)
No 50.0 (264) 50.0 (132) 50.0 (132)

Considering all available predictors, a decision tree inferred by from the J48 method was

constructed to classify patients with a risk of 30-day potentially avoidable readmissions (Figure
2). The decision tree algorithm to classify readmission vs non-readmission proposed the use of
CRP and hemoglobin, sodium levels and nutritional data, obtaining an AUC of 0.65 and accuracy

of 63.3% the full training (FULL) and leave-one-out cross-validation (LOOCV) (Figure 2).
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C-reactive protein

<0.5 mg/dL > 0.5 mg/dL

AUC: 0.650
Full training: 63.6%
LOOCYV: 63.6%

No readmission
(116/38) _
Hemoglobin

Normal Altered

Nutritional
monitoring

With
follow-up

Without > 134 mEqg/L < 134 mEg/L
follow-up

No readmission Readmission Readmission No readmission
(69/20) (73/33) (259/97) (11/4)

*Leave-one-out cross-validation (LOOCV)
*Area under the receiver operating curve (AUC)

Figure 2 Decision tree algorithm proposed to differentiate patients with 30-day potentially
avoidable readmissions. The total number of classified admissions (correct and incorrect) for
each class is shown in parentheses for each terminal node. Incorrectly classified admissions
appear after slash “/”. The area under the receiver operating curve (AUC), full training (FULL)
and leave-one-out cross-validation (LOOCYV) accuracies is shown in the figure.

Discussion

In this study, we used the J48 algorithm to build a classification model for 30-day
potentially avoidable readmissions. The most important attributes for the model were CRP,
hemoglobin and sodium levels, besides nutritional monitoring. Our findings were confirmed
using the leave-one-out cross-validation. To the best of our knowledge, our study is the first to
build a prediction model based on a decision tree with only three levels and confirmation by
leave-one-out cross-validation. Being a model of easy understanding and application in clinical
practice, making clear the contribution and direction of each association, as well as using
attributes routinely found in hospital services. Furthermore, the rule found by our model applies

to 63.6% of new cases.
35



Previous studies had reported many risk factors involved with increased risk of hospital
readmission: age [19-21], multimorbidity [13,15,20,22], prolonged duration of the last hospital
stay [19,22,23], polypharmacy [17,24] and presence of diagnostics/conditions like anemia,
malnutrition, cancer and global developmental delay [1,21]. However, hospital readmission is
still a recurring problem and difficult clinical management, involved with short and long-term
deleterious effects [4,6-9], besides contributing substantially to hospital costs [10—12]. The early
identification of patients at greater risk of readmission provides opportunities for targeting
interventions and allocating clinical and financial resources. In this sense, predictive models have
been proposed in the literature, with variable performances such as AUC of 0.65 using Naive
Bayes for all-cause 30-day readmission [14], AUC of 0.65 with Gradient Boosted for 30-day
unplanned hospital readmissions [15], AUC of 0.73 using Support Vector Machines with
Polynomial Kernel for at-discharge models [16], and even AUC of 0.81 with XGBoost for
unplanned readmissions within 30 days [2] all for 30-day hospital readmission. However, there
are few practical and interpretable models that easy to understand and apply, capable of

supporting clinical decisions.

In this sense, we use a Machine Learning decision tree-based algorithm in order to build
an interpretable model capable of identifying patients at risk of hospital readmission. Despite
presenting a modest performance, AUC=0.65, our results are relevant and capable of identifying
new patients with a risk of readmission in 63.6% of cases (LOOCV= 63.6%). Therefore, our
model can effectively contribute to clinical practice, since it is a model that is easy to understand
and apply in hospital routine, besides employing only relevant and easily got attributes in medical

services.

In the model built, using the J48 algorithm, we identified that the most relevant attribute
was the CRP levels, with more information in each iteration, being placed as the root of our
decision tree, in which their high levels contribute to a risk of readmission. CRP is an acute phase
protein, considered a sensitive and rapid response marker of inflammation. Studies have
suggested that high CRP concentrations are correlated with the presence of ongoing organ
dysfunction [25,26]. So, the elevated CRP may be an indirect marker of disease severity, and
therefore may be related to a higher risk of hospital readmission [25,26]. A study found that high
CRP levels were associated with a higher risk of readmission at 7 days [25], and also with a

higher risk of adverse outcome after discharge from the intensive care unit [26].

36



Our decision tree also used hemoglobin levels in order to identify patients at risk of
readmission. For patients with normal hemoglobin levels, it is necessary to assess the presence
or absence of nutritional monitoring during hospitalization. Those patients without nutritional
support during hospitalization have a risk of being readmitted when compared to patients who

are followed up by a nutritionist.

Nutritional data have already been explored in previous observational studies, however,
in most cases, they only assess the association of malnutrition with hospital readmission [1,21].
However, they cannot address the relevance of nutritional monitoring during hospitalization. At
least 80% of patients admitted to a hospital are expected to undergo nutritional screening within
the first 24 hours of admission [27]. Nutritional screening is the initial step allowing the
identification of patients at nutritional risk and early intervention when necessary, minimizing
deleterious effects related to nutritional status [28]. However, regarding the nutritional approach
in pediatric patients at the hospital level, there is still no consensus and the tools are scarce and
little used [29]. A study carried out in Brazil revealed that 43.3% of medical records did not
contain any records of the children's nutritional status [30]. According to the authors, this
reiterates the under-reporting of this important data by the entire health team that assists
hospitalized children [30]. Because of this deficiency, many hospitalized patients may not receive
any type of nutritional monitoring, which would make it difficult to identify nutritional losses
with negative effects on their health. Therefore, it is relevant, besides malnutrition, to assess the

effectiveness of nutritional monitoring and its contribution to hospital readmission.

On the other hand, if the hemoglobin levels are altered, it is necessary to assess the sodium
levels. One study found that the hemoglobin level is inversely correlated with 30-day hospital
readmission rates [31]. Low hemoglobin levels may be related to anemia, a condition often
diagnosed in hospitalized children [32—-34] that can be both a symptom and a complication of
many diseases. Studies suggest that anemia is a negative prognostic factor and may contribute to
the worsening of clinical outcomes, besides negatively affecting the child's health, with long-
term deleterious effects [32,35]. Moreover, sodium levels may contribute to identifying patients
at risk of hospital readmission. Abnormal sodium levels are one of the most common electrolyte
disturbances in hospitalized patients and have been associated with worse clinical outcomes.
Studies have revealed that hyponatremia is associated with hospital readmission [36-39].

However, in our study, we found no association for sodium levels below 134 mEq/L. One
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hypothesis, for the absence of association, may be because of the low frequency of hyponatremia
(5.3%) in the evaluated patients. Nevertheless, sodium levels above 134 mEq/L were associated
with hospital readmission, and this rule applies to almost 50% of the patients evaluated. Studies
suggest that sodium levels may be a marker of the severity of the underlying disease, being
related to an increase in negative health outcomes such as mortality [36,40,41], increased length

of stay [36,38,41], or yet hospital readmission [36—39].

Hospital readmission is a challenging outcome, it contributes substantially to increased
costs and is often associated with adverse health outcomes. Therefore, models capable of
predicting the risk of readmission are of interest, these tools can help identify and reduce
readmission, improve overall patient care and reduce healthcare costs. In our study we built a
classification model for 30-day potentially avoidable readmissions using the J48 algorithm. We
showed that one of the relevant predictors was nutritional monitoring, often neglected by
predictive models. Future studies should be carried out exploring nutritional data, aiming to
deepen knowledge and make health professionals aware of the importance of nutritional

screening.

Some limitations for this study need to be pointed out. First of all, the extrapolation of the
data must be careful, since this study was carried out with pediatric patients from a tertiary
university hospital. Secondly, the small sample size, since the absence of complete data made it
impossible to have a larger database. Algorithms are more effective when used in large databases.
However, the present study has strengths; we evaluated all available data during the study period,
applied LOOCYV cross-validation, used predictors relevant to the pediatric population and were
easily accessible, and finally, we sought to build a model that was easy to interpret and apply in

practice.

Conclusion

The decision tree model found making showed that the CRP, hemoglobin, sodium levels
and nutrition monitoring are the most important to classify 30-day potentially avoidable
readmissions. Our model allows the identification of individuals at risk of readmission, in an
easy and practical way, facilitating the targeting of interventions by the medical team, and

contributing to minimize this outcome.
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Abstract

Background and Objective: Pediatric readmissions are a burden on patients, families, and the
healthcare system. In order to identify patients at higher readmission risk, more accurate
techniques, as machine learning (ML), could be a good strategy to expand the knowledge in this
area. The aim of this study was to develop predictive models capable of identifying children and
adolescents at high risk of potentially avoidable 30-day readmission using ML. Methods:
Retrospective cohort study was carried out with 9,080 patients under 18 years old admitted to a
tertiary university hospital. Demographic, clinical, and biochemical data were collected from
electronic databases. We randomly divided the dataset into training (75%) and testing (25%),
applied downsampling, repeated cross-validation with five folds and ten repetitions, and the
hyperparameter was optimized of each technique using a grid search via racing with ANOVA
models. We applied six ML classification algorithms to build the predictive models, including
classification and regression tree (CART), random forest (RF), gradient boosting machine
(GBM), extreme gradient boosting (XGBoost), decision tree and logistic regression (LR). The
area under the receiver operating curve (AUC), sensitivity, specificity, Youden's J-index and
accuracy were used to evaluate the performance of each model. Results: The 30-day hospital
readmissions rate was 9.5%. Some algorithms presented similar AUC, both in the dataset training
and in the dataset testing, such as XGBoost, RF, GBM and CART. Considering the Youden's J-
index, the algorithm that presented the best index was XGBoost with bagging imputation, with
AUC of 0.814 (J-index of 0.484). Cancer diagnosis, age, red blood cells, leukocytes, red cell
distribution width and sodium levels, elective admission, and multimorbidity were the most
important characteristics to classify between readmission and non-readmission groups.
Conclusion: Machine learning approaches, especially XGBoost, can predict potentially
avoidable 30-day pediatric hospital readmission into tertiary assistance. If implemented in the
computer hospital system, our model can help in the early and more accurate identification of
patients at risk, targeting health strategic interventions.

Keywords: Machine Learning; Hospital Readmission; Pediatrics; Risk factors; Clinical Decision
Rules
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Introduction

Pediatric hospital readmission is a complex, multifactorial and highly prevalent outcome,
with negative impacts both for the individual 1-5 and for the health system 6—8. Identifying
patients at higher risk of readmission is one of the first steps to reduce pediatric hospital
readmission rates and minimize their deleterious effects. This identification is also required to
allow the targeting of preventive interventions to patients with greater need, and also to optimize

care and the allocation of financial resources.

Recent technological advances have enabled a greater information flow, improving the
potential medical research and clinical care, in order to support the diagnosis and diseases
prediction and personalization healthcare 9—11. Studies have shown that the use of artificial
intelligence techniques can be promising to predict pediatric hospital readmission 12-15.
Machine learning can assess highly complex outcomes quickly and accurately for which human
perception may fail 11,16. However, this context is still incipient in the health care, and it is not
a applicable reality in many hospitals. Many health professionals are still not familiar with the
use of these techniques and do not know how to apply them in hospital practice 17. Moreover,
few studies have been dedicated to predicting potentially avoidable pediatric hospital
readmissions using machine learning 12—15 and the few models published previously had some
limitations, such as the impossibility of interpretation 12,13, which make their application in
clinical practice difficult. For health outcomes, the easy understanding of a model is essential,
given the underlying complexity of clinical outcomes and the potential negative impact of health

wrong decisions18.

In this sense, there is a lack of studies seeking the development of predictive models for
pediatric hospital readmission, with a good performance, using predictors that are easy to obtain,
and with biological plausibility. These models can facilitate the rational interpretation of clinical
factors contribution and the path to decision. Therefore, the aim of our study was to develop
predictive models capable to identify children and adolescents at high risk of potentially

avoidable 30-day readmission.
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Methods

Study design and Settings

We conducted a retrospective cohort study at a tertiary university hospital with data

collected from January 1%, 2014 to December 31%, 2018, including all hospitalized children and

adolescents aged 0 to 18 years old. All data were retrieved from the electronic databases. We

excluded admissions that resulted in hospital death (not at risk for readmission outcome) and

discharges against medical advice (not at the opportunity to implement care plan and discharge

instruction) (Figure 1). The University's Ethics Committee approved this study (CAAE
51706221.3.0000.5152, protocol number: 5.003.236).

& e

12,771 admissions

464 deaths or discharges against medical advice

3,226 planned hospitalizations or predictable readmissions

P N
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Predictors selection

Demographic and clinical data

We collected demographic (age, sex, ethnicity) and clinical data, such as diagnoses,
multimorbidity, length of hospital stay (number of days), admission type (elective or

urgent/emergency), and wards (clinical, urgent/emergency/surgical and newborns).

We categorized the diagnoses into new variables in order to show the presence or absence
of a diagnosis of sepsis, diabetes, high blood pressure, neoplasia, heart, and kidney diseases.
Multimobidity was defined as “the co-occurrence of multiple chronic or acute diseases and
medical conditions within one person” 19. To quantify multimorbidity, we counted all the
diagnoses of each patient according to the International Statistical Classification of Diseases

(ICD) and Health-Related Problem:s.

Biochemical exams

We collected the biochemical tests: hematocrit, hemoglobin, red blood cell, leukocytes,
red cell distribution width (RDW), C-reactive protein (CRP), and sodium. All blood tests were
performed at a single laboratory and hematological parameters were analyzed using an automated
Sysmex XN-3000™ hematology analyzer. CRP was measured by methods immunoturbidimetry
using Cobas® 6000 analyzer, and sodium measured by potentiometric methods. We obtained
last known laboratory values before discharge. However, since different physicians request
different biochemical tests depending on the patient’s clinical condition, the frequency of the

exams could vary.

Outcome

The outcome of our study was potentially avoidable 30-day readmissions, considered as
a new admission in this short period after the immediately previous hospital discharge. We
excluded all unavoidable readmissions, i.e, all patients admitted to wards with planned
hospitalizations (obstetrics, gynecology and transplant) or with predictable admissions, such as
labour/delivery, and chemotherapy or radiotherapy treatments (ambulatory care), in order to

achieve only avoidable readmissions.
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Statistical Analysis

We randomly divided the dataset into training (75%) and testing (25%), using stratified
sampling, to maintain proportionality between training and testing. The training dataset was used
for the determination of hyperparameters and training processes using repeated cross-validation
(RCV) process with five folds and ten repetitions, while the test dataset was only used in the final
evaluation of the model's performance. To overcome the class imbalance, we used the
downsampling method for each fold cross-validation, aiming to randomly reduce the size of the
majority class, becoming equal the proportions of the classes. Each 5-cross-validation step
consists in the following: (1) apply pre-processing techniques (including downsampling) to 4
data folds (alternatively) to be used for training; (2) fit model to pre-processed folds; (3) apply
fitted model to hold-out fold and compute model evaluation metrics. The hyperparameters of
each technique were optimized through a grid search via racing with ANOVA models, using
3500 combinations of different hyperparameter values. Subsequently, the best hyperparameter
set found was used to train a model with the entire training set, computing the performance

metrics (all dataset training) and, later, to the test set.

We selected several machine-learning techniques to build predictive models, including
classification and regression tree (CART), random forest (RF), gradient boosting machine
(GBM), extreme gradient boosting (XGBoost), decision tree, and logistic regression (LR). For
each algorithm, we used pre-processing methods as needed. In the CART algorithm, we removal
of zero variance (remove variables that are highly sparse and unbalanced). We used two
imputation methods for RF and GBM, bagging (creates bagged tree models to impute missing
data), and median (replaces missing values with the median of the training set). For XGBoost
and LR we use two methods using decorrelate (remove variables that have large absolute
correlations with other variables) and imputation using bagging and median. For the decision
tree, we made three methods: removal of zero variance, decorrelate, and imputation via bagging
and via median. In order to compare the performance of the models, we computed the area under
the receiver operating curve (AUC). Other performance measures were also calculated, such as

sensitivity and specificity, Youden’s J-index, and accuracy (Figure 1).

Since the correct interpretation of a prediction model based on black-box machine
learning models is a challenge, it is a crucial point for health professionals. We used methods to

identify the contribution of each attribute in the prediction model and thus ensure the
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interpretability of the generated models. We used SHApley Additive exPlanation (SHAP) to
provide consistent and accurate assignment values for each feature within each forecast model
by building a graphical summary of the predictors?’. The SHAP values evaluate the importance

of the output resulting from adding feature A to all combinations of feature other than A%°.

We showed the descriptive data as proportions or means (+ standard deviation, SD) or
medians (with interquartile ranges - IQR). For the statistical analysis, we used the R Project
(version 4.0.3), the RStudio (version 4.0.2), and considered the 95% confidence intervals (95%
CI).

Results

Of the 9,080 patients included in the study, 60.3% (5,475) were male, with a mean age of
5.7 years and mean length of hospital stay of 15 days. The frequency of potentially avoidable 30-
day readmission was 9.5% (862), of which 91.8% (791) had an Urgent or Emergency admission
type and longer length of hospital stay (19.3 days) (Table 1).

Table 1 Demographic, clinical and biochemical variables by potentially avoidable 30-day
readmission

Predictors 30-day readmissions,

All %(n)
(9,080) No Yes

90.5 (8,218) 9.5 (862)
Sex, male [%(n)] 60.3 (5,475) 59.9 (4,926) 63.7 (549)
Age, years [means (SD)] 5.7 (6.0) 5.7 (6.1) 6.5(5.3)
Admission type, Urgent or Emergency [%(n)] 83.6 (7,587) 82.7 (6,796) 91.8 (791)
Multimorbidity [means (SD)] 5.2(4.9) 5.16 (4.8) 6.0 (5.9)
Length of hospitalization, days [means (SD)] 15.3(23.2) 14.8 (22.7) 19.3 (27.5)
Hematocrit, % [means (SD)] 36.7(8.8) 37.2 (8.8) 32.3(6.8)
Hemoglobin, g/dL [means (SD)] 12.6(3.2) 12.8 (3.2) 10.9 (2.3)
Red blood cell, million/mm? [means (SD)] 4.2(0.8) 4.26 (0.8) 3.8(0.7)
Leukocytes, million/mm? [means (SD)] 10.9 (5.38) 11.2(5.2) 8.9 (6.4)
Red Cell Distribution Width, % [means (SD)] 14.9(2.6) 14.8 (2.6) 15.1(2.7)
C-reactive protein, mg/dL [means (SD)] 4.2(5.5) 4.1(5.5) 4.6 (5.8)
Sodium, mEq/L [means (SD)] 138.6(3.6) 138.6 (3.6) 138.1 (3.2)
Diagnosis of cancer [%(n)] 6.7 (607) 3.0 (249) 41.5 (358)
Diagnosis of sepsis [%(n)] 5.0 (450) 4.8 (391) 6.8 (59)
Diagnosis of kidney diseases [%(n)] 3.8 (347) 3.5(284) 7.3 (63)
Diagnosis of heart diseases [%(n)] 17.1 (1,549) 17.5(1,438) 129 (111)
Diagnosis of hypertension [%(n)] 3.0 (269) 2.8 (228) 4.8 (41)
Diagnosis of diabetes [%(n)] 1.9 (169) 2.0 (161) 0.9 (8)
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Table 2 shows the metrics of all models tested, both the average of the metrics found in
the dataset training and the metrics found when applying the best model found in the dataset
testing. Some algorithms presented similar AUC, both in the dataset training and in the dataset
testing such as XGBoost, RF, GBM and CART. Considering the Youden's J-index, the algorithm
that presented the best index was XGBoost with bagging imputation, AUC of 0.807 (J-index of
0.467) and AUC of 0.814 (J-index of 0.484) in the dataset training and testing, respectively. We
can see that the imputation using median was a little different from the results using bagging

imputation.
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Table 2 Performance metrics for machine learning models

Methods

Dataset Training*

Dataset Testing

AUC Specificity  Sensitivity Youden Accuracy AUC  Specificity Sensitivity Youden  Accuracy
J Index J Index
XGBoost (decorrelate and imputation using bagging) 0.807 0.638 0.829 0.467 0.811 0.814 0.668 0.816 0.484 0.803
RF (imputation using median) 0.809 0.664 0.795 0.459 0.782 0.815 0.663 0.801 0.464 0.789
XGBoost (decorrelate and imputation using median) 0.808 0.639 0.827 0.466 0.809 0.810 0.604 0.840 0.444 0.819
GBM (imputation using median) 0.801 0.611 0.843 0.454 0.821 0.810 0.619 0.853 0.472 0.833
RF (imputation using bagging) 0.810 0.671 0.790 0.461 0.779 0.809 0.688 0.782 0.471 0.774
CART (zero variance) 0.811 0.655 0.806 0.461 0.792 0.803 0.673 0.771 0.444 0.732
GBM (imputation using bagging) 0.803 0.632 0.818 0.449 0.800 0.801 0.658 0.813 0.472 0.800
DT (decorrelate and imputation using bagging) 0.783 0.631 0.792 0.423 0.777 0.785 0.604 0.823 0.427 0.804
DT (decorrelate and imputation using median) 0.784 0.653 0.777 0.430 0.765 0.781 0.653 0.740 0.393 0.732
LR (decorrelate and imputation using bagging) 0.772 0.538 0.881 0.419 0.848 0.778 0.599 0.853 0.452 0.830
DT (zero variance) 0.781 0.639 0.776 0.415 0.763 0.762 0.703 0.676 0.379 0.679
LR (decorrelate and imputation using median) 0.764 0.502 0.910 0.413 0.871 0.755 0.460 0.934 0.395 0.892

* Average results obtained from repeating cross-validation with the best hyperparameters found.

Legend: CART: classification and regression tree; RF: random forest; XGBoost: extreme gradient boosting; GBM: gradient boosting machine; DT: decision tree; LR: logistic

regression; AUC: Area Under the Receiver Operating Characteristic Curve; RCV: repeated cross-validation
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In Figure 2 reports the predictive performance for the experiments, the algorithm
that presented the best performance was XGBoost with imputation via bagging with AUC
of 0.814.

1.004

—_Decision tree (decorrelate and imputation using bagging)
0.75 —Logistic Regression (decarrelate and imputation using bagging)
XGBoost (decorrelate and imputation using bagging)

—.Decision tree (decorrelate and imputation using median)

Logistic Regression (decorrelate and imputation using median)

0.504 —— XGBoaost (decorrelate and imputation using median)

sensitivity

—— GBM (imputation using bagging)
— Random Forest (imputation using bagging)
—— GBM (imputation using median)
0.254 —— Random Forest (imputation using median)

— CART (zero variance)

—— Decision Tree (zero variance)

0.004 .-

0.00 025 0.50 0.75 1.00
1 - specificity

Legend: CART: classification and regression tree; XGBoost: extreme gradient boosting; GBM: gradient boosting machine

Figure 2 Comparison of area under the ROC for machine learning models to identify
children and adolescents at high risk of potentially avoidable 30-day readmission

Figure 3 shows the SHAP feature importance, calculated as the average absolute
SHAP value per feature, for the XGBoost model trained before for predicting potentially
avoidable 30-day readmissions. Features with large absolute Shapley values were
important. Cancer diagnosis, age, levels of red blood cells, leukocytes and RDW were the

predictors that contributed most to the model.
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Cancer, yes- 0.548
Age,days- 0.230
Red blood cell, million/mmg - 0.213
Leukocytes, million/mm? = 0.185
Red cell distribution width, % = 0.108
Sodium, mEg/L - 0.089
Multimorbidity - 0.067
Admission type, elective - 0.039
C-reactive protein, mg/dL - 0.030
Kidney diseases, yes - 0.017
Heart diseases, yes - 0.012
Hypertension, yes - 0.009
Sex, female - 0.004
Sepsis, yes - 0.000

0.0 0.2 0.4 0.6
mean(|SHAP value|)

Figure 3 SHAP feature importance measured as the mean absolute Shapley values for
the XGBoost model (decorrelate and imputation using bagging)

SHAP values were calculated and plotted (Figure 4). As shown, cancer diagnosis,
age, levels of red blood cells, leukocytes, RDW and sodium, elective hospitalization, and
multimorbidity were the most important features to classified between readmission and
non-readmission groups. Cancer diagnosis has positive SHAP values, that is, shows a
positive correlation. It means that patients diagnosed with cancer are more likely to be
readmitted, as well as higher age patients, with lower levels of red blood cells, leukocyte,
and sodium, higher levels of RDW and greater multimorbidity amount have a greater risk
of readmission. On the other hand, patients with elective admission have a lower

readmission risk.
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Cancer, yes
Age, days

Red blood cell, million/mm?
Leukocyles, million/mm

Red cell distribution width, %
Sodium, mEg/L
Multimorbidity

Admission type, elective
C-reactive protein, mg/dL
Kidney diseases, yes
Heart diseases, yes
Hypertension, yes

Sex, female

Sepsis, yes

Diabetes, yes

0551
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0213

0.180
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Figure 4 Impact that each feature had on the result of the full model estimated using
SHapley Additive exPlanations (SHAP) values for XGBoost model (decorrelate and
imputation using bagging) using the full training dataset. The plot rank feature by the sum
of the magnitudes of the SHAP values across all samples. The color represents the feature
value (purple high, yellow low). The x-axis measures the impact on the model output
(right positive, left negative)

In order to explore the contribution of predictors and the clinical model
application, we randomly selected two patients from the dataset (Figure 5). The results
suggest that low levels of leukocytes and red blood cells (increase risk factors) and no
cancer diagnosis (decrease risk factor) were the top three contributors to the readmission

prediction.
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15 other features Red blood cell, million/mm3=3.57 Cancer, yes=0
Age, days=1655 Leukocytes, million/mm?3=2.6 - Red cell distribution width, %=10
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Figure 5 SHAP force plot for explaining of individual’s prediction results using the
XGBoost model (decorrelate and imputation using bagging). The yellow and red bars
represent risk and protective factors, respectively, longer bars representing greater
resource importance

Discussion

In this retrospective cohort, we developed and validated ML models, using
demographic, clinical and biochemical variables to predict potentially avoidable 30-day
pediatric hospital readmission. Some models had similar AUC, such as XGBoost, RF,
GBM and CART, however, XGBoost obtained the best perfomance (AUC of 0.814,
specificity of 66%, sensitivity of 81% and Youden's J-index of 0.484). Cancer diagnosis,
age, levels of red blood cells, leukocytes, RDW, sodium, elective admission, and
multimorbidity were the predictors with the greatest impact on potentially avoidable 30-
day readmission. To the best of our knowledge, our study is among the first to apply
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machine learning techniques to predict potentially avoidable 30-day readmission on the
pediatric population. We developed a prediction interpretable model with good predictive
capacity, which allow to understand the contributing factors and the paths to the rational
decision. Predictors with biological plausibility and easily available in most health

services were used.

Pediatric hospital readmissions are harmful to patients and families>?! overload
the health system®?® and are a recurrent outcome, ranging from 4 to 29.5%'>?224, The
frequency of 30-day pediatric hospital readmissions in our study was 9.50%, comparable
to other studies?>?*2°. Determining who is eligible to be discharged is a challenge that
demands time and effort from the medical team. Tools capable of helping to identify
patients at higher risk of readmission have been the subject of studies. Recently, studies
using traditional statistics revealed that two tools developed and widely used to predict
readmissions in adult patients (LACE index and HOSPITAL score) can predict hospital
readmissions in the pediatric population®’*®, However, the hospital readmission is a
complex, multifactorial and non-stationary process, with factors that human perception
may not fully understand, making an accurate prediction difficult. Studies have showed
that machine learning techniques can favor the early identification of patients with a
higher readmission risk, improve the prediction, and consequently, enable the
personalization care. There are still few studies that apply these techniques to predict
potentially avoidable 30-day readmission on the pediatric population'>'>. The found
models had limited usefulness and unsatisfactory performance. Some previous studies

12,13

had limited predictive capacity!>!3, excluded pediatric subgroups, such as neonates',

used predictors derived from the adult population, such as the Charlson Comorbidity

Index!?, or yet, they were difficult to understand, not being interpretable'>!3,

The model generated by XGBoost showed a good accuracy (AUC of 0.814),
specificity (66%), sensitivity (81%) and Youden's J-index (0.484) to identify the
potentially avoidable 30-day readmission risk in a pediatric population. In the literature,
the predictive capacity of models employing ML techniques to predict pediatric
readmissions shows substantial variation. One study found an AUC of 0.65 with the Naive
Bayes approach!? and gradient boosted tree model'?, another found an AUC of 0.73 using

Support Vector Machines with Polynomial Kernel for at-discharge models!* and even
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AUC of 0.81 with XGBoost for unplanned readmissions in 30 days?2. The complexity of
the hospital readmission process explains these differences found in the models' ability to
discriminate, since a wide list of factors and interactions are involved in the causes for
which a patient may be readmitted. Besides, the difficulty in finding good models is
because of the metric used, the analysis methods and predictors used, as well as the
variability of health services. Our study showed a model that performed better than most
30-day pediatric readmission models. We sought to consider the previous limitations of
pediatric prediction algorithms, using only readily available predictors at no additional

cost and relevant to the pediatric population.

For health outcomes, the interpretability of the model is as important as its
performance. In this sense, we applied techniques to “open the black-box™ in order to
make it possible to understand the contribution of each attribute to the prediction of
hospital readmission. We showed patients diagnosed with cancer, higher age, lower red
blood cells, leukocytes, sodium levels and a higher RDW level, as well as greater
multimorbidity, presented a higher readmission risk. Furthermore, on individual
exploration, we showed examples that the top-three contributors to prediction were lower
red blood cells and leukocytes levels (increase risk factors) and no cancer diagnosis

(decrease risk factor).

Cancer diagnosis was an important feature of our prediction model. Cancer is a
complex disease, with multifactorial etiology, whose treatment can lead to multiple
admissions because of infectious complications, hydroelectrolytic abnormalities and

decreased functional capacity*-*.

Age also had a substantial contribution. Studies have pointed out that pediatric
readmission rates vary according to age®**!2. A study that evaluated the risk factors
associated with unplanned pediatric hospital readmission within 30 days revealed that
patients older than 13 years were almost 1.5 times more likely to be readmitted compared
to younger patients®>. The prevalence of children with chronic conditions is increasing
due to improved survival in the neonatal period and advances in medical care, leading to

additional medical needs and future hospitalizations®*.
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Other predictors capable of modifying the readmission risk were altered levels of
red blood cells, leukocytes, RDW and sodium. Low levels of red blood cells may be a
reflection of anemia, which can be negatively associated with pediatric hospital

readmission®

, as well as cause impairments in cognitive function, growth and
psychomotor development®®. The change in RDW values (anisocytosis) beside to
reflecting a profound dysregulation of erythrocyte homeostasis attributed to underlying
metabolic disorders®’. It may show of the underlying general health status, having been
appointed as a marker of chronic inflammation and disease severity>’, associated with

3839 and longer length of hospital stay*>*’. Low levels of leukocytes

hospital mortality
(leukopenia) increases the susceptibility to develop infections, evidencing a fragility of
the immune system, because of their inadequate response to fight infections, it is
associated with hematological complications (sepsis and septic shock)*!, mortality*!*?
and readmission*?. Our study also identified that sodium levels can change the risk of
readmission. Other studies®>**** have already identified as a predictor of hospital
readmission hyponatremia. It is one of the most common electrolyte disturbances in
hospitalized children, and excessive secretion of antidiuretic hormone when under stress,
pain or nausea/vomiting, associated with water retention and increased sodium

reabsorption are the principal causes of hyponatremia in children*>,

On the other hand, our study revealed that the greater readmission risk with the
higher multimorbidity. Multimorbidity has been identified as a proxy for patient severity
related to negative hospital outcomes and increased hospital costs. Other studies
evaluating pediatric hospital readmission found out that multimorbidity is one of the risk

factors for readmission 32432,

While certain predictors of hospital readmission cannot be easily modified, our
model allows for the early identification of at-risk patients. This enables improved
coordination of discharge planning and targeted interventions, prioritizing those patients
most in need of special care. By doing so, we can reduce hospital readmissions and,
ultimately, lower health costs. To this end, we encourage the integration of predictive
algorithms for readmission risk in electronic medical systems, providing additional tools
to assist medical teams in identifying at-risk patients and planning interventions. In future

studies, it would be beneficial to explore nutritional data in order to improve our
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understanding of its impact, and to raise awareness among health professionals about the

importance of nutritional screening.

There are some limitations to this study. First, the extrapolation of the results
should be done with caution, as our study was carried out with pediatric patients from a
one hospital. Additionally, our population belongs to free medical care offered by the
government with a specific dynamic of readmissions, different from a private health
system, and may serve as a reference for other studies with a similar population. Second,
our estimates are conservative, as we cannot analyze the number of readmissions that may
have occurred by transfer to other institutions. Third, we use electronic medical record
data, susceptible to random human errors in data entry. Fourth, even though our study
evaluated a broad set of clinical variables, other conditions may be associated with
readmission, such as social factors (income, education, living conditions) unavailable in
our dataset.The study has also strength points. As mentioned, we collected wide range of
variables and all available data for a large period. Even with some absence of data and

with a more conservative strategy, our model was successful.

Conclusion

Machine learning approaches, especially XGBoost, can predict avoidable 30-day
pediatric hospital readmission into tertiary assistance (AUC of 0.814, specificity of 66%,
sensitivity of 81% and Youden's J-index of 0.484). Cancer diagnosis, age, levels of red
blood cells, leukocytes, RDW, and sodium, elective admission and multimorbidity were
the predictors with the greatest impact on potentially avoidable 30-day readmission. Our
model can help in early and accurate identification of patients at risk, facilitating the
strategic targeting of interventions, aiming to improve, optimize care and improve the

experiences of patients and families, as well as reduce healthcare costs.
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5 CONSIDERACOES FINAIS

Nosso estudo desenvolveu modelos de predicdo para readmissdes hospitalares
potencialmente evitaveis de 30 dias para populacdo pediatrica internada em um hospital
de nivel terciario. Utilizando abordagens tradicionais, validamos o escore HOSPITAL,
inicialmente desenvolvido e validado para populacao adulta. O escore HOSPITAL
mostrou boa capacidade para identificar risco de readmissdo potencialmente evitavel em
30 dias em uma populacdo pediatrica em diferentes contextos clinicos e diagnodsticos
(AUC=0,80). Portanto, nosso estudo ampliou a utilidade do escore HOSPITAL
estendendo sua utilizagdo também para a populacao pediatrica.

Além disso, levando em consideragdo a complexidade do processo de readmissao
hospitalar de natureza ndo estacionaria, podendo ser afetado por fatores anteriores e
também por fatores que ocorrem durante a internacdo, buscamos desenvolver uma
ferramenta de predicdo empregando técnicas de aprendizado de maquina. Contudo, nossa
prioridade era gerar modelos com boa capacidade de predigdo, facilmente compreendidos
e implementados na pratica clinica, utilizando preditores relevantes para a populagdo
pediatrica e incorporando dados nutricionais que muitas vezes sdo negligenciados.

Nosso estudo revelou que € possivel utilizar técnicas de aprendizado de maquina
para prever o risco de readmissdo potencialmente evitavel de 30 dias para populagao
pediatrica de um hospital de nivel tercidario. Nossos modelos alcangaram boa
discriminagao e utilizaram atributos facilmente obtidos na pratica clinica e prontamente
disponiveis em muitos servigos de saude. Além disso, mostramos a importancia de
valorizar os aspectos nutricionais dos pacientes, como fator de risco para readmissao
hospitalar.

Portanto, podemos perceber que a capacidade de predi¢do dos modelos gerados
nesse estudo, seja utilizando técnicas tradicionais sejam empregando técnicas de
aprendizado de maquina, foram semelhantes. Uma explicagdo para tal resultado pode ser
a qualidade dos dados utilizados em nosso estudo, tinhamos muitos dados omissos,
especialmente dados nutricionais, o que dificultou uma aplicacdo das técnicas de ML. No
entanto, extraimos todos os dados disponiveis no sistema hospitalar e diversas tentativas

foram realizadas para recuperar os dados ausentes.
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6 PERSPECTIVAS FUTURAS

Apesar do progresso no desenvolvimento e na precisao dos modelos em prever e
potencialmente reduzir a readmissao hospitalar pediatrica, esse desfecho continua sendo
um processo complexo, que precisa ser melhor compreendido. Estudos futuros devem ser
realizados com o intuito de validar os modelos desenvolvidos (validagdo interna
prospectiva). Através do desenvolvimento e implementagdo de um programa de
computador, por exemplo, que possibilite integrar esses algoritmos aos prontudrios
eletronicos do Sistema de Internacdo Hospitalar usando dados em tempo real, gerando
alertas para a equipe de saude sobre o atual risco do paciente. Outra opcao seria realizar
estudos visando executar uma validagdo externa, verificando a generalizacdo dos modelos
desenvolvidos em outros servigos de saude.

Além disso, novos estudos podem ser realizados visando a predigao de outros
desfechos em saiude que também geram impactos para os pacientes e para o servico de
saude, tais como mortalidade hospitalar, diminui¢do do tempo de internagao, diagnosticos
oncolégicos, cardiacos e renais, entre outros. Por fim, destacamos a importancia de
melhorar a qualidade dos registros de dados hospitalares, especialmente em relacdo aos
dados nutricionais, muitas vezes negligenciados apesar de sua reconhecida importancia
clinica em diversos desfechos hospitalares negativos. Dados nutricionais de qualidade,
poderiam possibilitar o desenvolvimento de estudos futuros empregando técnicas de
machine learning visando identificar como os fatores nutricionais influenciam nos
desfechos hospitalares. Modelos de predi¢do utilizando técnicas de aprendizado de
maquina sdo capazes de processar uma diversidade de dados de forma rapida e precisa,
melhorar a disponibilidade e qualidade dos registros de dados de prontuarios pode
possibilitar uma expansao na constru¢ao de modelos de predi¢do de readmissao hospitalar
futuros bem como outros desfechos.

Machine Learning ¢ um campo com grande potencial para aplicagdes em satude,
possibilitando tornar os processos médicos cada vez mais ageis e eficientes. Os avangos
tecnologicos, permitem integracdo dos sistemas com a analise de dados visando obter
resultados clinicos efetivos, com otimizacao dos fluxos de trabalho e alocagdo eficiente

dos recursos financeiros. Nesse sentido, estudos que visem desenvolver ferramentas
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capazes de contribuir para uma gestao organizada, possibilitando redirecionar os esforcos

das equipes de saude e os recursos financeiros sao de suma importancia.

69



7 REFERENCIAS

AISHVARYA, V. et al. A study on impact of iron deficiency on cognition and
anthropometry in pediatrics and clinical pharmacist ’ s intercession to provide
awareness about iron deficiency in tertiary care teaching hospital. International
Journal of Contemporary Pediatrics, v. 8, n. 11, p. 1848—-1854, 2021.
https://doi.org/10.18203/2349-3291.1jcp20214158

AMRITPHALE, N. et al. Age Based Trends for Unplanned Pediatric Rehospitalizations
in the United States. Cureus, v. 5, n. 13 (12), p. e20181, 2021.
https://doi.org/10.7759/cureus.20181

ASHFAQ, A. et al. Readmission prediction using deep learning on electronic health
records. Journal of Biomedical Informatics, v. 97, n. July, p. 103256, set. 2019.
https://doi.org/10.1016/].1b1.2019.103256

AUBERT, C. E. et al. Patterns of multimorbidity associated with 30-day readmission : a
multinational study. BMC Public Health, v. 19, p. 1-8, 2019.
https://doi.org/10.1186/s12889-019-7066-9

AWAD, A.; BADER-EL-DEN, M.; MCNICHOLAS, J. Patient length of stay and
mortality prediction: A survey. Health Services Management Research, v. 30, n. 2, p.

105-120, 2017. https://doi.org/10.1177/0951484817696212

BAIG, M. M. et al. Machine Learning-based Risk of Hospital Readmissions : Predicting
Acute Readmissions within 30 Days of Discharge. 2019 41st Annual International
Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), p.
2178-2181, 2019. https://doi.org/10.1109/EMBC.2019.8856646

CAHAYAG, V. Hospitalization and Child Development: Effects on Sleep,
Developmental Stages, and Separation Anxiety. Nursing | Senior Theses, v. 17, 2020.
https://doi.org/10.33015/dominican.edu/2020.NURS.ST.09

CORREIA, M. I. T. D.; PERMAN, M. I.; WAITZBERG, D. L. Hospital malnutrition in
Latin America: A systematic review. Clinical Nutrition, v. 36, p. 958-967, 2017.

70


https://doi.org/10.18203/2349-3291.ijcp20214158
https://doi.org/10.7759/cureus.20181
https://doi.org/10.1016/j.jbi.2019.103256
https://doi.org/10.1186/s12889-019-7066-9
https://doi.org/10.1177/0951484817696212
https://doi.org/10.1109/EMBC.2019.8856646
https://doi.org/10.33015/dominican.edu/2020.NURS.ST.09

https://doi.org/10.1016/j.clnu.2016.06.025

CORREIA, M. I. T. D.; WAITZBERG, D. L. The impact of malnutrition on morbidity,
mortality, length of hospital stay and costs evaluated through a multivariate model
analysis. Clinical Nutrition, v. 22, n. 3, p. 235-239, 2003.
https://doi.org/10.1016/S0261-5614(02)00215-7

COYNE, I. Children’s Experiences of Hospitalization. Journal of Child Health Care,
v. 10, n. 4, p. 326336, 25 dez. 2006. https://doi.org/10.1177/1367493506067884

DAVENPORT, T.; KALAKOTA, R. The potential for artificial intelligence in
healthcare. Future Healthcare Journal, v. 6, n. 2, p. 94-98, 2019.
https://doi.org/10.7861/futurehosp.6-2-94

DELVECCHIO, E. et al. Hospitalized Children: Anxiety, Coping Strategies, and
Pretend Play. Frontiers in Public Health, v. 7, n. September, p. 1-8, 2019.
https://doi.org/10.3389/fpubh.2019.00250

DONZE, J. et al. Potentially Avoidable 30-Day Hospital Readmissions in Medical
Patients. JAMA Intern Med., v. 173, n. 8, p. 632638, 2013.
https://doi.org/10.1001/jamainternmed.2013.3023

EHWERHEMUEPHA, L. et al. A Novel Model for Enhanced Prediction and
Understanding of Unplanned 30-Day Pediatric Readmission. Hospital pediatrics, v. 8,
n. 9, p. 578-587, 2018a. https://doi.org/10.1542/hpeds.2017-0220

EHWERHEMUEPHA, L. et al. The Effect of Malnutrition on the Risk of Unplanned 7-
Day Readmission in Pediatrics. Hospital Pediatrics, v. 8, n. 4, p. 207-213, 2018b.
https://doi.org/10.1542/hpeds.2017-0195

EHWERHEMUEPHA, L. et al. A Statistical-Learning Model for Unplanned 7-Day
Readmission in Pediatrics. Hospital Pediatrics, v. 10, n. 1, p. 43-51, 2020a.
https://doi.org/10.1542/hpeds.2019-0122

EHWERHEMUEPHA, L. et al. HealtheDatalLab — a cloud computing solution for data
science and advanced analytics in healthcare with application to predicting multi-center

pediatric readmissions. BMC Medical Informatics and Decision Making, v. 20, n. 1,
71


https://doi.org/10.1016/j.clnu.2016.06.025
https://doi.org/10.1016/S0261-5614(02)00215-7
https://doi.org/10.1177/1367493506067884
https://doi.org/10.7861/futurehosp.6-2-94
https://doi.org/10.3389/fpubh.2019.00250
https://doi.org/10.1001/jamainternmed.2013.3023
https://doi.org/10.1542/hpeds.2017-0220
https://doi.org/10.1542/hpeds.2017-0195
https://doi.org/10.1542/hpeds.2019-0122

p. 115, 19 dez. 2020b. https://doi.org/10.1186/s12911-020-01153-7

FEUDTNER, C. et al. How Well Can Hospital Readmission Be Predicted in a Cohort of
Hospitalized Children? A Retrospective, Multicenter Study. Pediatrics, v. 123, n. 1, p.
286293, 2009. https://doi.org/10.1542/peds.2007-3395

FUTOMA, J.; MORRIS, J.; LUCAS, J. A comparison of models for predicting early
hospital readmissions. Journal of Biomedical Informatics, v. 56, p. 229-238, ago.

2015. https://doi.org/10.1016/1.1b1.2015.05.016

GAY, J. C. et al. Rates and Impact of Potentially Preventable Readmissions at
Children’s Hospitals. The Journal of Pediatrics, v. 166, n. 3, p. 613- 619.e5, mar.
2015. https://doi.org/10.1016/1.jpeds.2014.10.052

HAN, T. S.; FLUCK, D.; FRY, C. H. Validity of the LACE index for identifying
frequent early readmissions after hospital discharge in children. European Journal of
Pediatrics, v. 180, n. 5, p. 1571-1579, 2021. https://doi.org/10.1007/s00431-021-
03929-z

HANDELMAN, G. S. et al. eDoctor: Machine learning and the future of medicine.
Journal of Internal Medicine, p. 1-17, 2018. https://doi.org/10. 1111/joim.12822

HARRISON, C. J.; SIDEY-GIBBONS, C. J. Machine learning in medicine: a practical
introduction to natural language processing. BMC Medical Research Methodology, v.
21,n. 1, p. 158, 31 dez. 2021. https://doi.org/10.1186/s12874-021-01347-1

HARTMAN, M. E. et al. Readmission and Late Mortality After Critical Illness in
Childhood*. Pediatric Critical Care Medicine, v. 18, n. 3, p. e112—e121, mar. 2017.
https://doi.org/10.1097/PCC.0000000000001062

HOENK, K. et al. Multicenter study of risk factors of unplanned 30-day readmissions in
pediatric oncology. Cancer reports (Hoboken, N.J.), v. 4, n. 3, p. €1343, 2021.
https://doi.org/10.1002/cnr2.1343

HUANG, Z. et al. Length of stay prediction for clinical treatment process using
temporal similarity. Expert Systems with Applications, v. 40, n. 16, p. 6330-6339,
2013. https://doi.org/10.1016/j.eswa.2013.05.066

72


https://doi.org/10.1186/s12911-020-01153-7
https://doi.org/10.1542/peds.2007-3395
https://doi.org/10.1016/j.jbi.2015.05.016
https://doi.org/10.1016/j.jpeds.2014.10.052
https://doi.org/10.1007/s00431-021-03929-z
https://doi.org/10.1007/s00431-021-03929-z
https://doi.org/10.1007/s00431-021-03929-z
https://doi.org/10.1186/s12874-021-01347-1
https://doi.org/10.1097/PCC.0000000000001062
https://doi.org/10.1002/cnr2.1343
https://doi.org/10.1016/j.eswa.2013.05.066

JOVANOVIC, M. et al. Artificial Intelligence in Medicine Building interpretable
predictive models for pediatric hospital readmission using Tree-Lasso logistic
regression. Artificial Intelligence In Medicine, v. 72, p. 12-21, 2016.
https://doi.org/10.1016/j.artmed.2016.07.003

JUTRAS, C. et al. Anemia in Pediatric Critical Care. International Journal of Clinical

Transfusion Medicine, v. 8, p. 23-33, 2020. https://doi.org/10.2147/IJCTM.S229764

KANE, J. M. et al. Resources and Costs Associated With Repeated Admissions to
PICUs. Critical Care Explorations, v. 3, n. 2, p. €0347, 17 fev. 2021.
https://doi.org/10.1097/CCE.0000000000000347

KANSAGARA, D. et al. Risk Prediction Models for Hospital Readmission: A
Systematic Review. JAMA, v. 306, n. 15, p. 1688-1698, 2011.
https://doi.org/10.1001/jama.2011.1515

KUMAR, D. et al. Factors Associated with Readmission of Pediatric Patients in a
Developing Nation. Indian Journal of Pediatrics, v. 86, n. 3, p. 267-275, 2019.
https://doi.org/10.1007/s12098-018-2767-0

KYLE, U. G.; PICHARD, C. The Dutch Famine of 1944-1945: A pathophysiological
model of long-term consequences of wasting disease. Current Opinion in Clinical
Nutrition and Metabolic Care, v. 9, n. 4, p. 388-394, 2006.
https://doi.org/10.1097/01.mc0.0000232898.74415.42

LIN, R. J. et al. Anemia in General Medical Inpatients Prolongs Length of Stay and
Increases 30-Day Unplanned Readmission Rate. Southern Medical Journal, v. 106, n.

5, p. 316-320, maio 2013. https://doi.org/10.1097/SMJ.0b013e3182901930

MARKHAM, J. L. et al. Length of Stay and Cost of Pediatric Readmissions.
Pediatrics, v. 141, n. 4, p. €20172934, abr. 2018. https://doi.org/10.1542/peds.2017-
2934

MCCARTHY, A. et al. Prevalence of malnutrition in pediatric hospitals in developed
and in-transition countries: The impact of hospital practices. Nutrients, v. 11, n. 2, p. 1-

18, 2019. https://doi.org/10.3390/nu11020236

73


https://doi.org/10.1016/j.artmed.2016.07.003
https://doi.org/10.2147/IJCTM.S229764
https://doi.org/10.1097/CCE.0000000000000347
https://doi.org/10.1001/jama.2011.1515
https://doi.org/10.1007/s12098-018-2767-0
https://doi.org/10.1097/01.mco.0000232898.74415.42
https://doi.org/10.1097/SMJ.0b013e318290f930
https://doi.org/10.1542/peds.2017-2934
https://doi.org/10.1542/peds.2017-2934
https://doi.org/10.3390/nu11020236

MICHAILIDIS, P. et al. Forecasting Hospital Readmissions with Machine Learning.
Healthcare, v. 10, n. 6, p. 1-14, 2022. https://doi.org/10.3390/healthcare10060981

MORGAN, D. J. et al. Assessment of Machine Learning vs Standard Prediction Rules
for Predicting Hospital Readmissions. JAMA Network Open, v. 2, n. 3, p. €¢190348, 8
mar. 2019. https://doi.org/10.1001/jamanetworkopen.2019.0348

MUMFORD, V. et al. Measuring the financial and productivity burden of paediatric
hospitalisation on the wider family network. Journal of Paediatrics and Child Health,

v.54,n. 9, p. 987-996, set. 2018. https://doi.org/10.1111/jpc.13923

NIEHAUS, I. M. et al. Applicability of predictive models for 30-day unplanned hospital
readmission risk in paediatrics: a systematic review. BMJ Open, v. 12, n. 3, p.

€055956, 30 mar. 2022. https://doi.org/10.1136/bmjopen-2021-055956

PIRLICH, M. et al. The German hospital malnutrition study. Clinical Nutrition, v. 25,
n. 4, p. 563-572, 2006. https://doi.org/10.1016/j.clnu.2006.03.005

PUFAL, E. C. et al. Motor development in the hospitalized infant and its biological and
environmental characteristics. Clinical & Biomedical Research, v. 38, n. 1, p. 6673,

2018. https://doi.org/10.4322/2357-9730.75638

RASHIKJ CANEVSKA, O. The Impact of Hospitalization on Psychophysical
Development and Everyday Activities in Children. The Annual of the Faculty of
Philosophy in Skopje, v. 71, n. January 2018, p. 465470, 2018.
https://doi.org/10.37510/godzbo1871465rc

REZENDE, I. et al. Prevaléncia da desnutri¢do hospitalar em pacientes internados em
um hospital filantropico em Salvador ( BA ), Brasil. R. Ci. méd. biol., v. 3, n. 71, p.
194-200, 2004.

SARKER, I. H. Machine Learning: Algorithms, Real-World Applications and Research
Directions. SN Computer Science, v. 2, n. 3, p. 160, 22 maio 2021.
https://doi.org/10.1007/s42979-021-00592-x

SHADML, E. et al. Predicting 30-Day Readmissions With Preadmission Electronic

Health Record Data. Medical Care, v. 53, n. 3, p. 283-289, mar. 2015.
74


https://doi.org/10.3390/healthcare10060981
https://doi.org/10.1001/jamanetworkopen.2019.0348
https://doi.org/10.1111/jpc.13923
https://doi.org/10.1136/bmjopen-2021-055956
https://doi.org/10.1016/j.clnu.2006.03.005
https://doi.org/10.4322/2357-9730.75638
https://doi.org/10.37510/godzbo1871465rc
https://doi.org/10.1007/s42979-021-00592-x

https://doi.org/10.1097/MLR.0000000000000315

SIDEY-GIBBONS, J. A. M.; SIDEY-GIBBONS, C. J. Machine learning in medicine: a
practical introduction. BMC Medical Research Methodology, v. 19, n. 1, p. 64, 19
dez. 2019. https://doi.org/10.1186/s12874-019-0681-4

SILVA, V. L. S. DA et al. Hospitalization in the first years of life and development of
psychiatric disorders at age 6 and 11: a birth cohort study in Brazil. Cadernos de Satide
Publica, v. 34, n. 5, p. 1-13, 28 maio 2018. https://doi.org/10.1590/0102-
311x00064517

SYMUM, H.; ZAYAS-CASTRO, J. Identifying Children at Readmission Risk: At-
Admission versus Traditional At-Discharge Readmission Prediction Model.

Healthcare, v. 9, n. 10, p. 1334, 7 out. 2021. https://doi.org/10.3390/healthcare9101334

TAYLOR, T.; ALTARES SARIK, D.; SALYAKINA, D. Development and Validation
of a Web-Based Pediatric Readmission Risk Assessment Tool. Hospital Pediatrics, v.

10, n. 3, p. 246-256, 2020. https://doi.org/10.1542/hpeds.2019-0241

TOOMEY, S. L. et al. Potentially Preventable 30-Day Hospital Readmissions at a
Children’s Hospital. Pediatrics, v. 138, n. 2, p. €20154182, 1 ago. 2016.
https://doi.org/10.1542/peds.2015-4182

TURGEMAN, L.; MAY, J. H. A mixed-ensemble model for hospital readmission.
Artificial Intelligence in Medicine, v. 72, p. 72-82, set. 2016.
https://doi.org/10.1016/j.artmed.2016.08.005

VAN DEN AKKER, M.; BUNTINX, F.; KNOTTNERUS, J. A. Comorbidity or
multimorbidity: What’s in a name? A review of literature. European Journal of
General Practice, v. 2, n. 2, p. 65-70, 1996.
https://doi.org/10.3109/13814789609162146

VAN WALRAVEN, C. et al. Derivation and validation of an index to predict early
death or unplanned readmission after discharge from hospital to the community.
Canadian Medical Association Journal, v. 182, n. 6, p. 551-557, 6 abr. 2010.
https://doi.org/10.1503/cmaj.091117

WAITZBERG, D. L.; CATIAFFA, W. T.; CORREIA, M. L. T. D. Hospital malnutrition:
75


https://doi.org/10.1097/MLR.0000000000000315
https://doi.org/10.1186/s12874-019-0681-4
https://doi.org/10.1590/0102-311x00064517
https://doi.org/10.1590/0102-311x00064517
https://doi.org/10.3390/healthcare9101334
https://doi.org/10.1542/hpeds.2019-0241
https://doi.org/10.1542/peds.2015-4182
https://doi.org/10.1016/j.artmed.2016.08.005
https://doi.org/10.3109/13814789609162146
https://doi.org/10.1503/cmaj.091117

The Brazilian national survey (IBRANUTRI): A study of 4000 patients. Nutrition, v.
17, n. 7-8, p. 573580, 2001. https://doi.org/10.1016/S0899-9007(01)00573-1

WEINREICH, M. et al. Predicting the Risk of Readmission in Pneumonia. A
Systematic Review of Model Performance. Annals of the American Thoracic Society,

v. 13, 1.9, p. 1607-1614, set. 2016. https://doi.org/10.1513/AnnalsATS.201602-135SR

WOLFF, P. et al. Machine Learning Readmission Risk Modeling: A Pediatric Case
Study. BioMed Research International, v. 2019, p. 1-9, 15 abr. 2019.
https://doi.org/10.1155/2019/8532892

ZHOU, H. et al. Utility of models to predict 28-day or 30-day unplanned hospital
readmissions: an updated systematic review. BMJ Open, v. 6, n. 6, p. e011060, 27 jun.
2016. https://doi.org/10.1136/bmjopen-2016-011060

ZHOU, H. et al. A 5-year retrospective cohort study of unplanned readmissions in an
Australian tertiary paediatric hospital. Australian Health Review, v. 43, n. 6, p. 662—
671, 2019a. https://doi.org/10.1071/AH18123

ZHOU, H. et al. Risk factors associated with paediatric unplanned hospital
readmissions: a systematic review. BMJ Open, v. 9, n. 1, p. €020554, jan. 2019b.
https://doi.org/10.1136/bmjopen-2017-020554

ZHOU, H. et al. Risk factors associated with 30-day all-cause unplanned hospital
readmissions at a tertiary children’s hospital in Western Australia. Journal of
Paediatrics and Child Health, v. 56, n. 1, p. 68-75, 2020.
https://doi.org/10.1111/jpc.14492

ZHOU, H. et al. Using machine learning to predict paediatric 30-day unplanned hospital
readmissions: A case-control retrospective analysis of medical records, including
written discharge documentation. Australian Health Review, v. 45, n. 3, p. 328-337,
2021. https://doi.org/10.1071/AH20062

76


https://doi.org/10.1016/S0899-9007(01)00573-1
https://doi.org/10.1513/AnnalsATS.201602-135SR
https://doi.org/10.1155/2019/8532892
https://doi.org/10.1136/bmjopen-2016-011060
https://doi.org/10.1071/AH18123
https://doi.org/10.1136/bmjopen-2017-020554
https://doi.org/10.1111/jpc.14492
https://doi.org/10.1071/AH20062

APENDICE A - PARECER CEP

@i U FU UNIVERSIDADE FEDERAL DE Plataforma
UBERLANDIA/MG %oﬂl

Comité de Etica com Peaquisa

PARECER CONSUBSTANCIADO DO CEP
DADOS DO PROJETO DE PESQUISA

Titulo da Pesquisa: ESTUDO DE TECNICAS DE INTELIGENCIA ARTIFICIAL APLICADAS A AREA DA

SAUDE PARA DESFECHOS HOSPITALARES NEGATIVOS EM POPULAGAO
PEDIATRICA

Pesquisador: Georgia das Gragas Pena

Area Tematica:

Versao: 1

CAAE: 51706221.3.0000.5152

Instituigdo Proponente: Faculdade de Medicina
Patrocinador Principal: Financiamento Préprio

DADOS DO PARECER

Numero do Parecer: 5.003.236

Situagao do Parecer:

Aprovado

Necessita Apreciacao da CONEP:
N&o

UBERLANDIA, 28 de Setembro de 2021

Assinado por:
Karine Rezende de Oliveira
(Coordenador(a))

Enderego: Av. Jodo Naves de Avila 2121- Bloco "1A", sala 224 - Campus Sta. Ménica

Bairro: Santa Ménica CEP: 38.408-144
UF: MG Municipio: UBERLANDIA
Telefone: (34)3239-4131 Fax: (34)3239-4131 E-mail: cep@propp.ufu.br

77



APENDICE B — INSTRUMENTO DE COLETA DE DADOS

Identificacao:

Codigo do paciente:
Data de internacdo no hospital: ~ /  /

Data de alta hospitalar: ~ /  /

Tipo de alta hospitalar: [ | altamédica  [__]contra orientagio médica
Tipo de admissao:
Dados sobre Obito: [ | Nao [ _]Sim  / /

Causa do 6bito: o

Data da Alta Hospitalar: ~ /  /

Data de nascimento: /] Idade: dias

Género: [ ] F |:|—M__

Variaveis Clinicas:

Enfermaria:

Diagndsticos médicos:

Sinais Vitais:

Temperatura: °C
Frequéncia Cardiaca: Frequéncia Respiratoria:
Pressao Sistdlica: Pressdo Diastolica:

Variaveis Bioquimicas:

Hemacias: milhdes/mm3 Hematdcrito: %

Hemoglobina: g%

VCM: fL HCM: fL CHCM: g/dL
Leucécitos: mil/mm? Linfocitos: %

Bastonetes: % Segmentados: %  Eosino6filos: mm?
Basofilos: mm? Mondcitos: % Reticulocitos:

Plaquetas: mil/mm* MPV: VHS: mm/h

TAP: % RDW: %

Procalcitonina: ng/mL Proteina C reativa:  mg/L

Acido trico: mg/dL. Creatinina: mg/dL. Ureia: mg/dL
Bilirrubina direta: ~ mg/dL  Bil. indireta:  mg/dL  Bil. total: mg/dL
Fosfatase alcalina: ~ U/L  TGP:  U/L TGO: U/L
GAMA GT: U/L Desidrogenase latica: U/L
Proteinas Totais: g/dL Albumina: g/L

Glicemia: mg/dL Hemoglobina glicada: %
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Triglicerideos: ~ mg/dL

LDL: mg/dL
VLDL: mg/dL
indice de saturacio de transferrina: %

Ferro:  mcg/dL

Creatinofosfoquinase (CPK):
Vitamina D:

ng/mL
Vitamina B9:

Insulina: microU/mL

Colesterol total: mg/dL

HDL: mg/dL

Transferrina: ~ mg/dL

Ferritina:  ng/mL

Capacidade de ligagdo do ferro: ~ mcg/dL
Lactato: mmol/L

Vitamina B12:

T3: ng/dL

T4 livre:  ng/dL TSH:  ulU/mL

Avaliaciao Nutricional:

Data da avaliagao:  / /
Peso Atual: kg

Peso Habitual: kg
Perda de Peso: kg

Classificagdo z escore:

Conclusao da Avaliagdo Nutricional:

~ Altura: cm IMC: kg/m?

% Perda de Peso: %
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