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RESUMO 

Introdução: A fragilidade no idoso é uma síndrome multifatorial associada a fatores 

sociais, físicos e psicológicos, os quais podem interagir entre si, e a análise de redes 

é uma técnica estatística gráfica que permite a observação das relações entre 

diferentes variáveis em modelos estatísticos que auxiliam no estudo de um fenômeno 

complexo. Objetivos: 1) Apresentar os principais aspectos teóricos e demonstrar a 

aplicabilidade da análise de rede por meio de estudos que utilizaram esta técnica. 2) 

Investigar, por meio da análise de redes, a relação entre fatores sociais, físicos e 

psicológicos e fragilidade em idosos. 3) Realizar, por meio da análise de redes, uma 

análise comparativa dos fatores associados à fragilidade em idosos do sexo masculino 

e feminino. 4) Verificar a estabilidade e acurácia das inferências dos modelos de rede 

com amostra total e com idosos do sexo masculino e feminino. 5) Estimar a 

dimensionalidade dos dados nos modelos de redes com idosos do sexo masculino e 

feminino. Métodos: Esta tese compreendeu um estudo sobre aspectos teóricos da 

análise de redes, como também dois estudos transversais que utilizaram os dados da 

Rede de Estudos sobre Fragilidade em Idosos Brasileiros (FIBRA) de 2008 a 2009. 

Modelo de redes de correlação parcial foi estimado para verificar as relações entre 

fatores físicos, sociais e psicológicos e o fenótipo de fragilidade. Modelos Gráficos 

Mistos (MGM) foram estimados com amostras estratificadas por sexo, para realizar 

uma análise comparativa dos fatores associados à fragilidade em idosos do sexo 

masculino e feminino. Resultados: Os resultados foram apresentados em três artigos 

científicos. O primeiro artigo, demonstrou os principais conceitos da análise de redes 

como características dos gráficos, tipos ou modelos de redes, conceitos sobre 

medidas de centralidade, tamanho amostral permitido nas análises e a aplicabilidade 

desta ferramenta com base na literatura cientifica sobre o tema. O segundo artigo, 

com 2588 idosos, demonstrou que a fragilidade se correlacionou mais fortemente com 

diabetes e depressão, e manteve maior proximidade com fatores físicos como risco 

cardiovascular pela relação cintura-quadril, incapacidade nas Atividades Básicas de 

Vida Diária (ABVD), incontinência urinária. O terceiro artigo, com amostra de 1957 

idosos divididos em homens e mulheres, demonstrou que no sexo masculino a 

fragilidade relacionou-se mais fortemente com incapacidade, quedas, satisfação 

global com a vida e escolaridade, enquanto que no sexo feminino além da 

escolaridade, depressão e diabetes relacionaram-se fortemente à síndrome. Ademais, 

as redes de homens e mulheres foram estatisticamente diferentes quanto à estrutura, 

força das relações e determinadas conexões (p<0.05). Conclusão: A análise de redes 

pode fornecer informações para populações específicas de idosos e sugeriu que a 

fragilidade não é uniformemente caracterizada, mas associada com diferentes fatores 

sociais, físicos e psicológicos permitindo assim, um melhor entendimento e 

gerenciamento desta síndrome. 

 
Palavras-chave: idoso; idoso fragilizado; fatores de risco; Estatística; Análise de 

Rede Social 

 

 



 

ABSTRACT 

Background: Frailty in older adults is a multifactorial syndrome associated with social, 
physical and psychological factors, which can interact with each other. Network 
analysis is a graphical statistical technique that allows the visualization of the 
relationships between different variables in statistical models analyzing a complex 
phenomenon. Objectives: 1) To present the main theoretical aspects and 
demonstrate the applicability of network analysis through studies that used this 
technique. 2) To investigate, through network analysis, the relationship between social, 
physical, and psychological factors and frailty in older adults. 3) To perform, through 
network analysis, a comparative analysis of factors associated with frailty in older men 
and women. 4) To test the stability and accuracy of the inferences of network models 
with the whole sample and stratified by sex. 5) To estimate the dimensionality of data 
in network models with older men and women. Methods: This thesis comprised of a 
study on the theoretical aspects of network analysis, as well as two cross-sectional 
studies that used data from the FIBRA (Frailty in Brazilian Older Persons) 2008 to 2009 
study. Partial correlation network model was estimated to verify the relationships 
between physical, social, and psychological factors and the frailty phenotype. Mixed 
Graphic Models (MGM) were estimated with samples stratified by sex, to perform a 
comparative analysis of factors associated with frailty in older men and women. 
Results: The results are presented in three published scientific articles. The first article 
discussed the main concepts of network analysis such as characteristics of graphs, 
types or models of networks, concepts about measures of centrality, sample size 
allowed in the analyzes and the applicability of this tool based on the scientific literature 
on this topic. The second article, with 2.588 older adults, showed that frailty was 
strongly correlated with diabetes and depression, and maintained greater proximity 
with physical factors such as cardiovascular risk assessed by the waist-hip ratio, 
disability and urinary incontinence. The third article, with a sample of 1.957 older adults 
stratified by sex, showed that in older men, frailty was strongly related to disability, 
falls, overall satisfaction with life and education, while in older women, in addition to 
education, depression and diabetes were strongly associated to the syndrome. 
Furthermore, the networks of men and women were statistically different regarding 
their structure, strength of relationships and specific connections (p<0.05). 
Conclusion: The network analysis can provide valuable information for specific older 
adult subpopulations. Furthermore, it suggested that frailty is not uniformly 
characterized, but associated with different social, physical and psychological factors 
and, therefore, allowing a better understanding and management of this condition. 
 
Keywords: Aged; Frail Elderly; risk factors; Statistics; Social Network Analysis 
 

 

 

 

 

 



SUMÁRIO 

 

1. INTRODUÇÃO ............................................................................................... 9 

1.1 Fragilidade, uma síndrome multifatorial...................................................... 10 

1.2 Análise de redes ......................................................................................... 16 

1.2.1 Tipos ou modelos de redes ..................................................................... 18 

1.2.2 Conceitos sobre medidas de centralidade ............................................... 20 

2. Objetivos ...................................................................................................... 22 

2.1 Objetivo geral ............................................................................................. 22 

2.2 Objetivos específicos ................................................................................. 22 

3. MÉTODOS ................................................................................................... 23 

3.1 Desenho do estudo .................................................................................... 23 

3.2 Participantes ............................................................................................... 23 

3.3 Variáveis e medidas ................................................................................... 24 

3.4 Aspectos éticos da pesquisa ...................................................................... 26 

3.5 Análise estatística dos dados ..................................................................... 26 

3.5.1 Modelo de rede de correlação parcial ..................................................... 26 

3.5.2 Modelos gráficos mistos .......................................................................... 27 

3.5.3 Medidas de centralidade ......................................................................... 28 

3.5.4 Comparação das redes ........................................................................... 28 

3.5.5 Estabilidade e acurácia das inferências das redes .................................. 28 

4. RESULTADOS ............................................................................................. 30 

4.1 Artigo 1 ....................................................................................................... 31 

4.2 Artigo 2 ....................................................................................................... 54 

4.2 Artigo 3 ....................................................................................................... 84 

5.DISCUSSÃO ............................................................................................... 120 

6.CONSIDERAÇÕES FINAIS ........................................................................ 126 

REFERÊNCIAS DA TESE.............................................................................. 127 

ANEXOS ........................................................................................................ 135 



9 
 
 

 

1. INTRODUÇÃO 
  

 Segundo dados das Nações Unidas, entre os anos de 2000 e 2050 haverá 

um aumento de 55% do número de idosos nas regiões desenvolvidas. Sobretudo, nas 

regiões em desenvolvimento este índice será de 131% para o mesmo período. O 

Brasil se destaca por ser um dos países emergentes com maiores mudanças 

demográficas, e continuará ocupando posição de relevância entre as nações mais 

envelhecidas do mundo (1).  

O fenômeno do envelhecimento populacional, está relacionado com o 

número crescente de doenças crônicas e incapacitantes. De fato, muitos idosos 

convivem com problemas de saúde que resultam em desfechos negativos. Neste 

contexto, a fragilidade destaca-se como condição prevalente relacionada a 

incapacidade funcional, quedas, hospitalização, polifarmácia e mortalidade (2).  

No Brasil, um estudo prévio com dados do Estudo Longitudinal da Saúde e 

Bem-Estar dos Idosos Brasileiros (ELSI-Brasil) demonstrou que 13,5% dos idosos 

com 60 anos ou mais eram frágeis (3). Na Inglaterra, a prevalência de fragilidade foi de 

6,5% nos idosos com idade entre 60 e 69 anos, participantes do English Longitudinal 

Study of Ageing (ELSA) (4). 

A fragilidade é uma síndrome multifatorial caracterizada pela redução da 

homeostase e aumento da vulnerabilidade a estressores internos e externos. Pode 

ser compreendida através do acúmulo de perdas no organismo ao longo da vida, como 

proposto no Índice de Fragilidade (5) ou por características fenotípicas biológicas como 

a perda de peso não intencional, exaustão ou fadiga, fraqueza muscular, lentidão na 

marcha e redução da atividade física (2).  

Para Gobbens et al., 2010 (6), a fragilidade é um estado dinâmico que afeta 

um indivíduo que sofre perdas em um ou mais domínios do funcionamento humano, 

são eles: social, físico e psicológico. De acordo com esta definição, foi sugerido o 

instrumento de rastreio de fragilidade denominado Tilburg Frailty Indicator que 

abrange questões relacionadas à rede de apoio social, estado de saúde física e mental 

que foram subdivididas em respectivos componentes social, físico e psicológico (7).  

Definições de fragilidade foram descritas por diferentes vertentes de 

pesquisas, e embora não exista um consenso na literatura, a maioria dos estudos 
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afirma que esta é uma síndrome multifatorial que recebe influência de vários 

determinantes (8). Desse modo, ao longo dos anos foram investigadas as relações 

entre múltiplos fatores sociais, de saúde física e mental com fragilidade na população 

idosa, principalmente por meio dos modelos estatísticos tradicionais como a análise 

de regressão (3, 9-15). 

Modelos estatísticos mais robustos, também foram utilizados na 

investigação dos fatores relacionados à fragilidade. Ding et al., 2017 (16), realizaram 

um estudo longitudinal com idosos utilizando a Modelagem por Equações Estruturais 

(MEE). Após seis anos de seguimento, foi observado que sintomas depressivos, 

déficit cognitivo, suporte social precário, presença de doenças crônicas e baixo nível 

de atividade física foram preditores do fenótipo de fragilidade.  

Ainda, Lohman et al., 2014(17) em um estudo transversal, analisaram os 

dados de idosos residentes na comunidade utilizando modelos de Análise Fatorial 

Confirmatória (AFC) e foi verificado que depressão, idade, sexo, menores níveis de 

renda e estado civil estiveram associados à síndrome.   

Com o avanço tecnológico, a utilização de modelos estatísticos modernos 

é cada vez mais crescente, especialmente na área da saúde, em que há necessidade 

de analisar conjuntos de dados com alta dimensionalidade, ou seja, constituídos de 

variáveis com diferentes atributos, classes e categorias, por exemplo, idade, sexo, 

níveis de escolaridade e renda, número de doenças crônicas e medidas 

antropométricas (18).  

Portanto, este estudo tem como foco explorar as relações entre diferentes 

fatores sociais, físicos, psicológicos e/ou psicossociais e fragilidade, em uma amostra 

de idosos residentes na comunidade, por meio da análise de redes, uma técnica 

estatística exploratória gráfica que permite visualizar as relações simultâneas entre 

múltiplas variáveis (19).  

 

1.1 Fragilidade, uma síndrome multifatorial 
 

O envelhecimento é caracterizado por alterações em diversos sistemas 

fisiológicos. O declínio e a deterioração das propriedades funcionais das células, 

tecidos e órgãos, resultam em disfunção homeostática e diminuição da capacidade de 

adaptação do organismo aos estressores internos e externos. Em resposta a estas 
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perdas, alguns idosos tornam-se pré-frágeis ou frágeis. O início e a velocidade com 

que a fragilização ocorre, dependem de múltiplos fatores sociais, físicos e 

psicológicos, sendo um acontecimento heterogêneo para cada ser humano (20, 21). 

De acordo com Bergman et al., 2004 (22), a fragilidade é uma condição 

multidimensional decorrente da interação entre determinantes sociais, físicos e 

psicológicos ao longo da vida. Os pesquisadores sugeriram um modelo que 

demonstra a trajetória do processo de fragilidade, que é mediada pela presença de 

doenças crônicas e declínio da reserva fisiológica (Figura 1).  

 

 

 
 

Figura 1. Determinantes biológico, psicológico e social de fragilidade ao longo da vida. 
Tradução livre. Adaptado de Bergman et al., 2004 (22). 
 
 

O modelo de fragilidade proposto por Linda Fried e colaboradores é 

amplamente aceito na literatura, e possui embasamento nas alterações físicas ou 

biológicas que ocorrem durante o envelhecimento, são elas: sarcopenia, desregulação 

neuroendócrina e disfunção imunológica (2). Embora o fenótipo de fragilidade seja 

predominantemente biológico e relacionado com condições físicas, por exemplo, 

presença de doenças crônicas, incapacidade funcional e quedas, este modelo 

também está associado com variáveis sociodemográficas e de saúde mental como a 

escolaridade, renda, idade, sexo, sintomas depressivos e déficit cognitivo (2, 3, 17, 23, 24).  

Fatores sociais, físicos e psicológicos podem interagir entre si e 

especialmente com o fenótipo de fragilidade. O estudo desta complexa rede de 
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interações pode auxiliar no planejamento das intervenções no que se refere à 

prevenção e tratamento desta síndrome de nível macro, as quais não são 

reducionistas, como foi recomendado na literatura recente, ou seja, estratégias em 

saúde para melhorar o engajamento e participação social, a condição de saúde física 

e atividades que melhoram a saúde mental, o bem-estar psicológico e a cognição dos 

idosos (25).   

 

Fatores sociais 

 

A fragilidade está associada com fatores demográficos e socioeconômicos, 

como demonstrou um estudo longitudinal realizado com idosos de diferentes países 

europeus (Suécia, Dinamarca, Alemanha, Holanda, Bélgica, Suíça, Áustria, França, 

Itália e Espanha). Após dois anos de seguimento foi observado que, ser do sexo 

feminino, possuir menores níveis de renda e escolaridade foram fatores de risco para 

o desenvolvimento de fragilidade (13).  

Guessous et al. 2014 (26) ao analisarem os dados de pessoas de meia idade 

e idosos, notaram que a menor renda esteve associada com a fragilidade. A literatura 

ressalta que, piores condições sociais e falta de recursos financeiros relacionam-se 

com o menor acesso aos serviços de saúde, e consequentemente pior estado de 

saúde física e mental na população idosa (27, 28).  

Com o envelhecimento populacional, o número de pessoas idosas que 

vivem sozinhas aumentou (29). Estudos demostraram que 13% dos idosos brasileiros 

vivem sozinhos e nos centros urbanos a chance de viver só é maior para esta 

população em comparação com outras faixas etárias (30). Apesar da vivência em 

domicílio unipessoal relacionar-se com a independência e sensação de liberdade, a 

necessidade do cuidado nesta fase da vida caracterizada por vulnerabilidades torna-

se evidente, sendo esta tarefa muitas vezes atribuída ao familiar (31).  

A presença do cônjuge é um fator de proteção e contribui para a 

manutenção da integridade física nos idosos (32). Um estudo recente demonstrou que 

a maior prevalência da fragilidade na população idosa esteve associada com a 

condição de não ter um esposo ou esposa. Os autores citaram a relevância do rastreio 

de condições sociais entre os idosos, especialmente quanto a vivência ou não com o 

cônjuge (33). 
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É sabido que as mulheres vivem mais do que os homens, porém 

apresentam maior prevalência de doenças crônicas, incapacidade e fragilidade (34-37). 

Além das diferenças em saúde, as mulheres também apresentam vulnerabilidades 

sociais, por exemplo, menor nível de renda e escolaridade fatores que também 

influenciam o estado de saúde e fragilidade (38). Por outro lado, os homens possuem 

comportamentos de risco tais como: tabagismo, alcoolismo, menor procura de 

serviços de saúde e não adesão ao tratamento medicamentoso e não medicamentoso 

(39). Deste modo, torna-se relevante a inclusão da variável sexo como covariável nos 

modelos que investigam a fragilidade no idoso ou a estratificação de amostras de 

pessoas idosas, em função do sexo a fim de comparação dos fatores relacionados à 

síndrome.  

 

Fatores físicos 

 

Nas últimas décadas, pesquisas investigaram as condições de saúde dos 

idosos inseridos em diferentes contextos assistenciais e demonstraram a associação 

entre doenças cardiovasculares (40, 41) e diabetes (12) com a fragilidade. O estado pró-

inflamatório elevado presente nas doenças cardiometabólicas desempenha um papel 

relevante na desregulação multissistêmica que ocorre nesta síndrome (42).  

Além das doenças cardiovasculares, as medidas antropométricas mantêm 

relação importante com a fragilidade, como demostrou um estudo realizado com 

dados do English Longitudinal Study of Ageing (ELSA), no qual os perfis de Índice de 

Massa Corporal (IMC) abaixo de 20 e entre 30 e 35 e de maiores medidas de 

circunferência abdominal estiveram associados à fragilidade (43).  

Estudos prévios também mostraram a relação entre fragilidade e 

osteoporose na população idosa (44, 45). Ademais, Li-Kuo et al., 2015 (46) em um estudo 

transversal notaram que idosos frágeis apresentaram perdas significativas de massa 

muscular magra e massa óssea, sendo mais acentuadas conforme o avançar da 

idade. 

O estudo realizado por Eyigor et al., 2015(47) verificou a prevalência do 

fenótipo de fragilidade e fatores associados em idosos residentes na comunidade. Os 

principais resultados mostraram que a presença de doenças crônicas e incontinência 

urinária foram condições clínicas relacionadas com fragilidade.  
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A incapacidade funcional e a fragilidade são prevalentes, multifatoriais e 

possuem fatores de risco semelhantes como a idade avançada, sexo feminino, déficit 

cognitivo e doenças crônicas. Além disso, ambas as condições compartilham 

mecanismos fisiopatológicos como a inflamação crônica e alterações no mecanismo 

de equilíbrio simpato-vagal (48). Embora semelhantes, a incapacidade funcional e a 

fragilidade são distintas e se sobrepõem, ou seja, idosos frágeis podem apresentar 

dificuldades nas Atividades de Vida Diária (AVD) (49, 50), deste modo, estas síndromes 

geriátricas estão associadas (2, 51). É importante destacar que, a fragilidade é um 

precursor da incapacidade funcional (52) e a perda funcional predispõe a fragilidade 

(53), o que reforça a necessidade de estudá-las simultaneamente nos modelos 

estatísticos. 

As quedas são um problema vivenciado por muitos idosos. Somente na 

américa latina, 20% a 35% das pessoas idosas com 60 anos ou mais caem pelo 

menos uma vez no ano. Embora os riscos de quedas sejam maiores entre 

institucionalizados ou hospitalizados, a literatura ressalta sobre a importância de 

estudar este desfecho em populações mais ativas como idosos residentes na 

comunidade que também possuem taxas anuais de quedas relevantes (54, 55).  

Nos idosos com fragilidade, a prevalência de quedas pode chegar a 44% 

conforme diferentes abordagens de operacionalização da síndrome e disparidades 

metodológicas dos estudos. A relação entre quedas e fragilidade pode ser explicada 

em parte, pelo processo de perda de massa muscular e sarcopenia, comorbidades, 

interação medicamentosa, déficit cognitivo, comprometimento de equilíbrio e controle 

postural, condições as quais são comuns entre os frágeis (56).  

    

Fatores psicológicos ou psicossociais   

 

A depressão esteve associada com fragilidade e ambas apresentam riscos 

para desfechos negativos em saúde como a perda funcional e mortalidade na 

população idosa (57-59). Idosos depressivos apresentam mecanismos ineficientes de 

enfrentamento psicológico e social, assim sendo, a depressão é considerada uma 

fragilidade psicossocial (60). 

A associação entre déficit cognitivo e fragilidade é amplamente estudada 

na literatura (61) e pode ser explicada por diferentes mecanismos, sendo um deles 
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neuropatológico da doença do Alzheimer, ou seja, emaranhados neurofibrilares e 

placas amiloides levam ao comprometimento cognitivo e também à fragilidade (62). Um 

outro mecanismo está relacionado com a inflamação crônica, a qual está associada 

com o déficit cognitivo e desempenha um papel fundamental na gênese da fragilidade 

física. O aumento de interleucina-6 (IL-6), pode ser um mecanismo chave da relação 

entre déficit cognitivo e fragilidade física (63).  

A satisfação com a vida diz respeito a avaliação global da vida, sendo um 

componente importante do bem-estar subjetivo, e está associada com a saúde 

subjetiva e física dos idosos. O envelhecimento saudável é definido por meio de 

medidas objetivas, por exemplo, o baixo risco de doenças e incapacidade, alta 

atividade mental e física e envolvimento ativo na vida cotidiana, porém além destes 

parâmetros as medidas subjetivas que abrangem, principalmente, os níveis de 

satisfação com a vida, estão ganhando destaque na literatura (64).  

No contexto psicossocial, o bem-estar emocional é uma dimensão que se 

relaciona com uma vida satisfatória e feliz e tem sido explicado por dois modelos:  o 

primeiro, de natureza sociológica que tem como indicadores a satisfação com a vida 

e o equilíbrio entre afetos negativos e positivos. O segundo modelo, tem natureza 

psicológica, com significado central na busca de excelência pessoal, resultando em 

senso de ajustamento. As experiências de felicidade e prazer, estão incluídas em um 

contínuo de emoções positivas e negativas, cujos efeitos fisiológicos e psicológicos 

atuam como reguladores do comportamento (65).  

Uma pesquisa transversal com idosos demonstrou maiores níveis de 

satisfação com a vida entre os robustos em comparação com os frágeis. De acordo 

com os autores, as diferenças observadas entre estes grupos possivelmente 

ocorreram em função da deterioração da saúde física e mental ao longo do processo 

de fragilização, impossibilitando maiores níveis de satisfação global entre os frágeis 

(14).  

Wilhelmson et al., 2013 (66) ao analisarem idosos com oitenta anos ou mais 

de idade, observaram que os frágeis apresentaram baixos níveis de satisfação com a 

vida. Os estudiosos ressaltaram a importância do rastreio de condições psicossociais, 

no que diz respeito ao manejo da síndrome na população idosa.  

 Entre os idosos, especialmente os mais vulneráveis ter amigos é 

fundamental para a satisfação com a vida e manutenção da saúde física (67). As 
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amizades no contexto da rede de suporte social, desempenham funções relevantes 

também para a manutenção da saúde mental (68). Outro aspecto fundamental é que 

sentir-se amado por familiares e amigos é um fator relacionado com a autopercepção 

positiva de felicidade e envelhecimento saudável (65).  

Ainda em relação aos aspectos psicológicos, as mudanças na qualidade 

do sono são frequentes entre os idosos e influenciam negativamente o humor; a 

habilidade de adaptação aos estressores; a efetividade do sistema imunológico e a 

saúde do sistema nervoso central (69). Distúrbios do sono estão relacionados com 

déficit cognitivo e problemas emocionais nas pessoas idosas (70), especificamente, 

pesquisas demonstraram que problemas respiratórios e hipóxia durante do sono (71), 

insônia, cochilos e sono diurno foram fatores relacionados com fragilidade. A redução 

dos níveis de testosterona, inflamação crônica, estresse oxidativo e desequilíbrio na 

secreção do hormônio do crescimento (GH), são vias bioquímicas comuns nos 

distúrbios do sono e na síndrome de fragilidade e podem explicar esta relação (72).  

 

1.2 Análise de redes  
 

Os fenômenos biológicos são complexos e analisá-los é uma tarefa que 

pode exigir a utilização de modelos estatísticos robustos, desenvolvidos com avanço 

tecnológico (73).  Dentre os modelos estatísticos mais modernos, a análise de redes 

vem ganhando destaque em diversas áreas do conhecimento como a física, ciências 

da computação, ciências sociais, (74) genética e epidemiologia (75).  

A respeito das estruturas dos gráficos, as redes possuem nodos que são 

elementos em formato de círculo que representam as variáveis estudadas. Os nodos 

se conectam entre si por meio de setas ou linhas denominadas edges. Se as 

estruturas de redes possuem linhas, elas são denominadas não direcionadas e se 

possuem setas, são denominadas direcionadas (Figura 2). Ressalta-se que redes 

direcionadas são modelos que permitem demonstrar estruturas causais, mesmo em 

pesquisas transversais, entretanto, nestes casos deve-se interpretar os resultados 

com cautela em virtude da afirmação de causalidade e, portanto, quando há 

delineamento transversal as redes são de preferência não direcionadas (76). 
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Figura 2: Estruturas de redes não direcionada à esquerda e direcionada à direita. 
Fonte: elaborado pelo autor. 
 
 

As redes podem ser divididas em não ponderadas, que possuem edges 

que representam apenas as relações entre os nodos e redes ponderadas, nas quais 

a intensidade das relações são demonstradas e quanto mais espessos forem os 

edges mais fortes as relações entre os nodos. Ainda, os edges variam de cor conforme 

a direção da associação e a cor verde ou azul representa relação positiva e vermelha 

representa a relação negativa (77) (Figura 3). 

 

Figura 3: Estruturas de rede não ponderada à esquerda e ponderada à direita. Edges 
de cor azul representam relações positivas e edges de cor vermelha, as relações 
negativas Fonte: elaborado pelo autor. 
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O posicionamento dos nodos também é uma característica importante na 

análise de redes. Quanto mais próximos dois nodos estiverem, mais forte a relação 

entre eles (78). Esta condição se dá por meio dos algoritmos de posicionamento, sendo 

um dos mais usados o algoritmo Fruchterman- Reingold (FR), que está disponível no 

programa estatístico R (79). Durante o processo de estimação dos modelos de redes, 

após um estado de repulsão, os nodos com relações mais fortes são atraídos entre si, 

enquanto que os nodos com relações fracas são repelidos e mantidos distantes dos 

demais (77). Os nodos centrais são considerados relevantes nas redes, entretanto, 

para mensurar a importância de cada nodo recomenda-se estimar as medidas de 

centralidade (80), as quais serão citadas detalhadamente nesta pesquisa.  

 

1.2.1 Tipos ou modelos de redes 
 
 

As redes podem ser estimadas em diferentes tipos ou modelos, sendo 

alguns deles: 

 

• Estruturas de correlação: são redes baseadas em estimativas de matrizes de 

correlação. São amplamente utilizadas. Como limitação apresentam todas as relações 

entre variáveis estudadas dificultando a interpretação dos modelos, algumas 

resultantes de correlações espúrias. Nestas redes os coeficientes variam de -1 a 1 e 

são omitidas apenas as conexões com valor igual a 0 de correlação. A respeito da 

força entre as interações, uma correlação de 0,5 equipara-se a uma correlação de 

valor -0,5. Ambas, são mais fortes que uma correlação de 0,2 ou -0,2 (77, 81).  

 

• Correlação parcial:  nestas redes, edges representam relações entre dois 

nodos após o condicionamento em todas as outras variáveis. Quando há conexão 

entre duas variáveis há uma correlação entre elas que não pode ser explicada por 

outras variáveis. Redes de correlação parcial são conhecidas como Gaussian 

graphical models, e pertencem a uma classe de técnicas estatísticas denominadas 

Pairwise Markov random fields(80). A figura 4 demonstra um exemplo de redes de 

correlação parcial (Figura 4).  
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Figura 4. Correlação parcial entre nodos em análise de redes. Adaptado de Epskamp 
2016 (76) 

 

Nota-se que, o nodo “A” interage fortemente e de maneira positiva com “B”, 

e este negativamente com “C”. Os nodos “A” e “C” são condicionalmente 

independentes, dado o nodo “B”. A variável “B” desempenha um papel importante 

nesta rede e é possível interpretar estas relações de diferentes maneiras. Primeiro 

que há uma relação forte entre “A” e “B” após controle de “C”; similarmente “C” e “B” 

estão relacionados após controle de “A”. Após o controle de “B” não há mais nenhuma 

correlação entre “A” e “C”. Por fim, pode-se interpretar que a variável “B” é mediadora 

na relação entre “A” e “C” (76).  

Para estimar os modelos de redes de correlação parcial, primeiramente 

deve-se utilizar a função “cor_auto” para elaborar a matriz de correlação dos dados. 

Com a função cor_auto, a correlação policórica é utilizada para estimar a relação entre 

variáveis ordinais; polisserial quando uma variável é ordinal e outra contínua; 

correlação de Pearson quando as variáveis são numéricas. Nas redes de correlação 

e correlação parcial, um pressuposto é a normalidade dos dados e não havendo dados 

normais o procedimento de transformação deve ser realizado. No programa R ou 

Rstudio esta função denomina-se nonparanormal transformation. Outra possibilidade 

é a utilização do comando “npn.SKEPTIC” do pacote estatístico “qgraph”.(76) 

 

• Modelos Gráficos Mistos: trata-se de estimativa de estrutura baseada em 

matrizes de covariância generalizada. MGM são considerados uma extensão não-

paramétrica dos métodos supracitados e o “estado da arte” para estimar redes com 

variáveis dicotômicas, ordinais, discretas e contínuas, de acordo com a premissa das 
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suposições distribucionais. As estimativas provenientes das relações entre os nodos 

não são baseadas em correlações, mas calculadas por meio de diferentes tipos de 

regressão a depender da distribuição da variável resposta, como em um modelo linear 

generalizado. Se a variável reposta for dicotômica, a mesma pertence à distribuição 

de Bernoulli e utiliza-se a regressão logística. Se a variável resposta for ordinal, a 

distribuição é multinomial e utiliza-se a regressão multinomial. Para variável resposta 

discreta, a distribuição é de Poisson e utiliza-se a regressão de Poisson e quando a 

variável resposta for contínua, a distribuição é gaussiana e utiliza-se a regressão 

linear. (82) 

 

• Penalidade Least Absolute Shrinkage and Selection Operator (LASSO): 

método utilizado em redes de correlação parcial e MGM para controlar as relações 

espúrias, ou seja, que ocorrem por coincidência com relação a estatística (83). O 

LASSO seleciona apenas os edges mais relevantes com as estimativas mais fortes. 

Edges com correlações ou associações muito fracas, não aparecem nos modelos, 

pois são reduzidos ao valor 0. Desta forma, os modelos ficam mais confiáveis, como 

também mais fáceis para interpretar em razão do menor número de conexões (76, 77).   

 

1.2.2 Conceitos sobre medidas de centralidade  
 
 

As medidas de centralidade demonstram a importância dos nodos em um 

modelo de redes. Os índices de centralidade fornecem ao pesquisador um guia para 

analisar os nodos com valores padronizados em estatística, o qual auxilia na 

interpretação dos dados (76).  

Existem diferentes medidas de centralidade, entretanto, as mais 

conhecidas são:  a) betweeness, a qual representa o número de vezes que um nodo 

faz parte do caminho mais curto entre todos os pares de nodos conectados da rede, 

ou seja, este índice pode analisar se determinado nodo exerce com frequência a 

função de mediador entre dois nodos; b) closeness, medida obtida pelo inverso da 

distância de um nodo com todos os demais da rede, ou seja, o quão próximo o nodo 

está dos demais e em algumas redes este nodo pode ocupar a posição central em 

relação aos outros; c) strength, deriva da soma de todos os caminhos que conectam 
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um nodo aos demais e baseia-se na média das cargas das associações, ou seja, 

representa a frequência com que um determinado nodo faz conexões mais fortes com 

outros nodos (78). 

Modelos de rede de correlação parcial e Modelos Gráficos Mistos (MGM), 

são adequados para analisar fenômenos multifatoriais (18, 84) e podem auxiliar no 

estudo do fenótipo de fragilidade, mediante a hipótese das relações entre diferentes 

fatores e a síndrome. Além disso, com os modelos de redes também será possível 

realizar uma análise comparativa dos fatores sociais, físicos, psicológicos e/ou 

psicossociais associados à fragilidade em amostras distintas, caracterizadas por 

diferenças sociais e de saúde como idosos do sexo masculino e feminino (39, 85, 86).   
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2. Objetivos 
 

2.1 Objetivo geral 
 

• Verificar a associação entre variáveis sociais, físicas e psicológicas e 

fragilidade em idosos residentes na comunidade. 

 

2.2 Objetivos específicos 
 

• Apresentar os principais aspectos teóricos e demonstrar a aplicabilidade da 

análise de rede por meio de estudos que utilizaram esta técnica. 

 

• Investigar, por meio da análise de redes, a relação entre fatores sociais, físicos 

e psicológicos e fragilidade em idosos. 

 

• Realizar, por meio da análise de redes, uma análise comparativa dos fatores 

associados à fragilidade em idosos do sexo masculino e feminino. 

 

• Verificar a estabilidade e acurácia das inferências dos modelos de rede com 

amostra total e com idosos do sexo masculino e feminino. 

 

• Estimar a dimensionalidade dos dados nos modelos de redes com idosos do 

sexo masculino e feminino. 
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3. MÉTODOS 
 

3.1 Desenho do estudo  
  

Esta tese compreende três artigos científicos, sendo o primeiro sobre 

aspectos teóricos da análise de redes, o segundo e o terceiro com análises 

secundárias transversais da base de dados do Estudo FIBRA realizado entre 2008 e 

2009. Os aspectos metodológicos dos artigos que utilizaram os dados do FIBRA, 

serão apresentados a seguir e estão disponíveis, resumidamente, em cada artigo 

inserido na sessão dos resultados.  

 

3.2 Participantes  
 

No estudo FIBRA de 2008 a 2009, 3478 idosos de ambos os gêneros foram 

recrutados na comunidade em sete cidades brasileiras, são elas: Belém-PA; 

Parnaíba-PI; Campina Grande-PB; Ermelino Matarazzo-SP; Poços de Caldas-MG; 

Campinas-SP e Ivoti-RS. Setores censitários, sorteados ao acaso em cada uma das 

cidades escolhidas por conveniência, foram considerados como unidade amostral 

para o recrutamento de cotas de homens e mulheres divididos em quatro grupos de 

idade (65-69, 70-74, 75-79 e 80 anos e mais). O tamanho das cotas foi estimado de 

acordo com a presença desses grupos na população. Em fase que antecedeu a coleta 

de dados, recrutadores treinados visitaram os domicílios e pontos de fluxo de idosos 

para convidá-los para participar da pesquisa. Os critérios de elegibilidade foram: ter 

65 anos ou mais e residir permanentemente na cidade no setor censitário e no 

respectivo endereço. Os critérios de exclusão foram: dificuldades de compreensão e 

comunicação sugestivas de limitações cognitivas; sequelas graves de Acidente 

Vascular Encefálico (AVE), como perda de força e/ou afasia; doença de Parkinson em 

estágio grave ou instável; comprometimentos graves de motricidade, fala ou 

afetividade; déficits graves de audição ou visão que dificultava a comunicação; 

retenção ao leito e terminalidade (87).  

Para o presente estudo, foram selecionados idosos que atingiram o 

desempenho mínimo no Mini- Exame do Estado Mental (MEEM) (88, 89) e que foram 

avaliados segundo o fenótipo de fragilidade (2). 
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3.3 Variáveis e medidas 
 

Foram selecionadas variáveis do banco de dados do estudo FIBRA de 2008 

a 2009, as quais foram detalhadas em protocolo de coleta de dados (Anexo 1), são 

elas: 

 

• Variáveis sociodemográficas: sexo (masculino e feminino); idade (em anos); 

nível de escolaridade (9 anos de escolaridade ou mais; 5 a 8 anos de escolaridade; 1 

a 4 anos de escolaridade e analfabeto); nível de renda individual e familiar mensal 

(variável numérica correspondente ao valor do salário mínimo durante a época de 

realização do estudo); renda suficiente (sim e não); mora com cônjuge (não e sim). 

 

• Variáveis físicas ou clínicas: autorrelato de diabetes, osteoporose, quedas 

nos últimos 12 meses antecedentes à pesquisa (nenhuma queda, uma queda e duas 

ou mais quedas) e incontinência urinária (não e sim); risco cardiovascular pela relação 

cintura- quadril (variável categorizada mediante os valores da divisão entre a medida 

de circunferência da cintura e do quadril em centímetros, dos participantes. Para 

homens e mulheres, os respectivos valores considerados como risco cardiovascular 

foram: < 0,91 e < 0,76 baixo; 0,91-0,98 e 0,76-0,83: moderado; > 0,98 e > 0,83: alto) 

(90); IMC; capacidade funcional nas ABVD segundo a escala de Katz et al. (91).  

 

• Variáveis psicológicas e psicossociais: depressão avaliada pela Escala de 

Depressão Geriátrica-versão na versão reduzida com 15 itens (GDS-15) (92), sendo a 

pontuação maior ou igual a seis pontos na escala sugestiva de depressão (93); 

pontuação no MEEM, mediante as seguintes notas de corte sugeridas na literatura: 

17 para os analfabetos; 22 para idosos com escolaridade entre 1 e 4 anos; 24 para os 

com escolaridade entre 5 e 8 anos e 26 os que tinham 9 anos ou mais anos de 

escolaridade (89); autorrelato de problemas com o sono (não e sim); dificuldades de 

memória (não e sim); satisfação global com a vida, conforme a questão “O/a senhor/a 

está satisfeito com sua vida hoje?”); satisfação com a vida comparada, conforme a 

questão “Comparando-se com outras pessoas que tem a sua idade, o/a senhor/a diria 

que está satisfeito/a com a sua vida?”; satisfação com amizades, segundo a questão: 

“O/a senhora/a está satisfeito/a com as suas amizades e relações familiares?” e 
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satisfação com a capacidade de resolver coisas, mediante a pergunta “O/a senhor/a 

está satisfeito/a com a sua capacidade de resolver as coisas de todo dia?” (94). As 

variáveis que representam os níveis de satisfação foram categorizadas em: “muito 

satisfeito”, “mais ou menos” e “pouco satisfeito”. 

 

• Fragilidade: mensurada de acordo com o fenótipo proposto por Linda Fried e 

colaboradores (2) composto de componentes físicos, são eles:  a) Perda de peso não 

intencional: considerada a perda de peso não intencional superior a 4, 5 Kg ou 5% do 

peso corporal os últimos 12 meses, prévios à primeira avaliação. b) Exaustão ou 

fadiga: avaliada conforme duas questões de autorrelato, da escala de rastreio de 

depressão Center for Epidemiologic Studies- Depression (CES-D) são elas: 7ª 

questão “eu sinto que tudo que eu fiz foi um esforço” e 20ª questão “eu não podia 

continuar” (95). Havia quatro possibilidades de respostas para os questionamentos 

feitos, com os respectivos escores que variam de 0 a 3, mediante a frequência com 

que, o participante sentira exaustão durante a semana, são elas: “raramente ou nenhuma 

vez” = 0, “poucas vezes” (1 a 2 dias na semana) = 1, “algumas vezes” (3 a 4 dias na 

semana) = 2 e “a maior parte do tempo” = 3. Os idosos que pontuaram os escores “2” 

ou “3”, em qualquer uma das duas questões do CES-D, foram classificados com 

exaustão ou fadiga e preencheram este componente para classificação de fragilidade. 

c) Lentidão ou diminuição da velocidade da marcha: avaliada pelo tempo gasto, em 

milésimos de segundo, para percorrer em três tentativas, caminhando, uma distância 

de 4,6 metros, sendo adaptado das recomendações de Guralnik et al.(96) e Nakano (97) 

ajustado por gênero e IMC. d) Fraqueza muscular: valor de força do membro superior 

dominante, mensurado por um dinamômetro isocinético da marca Jamar® (Lafayette 

Instruments, Lafayette, Indiana, Estados Unidos) e ajustado por gênero e IMC. e) 

Baixo nível de atividade física: medido por meio da frequência semanal e duração 

diária de exercícios físicos, esportes ativos e tarefas domésticas, com base nas 

respostas dos itens do Minnesota Leisure Time Physical Activity Questionnaire 

(MLTPAQ) (98, 99). Especificamente, os exercícios físicos incluíram caminhadas, subir 

e descer escadas (como forma de realização de exercício), ciclismo, dança, 

alongamento, ginástica, hidroginástica, corrida, musculação, natação, voleibol, 

basquetebol, futebol ou atuação como árbitro de futebol. Além disso, considerou-se 

atividade física as tarefas rotineiras leves e pesadas de limpeza e cozinhar.  Exercícios 
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físicos e tarefas domésticas foram consideradas para medida do nível de gasto 

calórico semanal, conforme procedimentos descritos por Fried et al. (2) 

Os idosos que pontuaram em três ou mais componentes foram 

classificados como “frágeis”. Aqueles que pontuaram em um ou dois destes 

componentes foram classificados como “pré- frágeis” e os idosos que não pontuaram 

para os componentes de fragilidade foram classificados como “não- frágeis” (2). 

 

3.4 Aspectos éticos da pesquisa 

 

O estudo FIBRA de 2008 a 2009 foi aprovado pelo Comitê de Ética em 

Pesquisa com Seres Humanos da Universidade Estadual de Campinas (UNICAMP)- 

C.A.A.E. 39547014.0.1001.5404. Os seguintes procedimentos éticos foram adotados: 

os idosos eram esclarecidos quanto aos objetivos da pesquisa, o anonimato e sigilo 

dos dados ofertados, e a liberdade de desistir da participação e retirada do 

consentimento a qualquer momento. Cada participante assinou o Termo de 

Consentimento Livre e Esclarecido (TCLE). Ao final da participação, o idoso recebia 

uma orientação breve em saúde. 

Para a elaboração desta tese, um adendo foi aprovado pelo Comitê de 

Ética em Pesquisa da FCM/Unicamp- C.A.A.E. 88946718.5.0000.5404 (Anexo 2).  

 

3.5 Análise estatística dos dados 
 

Nos artigos com dados do FIBRA, as variáveis categóricas foram 

comparadas mediante o teste de qui-quadrado de Pearson e as variáveis numéricas 

por meio do teste Mann-Whitney respeitando-se o nível de significância estatística de 

5% (p<0,05).  

 

3.5.1 Modelo de rede de correlação parcial  
 

No segundo artigo, para verificar a relação entre fatores sociais, físicos e 

psicológicos e fragilidade na amostra total de idosos, foi realizada a análise de rede 

de correlação parcial por meio do pacote estatístico qgraph (RStudio, versão 1.1.463, 
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Boston, MA, US). Primeiro, utilizou-se a função de transformação não-paramétrica 

denominada npn.SKEPTIC, pois os dados não tinham distribuição normal. Em 

seguida, foi estimada a correlação parcial com as variáveis em estudo por meio da 

função cor_auto, que define automaticamente os tipos de correlações a serem 

utilizadas, a depender da natureza das variáveis. Para correlações entre variáveis 

dicotômicas utilizou-se o coeficiente Phi; entre variáveis ordinais o coeficiente 

policórico; entre variáveis numéricas e ordinais, poliserial; entre numéricas e 

dicotômicas o ponto bisserial (19, 100-103) e entre variáveis numéricas e dicotomizadas o 

coeficiente bisserial (104). Por fim, a matriz de correlação parcial foi transformada em 

uma estrutura de rede de correlação parcial. Para tanto, utilizou-se o método de 

penalização Lasso com gamma=0.5, afim de reduzir o número de relações fracas (105). 

A partir desses critérios estatísticos, o primeiro gráfico de rede foi construído com a 

amostra total. 

 

3.5.2 Modelos gráficos mistos   
 

No terceiro artigo, para realizar uma análise comparativa dos fatores 

associados à fragilidade em idosos do sexo masculino e feminino foi realizada uma 

análise de redes do tipo MGM por meio do pacote estatístico bootnet (Rstudio versão 

1.1.463). Os MGM são extensões dos modelos de correlação e correlação parcial e 

permitem estimar de maneira mais precisa as relações entre variáveis categóricas e 

numéricas. Nos MGM, as relações entre os nodos são calculadas por meio de 

diferentes tipos de regressão a depender da distribuição da variável resposta, como 

em um modelo linear generalizado. Nesta etapa, selecionou-se a função K=2, o que 

significa que todas as interações foram incluídas aos pares e os métodos de 

penalização e regularização: Lasso e Extended Bayesian Information Criteria for 

Model Selection (EBIC), respectivamente com gamma=0.5 (18, 82), a fim de selecionar 

um modelo ajustado aos dados. Ressalta-se que no terceiro artigo, as observações 

com dados ausentes foram excluídas em todas as análises, pois os MGM não aceitam 

observações com informações faltantes (18).  
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3.5.3 Medidas de centralidade 
 

Nos artigos dois e três, após o processo de estimação das redes com a 

amostra total e em função do sexo masculino e feminino, foram estimadas as medidas 

de centralidade “betweeness”; “strength” e “closeness”, por meio do pacote estatístico 

qgraph (RStudio, versão 1.1.463, Boston, MA, US) (106).  

 

3.5.4 Comparação das redes 
 

No terceiro artigo, foram realizados testes não-paramétricos para verificar 

a existência de diferenças nas redes do sexo masculino e feminino assumindo a 

hipótese nula de não existir diferença estatística entre as duas redes. Testou-se se as 

estruturas das redes são diferentes, considerando a diferença máxima da carga de 

qualquer edge. Em seguida, testou-se se as redes são diferentes quanto à força 

global, considerando a soma das forças de todas as conexões. Por fim, realizou-se o 

teste de diferença estatística de cada relação, ou seja, para verificar quais edges 

diferem estatisticamente nas redes estimadas. O nível de significância estatística de 

p<0,05 foi adotado. Nesta etapa, utilizou-se o pacote estatístico 

NetworkComparisonTest (RStudio, versão 1.1.463, Boston, MA, US). 

 

3.5.5 Estabilidade e acurácia das inferências das redes 
 

No segundo artigo, para analisar a estabilidade dos índices de centralidade 

betweeness, closeness e strength utilizou-se o método case-drop bootstrap. 

Posteriormente, para verificar a acurácia das inferências de rede, duas etapas foram 

realizadas, primeiramente intervalos de confiança a 95% em torno das cargas das 

interações foram estimados por meio do método nonparametric bootstrap. Em 

seguida, a fim de observar se as interações entre cada par de nodos e se a força de 

cada nodo difere estatisticamente, testes de diferenças significativas por meio do 

bootstrapped diference test foram realizados, respeitando-se um nível de significância 

p<0,05. Para esta etapa, os dados foram reamostrados 2500 vezes a partir da amostra 

original.  



29 
 
 

 

No artigo três, somente os métodos case-drop bootstrap e non-parametric 

bootstrap foram realizados, respeitando-se também os parâmetros estabelecidos pela 

literatura (19, 107). Em toda a etapa de análise de estabilidade e acurácia das redes, nos 

artigos dois e três, o pacote estatístico bootnet foi utilizado (RStudio, versão 1.1.463, 

Boston, MA, US). 

  

 

3.5.6 Clusters de rede 

 

No artigo três, para verificar a dimensionalidade dos dados e os subgráficos 

com variáveis fortemente conectadas nas duas redes estimadas, utilizou-se o 

algoritmo de detecção de clusters de redes denominado walktrap, disponível no 

pacote estatístico igraph (RStudio, versão 1.1.463, Boston, MA, US). 
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4. RESULTADOS 
 

Mediante a proposta de pesquisa da presente tese foram elaborados três 

artigos científicos: 

 

Artigo 1: 

Leme DEC; ALVES, EVC; LEMOS, VCO; FATTORI, A. Análise de Redes: Uma 

abordagem de estatística multivariada para pesquisas em ciências da saúde. 

Geriatrics, Gerontology and Aging. 2020.14:43-51. O anexo 3 contém a autorização 

da revista para publicação nesta tese.  

 

Artigo 2: 

LEME, DEC; Alves, EVC; FATTORI, A. Relationships Between Social, Physical, and 

Psychological Factors in Older Persons: Frailty as an Outcome in Network Analysis. 

Journal of the American Medical Directors Association. 2020.21:1309-1315. O Anexo 

4 contém a autorização da revista para publicação nesta tese. 

 

Artigo 3: 

LEME, DEC; Neri, AL; FATTORI, A. How do the factors associated with frailty change 

with sex? An exploratory network analysis. O artigo foi submetido na revista The 

Journal of Gerontology, Series A: Biological Sciences and Medical Sciences e aguardo 

processo de revisão. O anexo 5 contém o comprovante de submissão. 
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4.1 Artigo 1 
 

O artigo “Nework analysis: a multivariate statistical approach for health 

science research” foi publicado na resvista Geriatrics, Gerontology and Aging; volume 

14; no ano de 2020; páginas:43-51. 
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ABSTRACT 

 

Network analysis is a graphical statistical technique that allows rapid visualization and 

interpretation of associations between multiple variables. There are still few theoretical 

studies on this method, especially in the areas of geriatrics and gerontology research, 

which cover the study of different social, clinical, or physical and mental health 

variables. The objectives of this study were to present the main theoretical aspects of 

network analysis and demonstrate its applicability by analyzing studies that used this 

technique, offering an accessible language for all levels of knowledge in statistics. The 

main characteristics of the graphs, basic theoretical concepts, and scientific articles 

that used networks were demonstrated. This methodological study can help the reader 

to understand this analytical method, which is still little explored in national research. 

There is a scarcity of research on this subject in the areas of geriatrics and gerontology; 

however, technological advances, the availability of statistical programs with new data 

analysis resources, and the dissemination of information are relevant factors for the 

expansion of knowledge and the use of network analysis in this context. 

 

KEYWORDS: statistical analysis; biostatistics; epidemiological studies; methods; 

geriatrics. 
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INTRODUCTION  

 

 Network science is an approach originated in graph theory, a field of 

mathematics that studies relationships between objects,1,2 which was idealized in the 

18th century. Networks also have roots in sociology, especially in the study of 

relationships between human beings considering groups of family, friends, and work 

colleagues. Social networks are more relevant in people’s behavior and worldview than 

categories such as sex, social class, or age and demonstrate the importance of each 

individual through their personal relationships during life.1,3  

Modern network science known today evolved methodologically and 

theoretically in the early 1950s with studies in different areas of knowledge, such as 

mathematics, sociology, anthropology, and physics.4 The evolution of information 

technology and the availability of new resources in statistical programs, led other areas 

to adopt this analytical method in their search to explore data, such as marketing, 

information science, political science and computing.3  

In genetics, researchers used network analysis to verify complex 

relationships between multiple genes in the development of diseases such as cancer.5 

In health science, an integrative review research demonstrated that network analysis 

was used in prior studies to check information on supply and demand for medical 

specialties in order to characterize a profile of increased utilization of primary health 

services, helping to compress the functioning and management of these services.6 In 

addition, scholars used the network approach to identify risk factors in health and 

observe correlations between prevalent chronic or communicable diseases to improve 

the accuracy of diagnosis and treatment.7   

Health research focuses on the human being, his environment and his 

social capital. Studies in geriatrics and gerontology address social, clinical, physical, 

and mental health variables. Thus, univariate analyses may not explain the 

phenomenon under investigation because they capture the isolated action of each 

variable regarding the outcome under study.  

With network analysis, it is possible to visually explore relationships that 

occur simultaneously between multiple variables, incorporating advanced tools in 

statistical analysis, such as bootstrapping techniques and Bayesian inference.1,3 In this 

context, based on the scarcity of studies that address theoretical aspects of networks, 
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especially in the areas of geriatrics and gerontology, this methodological study aimed 

to present the main theoretical aspects and demonstrate the applicability of network 

analysis with studies that used this technique, using a language accessible to all levels 

of knowledge in statistics. 

 

ELEMENTS AND MAIN CHARACTERISTICS OF NETWORKS  

 

Networks are graphical structures composed of nodes, circle-shaped 

elements that represent variables or items on a health assessment scale. Nodes 

connect to each other through lines called edges. Networks can be classified as 

unweighted and weighted. In unweighted networks, edges represent only the 

relationship between nodes, and in weighted networks the magnitude of the 

relationships is shown. That is, the thicker the connection between nodes, the stronger 

the relationship between them. In addition, the edges may vary in color depending on 

the direction of the relationship (positive or negative). The statistical programs by 

default define that the green or blue color represents a positive relationship, and the 

red, a negative relationship (Figures 1A and 1B).3  

 

 

 

 

 

 

 

 

 

 

 
 
 
 

Figure 1 Illustration of network structures (A) unweighted and (B) weighted, performed 
in the RStudio statistical program. Red connections represent negative relationships, 
and blue connections, positive relationships. 
 

A B 
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Networks are also classified into directional and non-directional.3 In the 

former, the edges have arrows at one end, indicating an influence path or a path from 

one node to another. Some fields of science consider directional nets as attractive 

models for demonstrating causal structures. For example, the insomnia variable (A) 

can cause the fatigue variable (B). In this simple model there is a unidirectional path 

of influence, A → B. In addition to pathways, directional nets can contain cycles. Thus, 

in the existence of 2 variables that influence and are influenced in a model, there will 

be 2 arrows between them, A

→ B.8    

It should be noted that causal network structures can be tested in cross-

sectional studies, but the lack of temporal information is one of the problems in such 

studies, because when there is only cross-sectional information in the data, the 

findings should be interpreted with caution, mainly because of the causal statement. 

Therefore, networks estimated in cross-sectional studies are preferably non-

directional.9  

In the present study, emphasis was given to non-directional and weighted 

networks, specifically in relation to the study of correlations or associations between 

variables in this type of graphic structure commonly used in cross-sectional research. 

In non-directional networks, edges do not have arrows, i.e., they are lines that do not 

indicate the direction of relationships between variables.10 

The positioning of the nodes also indicates the magnitude of the 

relationship. That is, the closer 2 nodes are positioned, the stronger the relationship 

between them, which is possible because of the positioning algorithms. One of the 

most used in epidemiological research is the Fruchterman-Reingold (FR) algorithm, 

available in statistical packages of the R statistical program. The FR is a force-directed 

method and resembles a system of balls connected by elastic strings. In this example, 

we can imagine an elastic rope connecting 2 balls in order to join them, while the other 

balls separate them in different directions. This is what happens in networks, and these 

dynamics provided by the FR algorithm results in a visually attractive graph, in which 

the nodes in general do not overlap.11 

Network analysis allows the study of data complexity. With this technique, 

it is possible to verify the simultaneous relations between variables, unlike traditional 

methods, such as regression analysis and principal component analysis, in which 

statistical models are obtained that can bring answers to the research hypotheses by 
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adjustments and data reduction. Also, emergent or latent behavior can be observed in 

networks through dense subgraphs that contain highly correlated variables. This 

characteristic is similar to the latent variables of structural equations models and the 

latent factors of confirmatory factor analysis. However, in networks, the variables form 

a latent behavior characterizing a formative model, and, in structural equations models 

and confirmatory factor analysis, observable variables are often caused by a latent 

variable, characterizing a reflective model.3,12,13     

 

NETWORK TYPES 

 

Networks can be estimated by different statistical techniques. Some of them 

are more common. 

 

Covariance or correlation structures 

 

They are networks based on estimates of correlation or covariance matrices 

and widely used to verify associations between nodes. However, as a negative point, 

they present all the associations between the studied variables, making it difficult to 

interpret the models, which are characterized by a high amount of data edges, some 

resulting from spurious correlations. In correlation networks, the coefficients range 

from -1 to 1, and only interactions with a value equal to 0 are omitted. It should be 

noted that, in terms of strength between interactions, a correlation of 0.5 equals to a -

0.5 correlation. Therefore, both are stronger than a correlation of 0.2 or -0.2.3,12   

 

Partial correlation 

 

In partial correlation networks, edges represent relationships between 2 

nodes after conditioning in all other variables of the data set. That is, when there is a 

connection between 2 variables, there is a correlation between them that cannot be 

explained by other variables in the system. This condition can be understood as a 

partial correlation control for all other connections.14 These networks are also known 

as concentration graphs or Gaussian graphical models and are part of a class of 
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statistical models called pairwise Markov random fields.11 An example of partial 

correlation networks can be seen in Figure 2, with 3 nodes and 2 connections. The 

absence of a connection between 2 nodes indicates that the variables are conditionally 

independent. Node A interacts strongly and positively with B, and this, negatively with 

C. Nodes A and C are conditionally independent, given node B. Above all, variable B 

plays an important role in this structure, and it is possible to interpret these 

relationships in different ways. First, there is a strong relationship between A and B 

after controlling C; similarly, C and B are related after controlling A. After controlling B, 

there is no longer any correlation between A and C; variable B mediates the 

relationship between A and C. In the correlation and partial correlation network, 

polychoric correlation is used to estimate the relationship between 2 ordinal variables; 

polyserial, when one variable is ordinal and the other continuous; and Pearson’s 

correlation, when the 2 variables are numeric (discrete or continuous). In the 

correlation and partial correlation networks, an assumption is the normality of the 

variable distributions and, in the absence of normal variables; the procedure for 

transforming these data must be performed. In the programs R or RStudio, this function 

is called nonparanormal transformation.9,15  

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Source: adapted from Epskamp et al.⁹ 
 

Figure 2 Partial correlation between nodes A and B, and C and B, in a simple network 
structure.  
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Mixed graphic models 

 

It is a structure estimation approach based on generalized covariance 

matrices. This method is considered a non-parametric extension of the aforementioned 

statistical methods and the state of the art when one wants to estimate networks with 

dichotomous, ordinal and numeric variables, discrete or continuous.16,17 In health 

sciences, different variables are commonly analyzed simultaneously, such as age in 

years (discrete variable); sex (dichotomous); dose of medication (continuous) and 

height in centimeters (continuous). In the R and RStudio programs, this technique is 

available in the MGM statistical package. When using it, one must select the MGM 

function and then assign specific functions for each variable and its distribution. For 

example, the g function corresponds to the Gaussian distribution for continuous 

numeric variables; p, the Poisson distribution for discrete numeric variables; and c, the 

Bernoulli and multinomial distribution for discrete and ordinal variables, respectively.16 

 

Least absolute shrinkage and selection operator penalty 

 

To control spurious relations and obtain easily interpretable networks, the 

least absolute shrinkage and selection operator (LASSO) estimator is used, a method 

of variable selection and regularization analysis that improves the accuracy of the 

statistical model.18 In networks, this tool is increasingly popular to obtain a structure 

with as few connections as possible to explain the covariance between variables. The 

LASSO estimator has several variants, one of which is available in the R or RStudio 

statistical programs; being described as graphical Lasso (gLasso). GLasso selects 

relevant partial correlation coefficients, and small values are estimated as 0, resulting 

in parsimonious networks.3,9,19 As seen in Figure 3, when comparing the networks 

presented in items A and B, we found that, after the selection of the gLasso function in 

the RStudio statistical program, network B was more parsimonious in relation to 

network A, with only partial correlation (Figure 3). 
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Figure 3 Network structures estimated via (A) partial correlation and (B) parsimonious 
via gLasso estimator, developed with the RStudio statistical program.  
 

 

NUMBER OF NODES, ESTIMATED PARAMETERS AND SAMPLE SIZE 

 

The greater the number of nodes, the greater the number of edges and 

estimated parameters. A correlation, partial correlation, or mixed graphic models 

network with 10 nodes, contains, in general, 55 estimated total parameters (10 + 10 × 

9/2 = 45), where 10 limit parameters are added to 45 paired association parameters. 

With 20 nodes (20 + 20 × 19/2 = 190), there are 210 parameters. There must be an 

empirical basis for including nodes in a network analysis. In addition, to estimate a safe 

number of parameters, the observations in the sample must exceed the number of 

variables analyzed. For example, a sample with 100 observations is sufficient for 20 

nodes, but a sample with 30 observations and 30 nodes may present unreliable 

results.15 

The sample size is a relevant aspect in network estimates. As the sample 

increases, the parameters are estimated more accurately and there is greater 

statistical power. The literature refers to a number of 500 or more observations for a 

partial correlation network analysis, but this value may be lower when using the Lasso 

penalty, because with this estimator, a reduced number of parameters is sufficient to 

estimate the covariance of the data. However, in small samples, the correlation results 

must be interpreted with greater caution.15,18 
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CENTRALITY MEASURES  

 

In network science, centrality measures demonstrate the importance of 

nodes in a system. When evaluating a set of variables, not all of them have the same 

relevance in a model, and there are centrality indices that help in the detection of 

important variables and the role they play in the network structure, within the scope of 

their relationships. Centrality indices are also used to model or predict various network 

processes and provide the researcher with an intervention guide.9  

Three measures of centrality in networks are best known:  

• betweenness (degree of connectivity): represents the number of times that a 

node is part of the shortest path between all pairs of connected nodes in the network;  

• closeness: a measure obtained by the inverse of the distance of a node with all 

the others in the network, that is, how close the node is to the others and how central 

it is;  

• strength: derives from the sum of all the paths that connect one node to the 

others and is based on the mean of the correlation weights, with the centrality index 

being the most important (Figure 4).20   

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Source: adapted from Epskamp et al.⁹ 

 
Figure 4 Simulated partial correlation network structure in the study by Epskamp et 
al.15 Considering standardized z-score values, nodes 3, 11, and 17 have high indexes, 
being relevant in the model. 
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SOFTWARE AND STATISTICAL PACKAGES  

   

 The following describes different statistical programs or packages that 

provide resources for creating and viewing networks: 

 

• Igraph: is a free statistical package available in several formats for download, 

mainly as a package of the R and Python™ statistical programs. With this tool, it is 

possible to estimate directional and non-directional networks. This package can 

execute 2- and 3-dimensional networks, in addition to estimating node centrality 

measures; 21  

• qgraph: free statistical package available for download of the R and RStudio 

statistical programs. It was developed due to the need to study networks in 

psychometrics and psychopathological approaches. With this tool, it is possible to 

estimate and visualize the correlation and partial correlation networks and those with 

Lasso penalty. It is also used to visualize outputs of structural equation models and 

exploratory and confirmatory factor analysis, elaborated with the sem and lavaan 

functions. The qgraph differs from other statistical packages, as it aims to present non-

sparse and weighted graphs, as well as more advanced visualization features of 

networks with multiple nodes, maintaining their quality in the output. Another relevant 

feature is that the qgraph was designed for intermediate and advanced users in R 

statistical language. It is also possible to visualize analyses of centrality measurement 

and specific tests of stability and accuracy in networks with resampling techniques 

(bootstrap); 22 

• bootnet: free statistical package available for download, function also present in 

the statistical programs R and RStudio. This method allows the estimation and 

visualization of networks, as well as the development of stability and accuracy tests in 

networks. It is also possible to create non-directional and directional networks with 

bootnet; 23  

• pcalg: free package available in the R program that only enables the 

construction of directional networks for the study of the inductive causal network. After 

the elaboration of the analyses in this package, the visualization of the directional 

networks occurs through the qgraph package;3,24  
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• JASP: free, downloadable, and easy to use graphic statistical program, specially 

designed for researchers used to statistical programs such as Statistical Package for 

the Social Sciences (SPSS®) and STATA®. With JASP, it is possible to develop 

networks of correlation and partial correlation and with the gLasso method. It is 

important to emphasize that this statistical program is also used to perform factor 

analysis and models of structural equations, besides producing tables and plots with 

appropriate formatting for publication of scientific articles or books; 25,26   

• NodeXL Basic®: free statistical package available for Microsoft Excel®. In 2015, 

a non-free version of this tool was developed, NodeXL Pro®. With both packages it is 

possible to create and visualize networks, however the paid version of the application 

has advanced functions in social networks, such as access to importers of social media 

network data, advanced network metrics, and automation.14,27 

 

NETWORKS IN HEALTH SCIENCES 

 

In the health sciences, especially in epidemiological and public health 

research, research topics commonly studies include behavioral and relational 

situations inherent to the process of disease transmission, associations between 

chronic diseases, dissemination of information and innovations in health, and influence 

of groups in relation to health risk behaviors. In this context, network analysis is an 

appropriate technique to explore and describe multiple conditions considering a 

complex data structure.1 

With network analysis, it is possible to study biological phenomena seen as 

complex and multifactorial. In fact, when studying cancer, it is known that mutations 

occur in dozens of genes in the body and that there is no specific gene for this 

condition. Another example can be observed when studying human consciousness, a 

phenomenon that results from the evolution of the nervous system, which cannot be 

explained by a single neuron, involving billions of synapses. 28  

The more we know about the functioning of individual genes or neurons, the 

less we understand the system as a whole and, for this reason, studies are currently 

oriented towards understanding the complexity of the phenomena. According to 

contemporary science, we have reached the limits of reductionism, and, at this point, 
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a new concept of data treatment has emerged amidst advances in statistics, 

contrasting this paradigm.3,28,29 

Thus, networks were applied in studies on health problems prevalent in the 

population, specifically demonstrating important associations between multiple genes 

and diseases in the cardiovascular, endocrine, gastrointestinal, and immune systems 

and cancer, as well as comparing differences in the population’s multimorbidity 

pattern.30  

Nair et al.31 demonstrated the application of network analysis to identify the 

main inflammatory genes in coronary artery disease (CAD). The researchers studied 

124 genes associated with inflammation and CAD. Based on the analysis of centrality 

measures, 5 genes with a key role in the network were observed, which were more 

central and obtained greater numbers of connections. They are: genes for interleukin 

6 (IL-6), vascular endothelial growth factor A (VEGFA), interleukin-1 beta (IL-1β), tumor 

necrosis factor (TNF), and prostaglandin-endoperoxide synthase-2 (PTGS2). 

According to the authors, the network approach in the study of genes related to 

cardiovascular disease allows the observation of complex relationships, considering 

all possible variables in a model and individual components that are more prevalent in 

the analyses and, thus, allows a greater understanding of the disease evolutionary 

process and identification of target genes for a specific treatment.    

Also, regarding the study of chronic diseases, Kalgotra et al.32 studied 

electronic medical records of 21.9 million patients evaluated during the period from 

2000 to 2016 in 662 American hospitals, in order to verify the correlations between the 

prevalent chronic diseases and demonstrate a multimorbidity profile in the analyzed 

population. For the estimation of the networks, each node represented a specific group 

of multiple diseases in different organic systems (infectious, cardiometabolic, 

neurological, endocrine, psychological, respiratory, dermatological and 

musculoskeletal diseases). A difference in the characteristics of multimorbidity 

networks between sexes was observed. Women were more prone to multimorbidity 

and obtained networks with stronger connections compared to men. Still, among 

women, multimorbidity was strongly related to psychological illnesses. In men, 

cardiometabolic diseases were prevalent. 

Network analysis is widely used in psychopathology studies to help 

understand mental disorders. In the theory of psychopathological networks, 
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psychological conditions arise from complex direct interactions between the symptoms 

represented by nodes, which are interconnected through biological, psychological, and 

social mechanisms. Associations and predictions using this statistical technique allow 

implications for the understanding of the diagnosis and treatment of mental disorders.33  

Van Wanrooij et al.34, in a study conducted with 3526 older adults aged 

between 70 and 78 years, verified the relation of the items ‘helplessness’ and 

‘worthlessness’ from the Geriatric Depression Scale (GDS) with functional loss, and 

the item ‘memory problems’ with dementia. For the authors, the network analysis 

approach allowed the study of the relations between specific depressive symptoms 

with functional losses and dementia and also demonstrated how individual items of the 

scale can contribute differently to each association, which was not observed in 

previous studies.  

Solmi et al.35 analyzed the complex relationship between different 

demographic and nutritional variables, depressive symptoms, quality of life, 

multimorbidity, number of drugs in use, alcohol consumption, and level of physical 

activity in a population of 3552 aged and middle-aged adults. Using the partial 

correlation networks, the main findings demonstrated that the depressive symptoms 

variable was strongly and negatively related to quality of life relevant to physical and 

mental health, income, and education, and maintained an indirect relationship with 

multimorbidity and polypharmacy in quality of life concerning physical health. The 

authors stressed that these findings are relevant in the development of 

multidimensional health strategies, aimed at physical and, above all, psychological 

vulnerabilities in the population.   

This statistical technique was used to analyze the quality of life between 

different groups, as shown in the research by Kossakowski et al.36, which compared 

the health-related quality of life measured by the short form health survey 36 (SF-36) 

in 1742 healthy individuals, with a mean age of 57 years, and 485 cancer patients, with 

a mean age of 46 years. The authors demonstrated the correlations between the nodes 

that represented items on the SF-36 scale and also observed similarities in the network 

structures. The 2 networks obtained strong correlations between the items limitation to 

walk more than 1 kilometer and limitation to walk 1 block, of the function / activity 

dimension; reduction of time devoted to work or other activity that one likes and 

performed less tasks that one would like, of the dimension of emotional aspects; body 
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pain during the last 4 weeks and body pain that interfered with normal work in the last 

4 weeks, of the pain dimension; and time feeling depressed without anything capable 

of making one cheerful and time feeling discouraged or dejected, of the mental health 

dimension. The authors concluded that network analysis is an alternative to classical 

statistical techniques to analyze data on quality of life in different populations and 

suggested that the overall structure of SF-36 is dominant in both networks analyzed, 

supporting the validity of the quiz subscales. 

 

FINAL CONSIDERATIONS 

 

The present study presented methodological concepts of network analysis 

and discussed their applicability based on specific scientific articles on the subject. 

Although the use of network analysis is increasingly common in health science 

research,1,31,32,35 there are still few studies that use this method and, above all, there 

is a lack of methodological research on networks. Health research, especially in the 

fields of geriatrics and gerontology, commonly encompasses the study of complex 

biological, psychological and social conditions that often require advanced statistical 

tools to be analyzed. 

With technological advances, availability of statistical programs with new 

data analysis resources, and dissemination of theoretical information on network 

science, new studies should be published. We emphasize that this is the first research 

on this theme in Brazil, and it was not possible to discuss all the theory that 

encompasses network analysis. Some concepts about the technique are still evolving, 

and, therefore, the search for knowledge and updating must be constant on the part of 

researchers. 

For health professionals who do not act as researchers, we encourage the 

study of this method for a better interpretation of network data. It should be pointed out 

that this study aimed to disseminate the knowledge of networks to all readers of health 

sciences, especially those who are professionals or researchers working in the area of 

aging.  

The R and RStudio programs served as a theoretical basis for this study, 

but there are other programs available for researchers with an advanced, intermediate, 

or basic level in statistics. It is important to point out that, to estimate networks in R or 
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RStudio, it is necessary to understand the statistical programming language, from 

basic commands, such as selection of variables, to advanced ones, such as the 

development of networks and performance of resampling techniques or bootstrap 

statistics. These programs are free, and the commands in statistics are available in 

articles, which were mentioned in the present study. 

 

Supplementary material 

 

The purpose of this supplementary material is to help the reader to interpret 

the data in a network and to under- stand some methodological aspects mentioned in 

the article. Therefore, the main results of the network analysis of the study “Network 

analysis of the relationship between depressive symptoms, demographics, nutrition, 

quality of life, and medical condition factors in the Osteoarthritis Initiative database 

cohort of older people North-American adults with or at risk for osteoarthritis” will be 

presented.  

The article in question examined the relationships between depressive 

symptoms, demographic, nutritional, and clinical variables, and quality of life in a 

population of 3,552 middle-aged and older adults (mean age 62 years). For this 

purpose, the authors selected 13 variables: 

 

• age in years (continuous); 

• body mass index (continuous); 

• Charlson comorbidity index (continuous); 

• number of medications (continuous); 

• alcohol consumption, measured by the mean number of doses per week 

(continuous); 

• level of education, dichotomized into 0 = completed higher education and 1 = 

did not complete higher education; 

• smoking, classified as 0 = smokes or previously smoked and 1 = never smoked; 

• income, categorized as 0 = income over $ 50 thousand per year and 1 = income 

lower than $ 50 thousand per year; 
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• depressive symptoms, using scores from the Center for Epidemiologic Studies 

Depression (CES-D), with scores ranging from 0 to 60 — the higher the score, the 

higher the depressive symptoms (continuous); 

• adherence to the Mediterranean diet (continuous); 

• level of physical activity (continuous); 

• quality of life related to physical health, using the SF-12 instrument (continuous); 

• quality of life related to mental health, using the SF-12 instrument (continuous). 

 

The network analysis was performed in the RStudio statistical program, 

using the mgm function with Lasso penalty. To visualize the networks, the qgraph 

package with the layout = “string” function was used, which corresponds to the 

Fruchterman-Reingold algorithm for approximation of variables. The Supplementary 

Figure S1A shows the structure of networks with 13 nodes, which represent the 

variables mentioned above, and edges, which connect the nodes. This is a weighted 

network, that is, the greater the thickness of the edges, the stronger the correlations. 

The red and green edges are, respectively, negative and positive correlations between 

the numerical variables. The grey edges show associations between categorical 

variables. The difference between the colors of the edges aims to represent the relation 

between variables with different distributions, which were elucidated in the topic “Mixed 

graphic models”. 

Strong negative correlations are demonstrated between the variables 

depression (CES-D node) and quality of life related to physical and mental health 

(SF12p and SF12m nodes). Thus, the higher the scores for CES-D, the lower the 

scores for the SF instrument and vice versa. According to the authors, for this result, it 

is suggested that there is a worse quality of life in this population in the presence of 

depressive symptoms. 

Another important finding is that the physical health-related quality of life 

and mental health-related quality of life were negatively associated (nodes SF12p and 

SF12m). The inverse relationships between these nodes suggest that the perception 

of quality of life in the physical dimension does not always positively affect the 

perception of quality of life in the mental dimension and vice-versa. 
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The income (income node) was associated with age (node age) and level 

of education (education node), showing a strongly related subgroup of 

sociodemographic variables that can be named. 

Moreover, the physical health-related quality of life (SF12p node) performs 

a mediating function between psychological variables such as depression (CES-D 

node) and mental health-related quality of life (SF12m node), and sociodemographic, 

clinical and lifestyle variables, such as age (age node), income (income node), level of 

education (edu node), comorbidity (Charlson node), body mass index (BMI node), 

Mediterranean diet (diet node), smoking (smoke node), alcohol consumption (alcohol 

node), and level of physical activity (PA node). (Supplementary Figure S1A). 

The Supplementary Figure S1B shows the measures of centrality of the 

estimated network. The variables physical health-related quality of life (SF12p node), 

income (income node), and depression (CES-D node) obtained the highest measures 

of centrality in order to highlight the relevance of these variables in the statistical model 

adopted (Supplementary Figure S1B). Supplementary Figure S1 shows the network 

analysis with the above variables and the strength, closeness, and betweenness 

measures of centrality. 

 

  

 

 

 

 

 

 

 

 

 

 

 

 
Supplementary Figure S1: Exemplification of weighted network via (A) Lasso and (B) 
centrality of measures, according to the study by Solmi et al.35. 
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Relationships between social, physical and psychological factors in older 

persons: frailty as an outcome in network analysis 

 

Abstract 

Objective: Frailty is a multifactorial syndrome characterized by social, physical and 

psychological stressors. Network analysis is a graphical statistical technique that can 

contribute to the understanding of this complex, multifactorial phenomenon. The aim 

of this study was to investigate the relationships between social, physical and 

psychological factors and frailty in older persons. Design: A cross-sectional study. 

Settings and Participants: A total of 2588 community-dwelling older persons from 

the FIBRA (Frailty in Brazilian Older Persons) 2008 to 2009 study. Measures: 

Participants were assessed for sociodemographic variables, physical and mental 

health and the frailty phenotype. Partial correlation network analysis with the Graphical 

Least Absolute Shrinkage and Selection Operator (glasso) estimator was performed to 

determine the relationships between social, physical and psychological factors and 

frailty. Results: Mean participant age was 72.31 years, 7.0% were frail and 50.6% 

were pre-frail. In the network structure, frailty correlated most strongly with physical 

and psychological factors such as diabetes and depression and exhibited greater 

proximity to physical factors such as disability, urinary incontinence and cardiovascular 

risk as measured by waist-to-hip ratio. Conclusions/Implications: The analytical 

strategy used can provide information for specific subpopulations of interest and here 

confirmed that frailty is not uniformly determined but associated with different 

psychological and physical health factors, thereby allowing better understanding and 

management of this condition.  

 

Keywords:  frailty; risk factors; network analysis; community-dwelling older persons  
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INTRODUCTION  

 

Frailty is a multifactorial syndrome characterized by social, physical and 

psychological stressors. It can be understood in terms of an accumulation of deficits 

during an individual’s life, which have been combined in a frailty index,1 or 

predominantly biological phenotypic characteristics, such as unintentional weight loss, 

exhaustion, weakness, slow walk and reduced physical activity.2  

The condition is widespread and associated with negative health outcomes 

such as falls, disability and hospitalization in community-dwelling older persons3 and 

even worse prognoses in institutionalized older persons undergoing a range of 

treatments in a hospital setting.4 Because of its impact on health, frailty has 

increasingly been the subject of studies in a variety of social and care contexts. In 

community-dwelling older persons over 65 years of age assessed for the frailty 

phenotype, the prevalence of the syndrome varies between 16.2% in Brazil 5 and 10% 

to 15.6% in European countries.6   

The frailty phenotype is known to be associated with variables such as 

schooling, income, presence of chronic diseases7 and depression,8 an indication of its 

complexity and multifactorial nature. Analyses that allow the interactions between 

these parameters in community-dwelling older persons to be viewed can provide 

information about how frailty develops in this population. 

Network analysis is a graphical statistical technique used to study complex, 

multifactorial phenomena that allows the strength, direction and distance of 

correlations between different variables to be easily observed and interpreted 

graphically, making it superior in this regard to traditional analytical techniques.9 

Networks are frequently used in the social sciences, computer sciences and physics 

and have recently gained prominence in the health sciences.10 Network science is 

used in epidemiologic studies to determine the correlations between chronic 

multifactorial diseases in order to assist with management of these conditions.11 The 

use of a graphical statistical technique that allows the simultaneous interaction 

between multiple variables to be demonstrated can help to understand the 

multifactorial nature of frailty and identify specific factors that influence this syndrome. 

Faced with the challenge of studying the particularities of the associations between 

multiple socioeconomic, physical and psychological conditions and frailty, this study 
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sought to investigate with the aid of network analysis the relationships between social, 

physical and psychological factors and the frailty phenotype in older persons. 

 

METHODS 

 

Research design and participants 

 

A cross-sectional study with data on community-dwelling older persons from 

the 2008-2009 FIBRA multicenter study on frailty in Brazilian older persons. In the 

FIBRA study, 3478 older persons were recruited in their homes in urban census areas 

selected for convenience in seven Brazilian cities: Campinas (SP), Ermelino 

Matarazzo (SP), Belém (PA), Poços de Caldas (MG), Campina Grande (PB), Parnaíba 

(PI) and Ivoti (RS). Inclusion criteria were: age 65 years or older. Exclusion criteria 

were: severe cognitive deficit suggestive of dementia; being bed-ridden; severe 

sequelae following stroke with loss of strength and/or aphasia; severe Parkinson's 

disease with impaired motor skills, speech or affectivity; severe hearing or visual 

deficits that made communication difficult; and Parkinson’s disease in the terminal 

stage. The procedures used in the FIBRA study have been documented elsewhere.12 

In the present study, the data for 2588 older persons who achieved the minimum 

performance in the Mini-Mental State Exam (MMSE) were selected,13 i.e., data for only 

those individuals whose screening tests were not suggestive of cognitive deficit. An 

addendum to the main study was approved by the Committee for Ethics in Research 

at the FCM/Unicamp under ref. no. C.A.A.E. 88946718.5.0000.5404. 

 

Measures 

 

The following variables were selected from the FIBRA study database and 

reordered: 

• Sociodemographic variables: personal and household income as a multiple of 

the minimum wage (numeric variable based on the value in reais, the Brazilian 

currency, at the time the study was carried out); income sufficiency (based on the 

question “Do you consider your partner and yourself to have enough money to cover 

your daily needs?”, to which the answer could be “Yes” or “No”); living with spouse 
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(based on the question “Do you live with your spouse or a partner?”, to which the 

answer could be “Yes” or “No”); sex (male or female); and years of schooling (ordinal 

variable with the categories “illiterate”, for individuals who had no schooling, “1 to 4 

years”, “5 to 8 years” and “9 years or more of education”). These variables made up 

the group of social factors. Physical and clinical: self-reported diabetes, osteoporosis 

and urinary incontinence (“Yes” or “No”); body mass index (BMI) (numeric variable); 

cardiovascular risk, based on waste-to-hip ratio. To determine the cardiovascular risk 

the waist circumferences (WC) and hip circumferences (HC) of the individuals were 

first measured in centimeters and then divided (WC/HC). The resulting figures were 

assigned to categories corresponding to the respective cardiovascular risk for men and 

women: low risk (< 0.91 and < 0.76, respectively), moderate risk (0.91-0.98 and 0.76-

0.83) and high risk (> 0.98 and > 0.83).14 ADL deficit, based on self-reported basic 

activities of daily living (ADL) in the Katz Index.15ADL deficit was categorized as “no 

deficit” for individuals without any functional loss and “deficit” for those who had one or 

more functional losses in ADL. These variables made up the group of physical factors. 

• Psychological and cognitive: depression measured on the Geriatric Depression 

Scale version 15 (GDS-15)16 and categorized as “no depression” for a score of less 

than six points on the scale and “depression” for individuals with cutoff scores of six 

points or more according to recommendations for Brazilian older persons;17 memory 

difficulties (based on the question “Have you had any memory difficulties, difficulties 

remembering recent facts?”, for which the answer could be “Yes” or “No”); self-reported 

sleep problems (“Yes” or “No”); overall satisfaction with life (based on the question “Are 

you satisfied with your life at present?”); satisfaction with life in comparative terms 

(“Comparing yourself with other people of your age, would you say you are satisfied 

with your life?”), satisfaction with friendships (“Are you satisfied with your friendships 

and family relationships?”) and satisfaction with ability to get things done (“Are you 

satisfied with your ability to get everyday things done?”);18 and Mini-Mental State 

Examination (MMSE) score,13,19 a numeric variable obtained from the total score in the 

MMSE. The variables overall satisfaction with life and domain-related satisfaction 

(satisfaction with life in comparative terms, satisfaction with friendships and satisfaction 

with ability to get things done) were categorized as “very satisfied”, “more or less 

satisfied” and “not very satisfied”. These variables were considered the psychological 

factors. 
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• Frailty: measured according to the frailty phenotype described by Fried et al.,2 

which consists of five components: unintentional weight loss, self-reported exhaustion, 

slow walking speed, weakness (grip strength) and low physical activity. Participants 

who scored in three or more components were classified as “frail”, while those who 

scored in one or two of these components were classified as pre-frails, and those who 

did not score in any of them were considered “non-frail”.  

Statistical Analysis  

 

Descriptive analysis  

 

Categorical variables were compared with Pearson’s chi-square test, and 

numeric variables with the Kruskal-Wallis rank sum test using a significance level of 

p<0.05. The analysis was carried out with STATA version 14.0 (Stata Corp., College 

Station, TX). 

 

Partial correlation networks: from the statistical procedure to interpretation of the graph 

 

Network analysis was performed to identify the relationships between 

social, physical and psychological factors and frailty. First, a partial correlation network 

was determined for all the study variables using the cor_auto function in the qgraph 

statistical package in RStudio, version 1.1.463 (RStudio, Boston, MA, USA). This tool 

automatically defines which correlation method should be used depending on the type 

of variables. As the variables in this study are numeric, dichotomous and ordinal, the 

cor_auto function selected Pearson, polychoric or polyserial correlations. The 

correlation analyses were transformed into network structures with the glasso 

regularization method, which allows the partial network correlation to be estimated by 

inverting the variance-covariance matrix of the sample. This estimator imposes a 

penalty for weak relationships between nodes, unlike other types of network 

estimators.20,21  

In the network, each study variable is represented by a node, a circular 

element that connects to other nodes through edges. When there is a connection 

between nodes in partial correlation networks, this indicates that there is a relationship 

between them that cannot be explained by other variables in the model. This condition 
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can be understood as an indication of partial correlation. The absence of a connection 

between two nodes indicates that the variables are conditionally independent. Another 

important characteristic relates to the strength of a correlation: the thicker the 

connection between nodes and the closer nodes are to each other, the stronger the 

relationship between them. It has become standard practice to use red connections to 

represent negative correlations and blue ones to represent positive correlations.22  

 

Centrality measures in network analysis  

 

Various centrality measures were estimated: “betweenness”, which 

represents the degree of connectivity, i.e., the number of times a node lies on the 

shortest path between each pair of nodes on the network; “closeness”, given by the 

inverse of the distance of a node from all the other nodes in the network, i.e., how close 

the node is to the other nodes and how central it is; and “strength”, which is derived 

from the sum of all the paths connecting a node to other nodes and is based on the 

mean of the correlation weights. The last index (“strength”) is the most important. 

These measures show the importance of each node considering the data as a whole. 

The greater these indices, the greater the representativeness of the variable.21  

 

Stability of the centrality indices and accuracy of network inferences 

 

A case-drop bootstrap was performed to analyze the stability of the 

estimated centrality indices (betweenness, closeness and strength). Centrality indices 

with a stability coefficient greater than 0.25 were considered stable (Supplementary 

Figure S1). To estimate the accuracy of network inferences, 95% confidence intervals 

around the edge weights were estimated using the non-parametric bootstrap method 

(Supplementary Figure S2). The bootstrapped difference test (significance level 

p<0.05) was used to establish whether there were statistically significant differences 

between the edges for each pair of nodes and between the strength of each node 

(Supplementary Figure S3 and S4). For the bootstrap analyses, the dataset was 

resampled 2500 times10 using the bootnet statistical package (RStudio, version 

1.1.463, Boston, MA, USA). 
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Results 

 

Mean participant age was 72.31 (±5.55) years, and maximum and minimum 

ages were 96 and 65 years. In all, 7.0% were frail and approximately half were pre-

frail (50.6%). The proportion of pre-frail and frail individuals was statistically greater 

among those who reported that their income was insufficient to cover their daily needs. 

There were statistically significant differences in personal and household income 

between the different groups studied (p<0.05) (Table 1).  
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Table 1. Distribution of sociodemographic variables by frailty classification. FIBRA 
study, Campinas, São Paulo, Brazil, 2008-2009. 
 

 

*p<0.05. Chi-square test 
** p<0.05. Kruskal-Wallis rank sum test 
Abbreviations: Minimum monthly wage (MMW) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

                Frailty classification   

Variable                                                  Non-frail Pre-frail Frail p value 
Total sample (n=2588) (n,%)                                          1098 (42.4) 1308 (50.6) 182 (7.0) - 
Sex (n=2588) (n,%)     

Male 387 (43.9) 439 (49.8) 56 (6.3) 0.42 
Female 711 (41.7) 869 (50.9) 126 (7.4)  

Years of schooling (n=2586) (n,%)     
Illiterate 186 (35.7) 272 (52.2) 63 (12.1)  
1 to 4 years 525 (41.4) 665 (52.4) 78 (6.2) 0.20 
5 to 8 years 226 (48.9) 210 (45.4) 26 (5.7)  
9 years or older 161 (48.1) 160 (47.8) 14 (4.1)  

Income sufficiency (n=2561) (n,%)     
No  533 (40.5)      678 (51.5)        105 (8.0) 0.041* 
Yes 554 (44.5) 615 (49.4) 76 (6.1)  

Personal income in MMWs (n=2515) (median) 3.47 2.23 2.26 0.008** 
Household income in MMWs (n=2233) (median) 4.30     3.76 3.52     <0.001** 
Living with spouse (n=2573) (n,%)     

No  948 (43.0) 1097 (49.8) 158 (7.2) 0.18 
Yes  145 (39.1) 203 (54.9) 22 (6.0)  
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The proportion of pre-frail and frail individuals was statistically greater 

among those who reported having the chronic diseases being studied; these 

participants presented with urinary incontinence and disability; they reported sleep and 

memory problems; and they were depressive and “not very” or “more or less” satisfied 

with life, friendships and their ability to get things done. There was a statistically 

significant difference in BMI between the different groups studied (p<0.05) (Table 2).   
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Table 2. Distribution of physical and mental health variables by frailty classification. 
FIBRA study, Campinas, São Paulo, Brazil, 2008-2009. 
 

*p<0.05. Chi-square test 
** p<0.05. Kruskal-Wallis rank sum test 
† Cognitive status based on the MMSE score. The MMSE is a 30-item cognitive screening instrument 
for assessing temporal and spatial orientation, memory, attention, calculation, language, praxis and 
visuoconstruction. Abbreviations: Body mass index (BMI); Waist-to-hip ratio (WHR); Activities of daily 
living (ADL); Mini-mental state exam (MMSE); Satisfaction (Sat).

                                                        Frailty classification 
Variable  Non-frail Pre-frail Frail p value 

Diabetes (n= 2551) (n,%)     
No  912 (45.2) 987 (48.9) 118 (5.9) 0.001* 
Yes 175 (32.8) 298 (55.8) 61 (11.4)  
BMI (n=2567) (mean ± sd) 27.5 (4.61) 27.0 (4.92) 25.2 (3.62) 0.008** 
Cardiovascular risk WHR (n,%)     
Low 397 (42.4) 476 (50.8) (64 6.8)  
Moderate 355 (46.0) 369 (47.9) 47 (6.1) 0.028* 
High  342 (40.0) 444 (52.0) 68 (8.0)  
Osteoporosis (n=2541) (n,%)     
No  824 (44.7) 911 (49.4) 110 (5.9) <0.001* 
Yes 260 (37.4) 368 (52.9) 68 (9.7)  
Urinary incontinence (n=2554) (n,%)     
No  854 (45.5) 916 (48.9) 105 (5.6) <0.001* 
Yes 235 (34.6) 370 (54.5) 74 (10.9)  

ADL deficit (n=2544) (n,%)     
No deficit  1001 (43.7) 1147 (50.0) 144 (6.3) <0.001* 
Deficit  85 (33.7) 136 (54.0) 31 (12.3)  
Sleep problems     
No  610 (45.2) 674 (50.0) 65 (4.8) 0.004* 
Yes 494 (39.2) 646 (51.3) 119 (9.5)  
Memory difficulties (n=2524) (n,%)     
No  520 (45.4) 569 (49.6) 57 (5.0) <0.001* 
Yes 557 (40.4) 703 (51.0) 118 (8.5)  
Depression (n= 2543) (n,%)     
No depression  951 (47.0) 973 (48.1) 98 (4.9) <0.001* 
Depression 135 (25.9) 308 (59.1) 78 (15.0)  
Overall sat. with life (n=2541) (n,%)     
Very satisfied 757 (45.7) 812 (49.0) 88 (5.3)  
More or less satisfied 282 (38.7) 380 (52.1) 67 (9.2) <0.001* 
Not very satisfied 47 (30.3) 87 (56.1) 21 (13.6)  
Sat. with friendships (n=-2541) (n,%)     
Very satisfied 888 (44.9) 971 (49.1) 120 (6.0) <0.001* 
More or less satisfied 154 (35.0) 242 (55.0) 44 (10.0)  
Not very satisfied 42 (36.2) 62 (53.4) 12 (10.4)  
Sat. with ability to get things done 
(n=2583) (n,%) 

    

Very satisfied 841 (46.1) 887 (48.7) 95 (5.2)  
More or less satisfied 215 (35.7) 331 (54.9) 57 (9.4) <0.001* 
Not very satisfied 42 (26.7) 86 (54.8) 29 (18.5)  
Sat. with life in comparative terms 
(n=2533) (n,%) 

    

Very satisfied 849 (45.6) 915 (49.1) 99 (5.3)  
More or less satisfied 195 (35.4) 293 (53.2) 63 (11.4) 0.44 
Not very satisfied 37 (35.1) 69 (54.0) 13 (10.9)  
MMSE score (n=2588) (mean ± sd) † 25.4 (2.95) 24.7 (3.08) 23.5 (3.42) 0.90 
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Figure 1 shows the estimated network structure with the relationships 

between social, physical and psychological factors and frailty in the sample studied. 

Frailty was most strongly correlated with the presence of diabetes and depression and 

was close to physical factors such as disability, urinary incontinence and 

cardiovascular risk based on waist-to-hip ratio. The results indicate that diabetes is a 

mediator variable between frailty and cardiovascular risk based on waist-to-hip ratio 

and that depression is a mediator variable between frailty and overall satisfaction with 

life. Diabetes, cardiovascular risk based on waist-to-hip ratio and BMI formed a cluster 

of physical factors (nodes 1, 6 and 3), and depression, overall satisfaction with life and 

domain-related satisfaction formed a cluster of psychological factors (nodes 7, 9, 10, 

11, 12) (Figure 1). However, in the network results, emphasis was placed on 

relationships with the outcome frailty. To make it easier to interpret all the estimated 

correlations, the categories for the variables studied are shown in the Supplementary 

Material (Supplementary Table S1).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. Weighted network structure estimated with glasso for frailty and social, physical, 
and psychological factors: FIBRA study, Campinas, São Paulo, Brazil, 2008-2009.  
 
*Connections in red represent negative correlations. 
 **Connections in blue represent positive correlations. MMSE, Mini-Mental State Examination; Sat., 
satisfaction; WHR, waist-to-hip ratio.
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The centrality measures are shown in Figure 2. The variables sex (node 15) 

and depression (node 7) had the greatest centrality index (Figure 2). Sex, personal 

income, household income and living with spouse are the variables with the greatest 

strength indices (Table 3). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 2. Strength, closeness and betweenness centrality measures for the network 
estimated using data from the FIBRA study, Campinas, São Paulo, Brazil, 2008-2009. 
MMSE, MiniMental State Examination; Sat., satisfaction; WHR, waist-to-hip ratio.
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Table 3. Strength indices for the variables in the study sample. FIBRA study, 
Campinas, São Paulo, Brazil, 2008-2009. 
                  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

*Variables with larger values of strength index 
Abbreviations: Body mass index (BMI); Activities of daily living (ADL); Waist-to-hip ratio (WHR); Mini-
mental state exam (MMSE); Satisfaction (Sat.). 

 

 

 

 

 

Variable  Node number Strength 

Diabetes 1 -1.180033550 
Osteoporosis 2 -0.043000054 
BMI 3 -0.780229744 
Urinary incontinence 4 -0.146450320 
 ADL deficit 5 -0.777033127 
Cardiovascular risk WHR 6 -0.494599092 
 Depression  7 0.508422266 
Memory difficulties   8 -0.338697372 
Overall sat. with life 9 -0.144734072 
Sat. with life in comparative terms 10 0.033391954 
Sat. with friendships 11 -0.757075943 
Sat. with ability to get things done 12 0.011831555 
Sleep problems 13 -0.856499064 
MMSE score 14 -0.407721584 
Sex 15 2.928251450* 
Personal income 16 1.866979985* 
Household income 17 0.923582025* 
Years of schooling 18 0.361656698 
Living with spouse 19 0.930230578* 
Income sufficiency 20 -0.879492443 
Frailty 21 -0.758780145 
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DISCUSSION 

 

The multifactorial nature of frailty has led to interest in the predictive factors 

associated with the condition in different social, cultural and care contexts.23-25 Using 

a robust multivariate analysis technique, network analysis, we investigated the 

associations between frailty and social, physical and psychological factors in 

community-dwelling older persons. The results show that, considering all the variables 

used in the analytical model, frailty was most strongly correlated with diabetes and 

depression and was closer to physical factors such as cardiovascular risk based on 

waist-to-hip ratio, impairment in ADL and urinary incontinence.  

Some studies that investigated factors associated with frailty made 

predictions based on adjusted regression analysis using explanatory models with a 

reduced number of variables5,26; however, they did not consider the simultaneous 

interaction between different factors as a whole and frailty, as in the present study.  

Taking these factors into account is important as such an approach allows the influence 

of a set of different variables on each population of interest to be investigated and the 

most important factors for the development of the frailty phenotype to be identified. 

Using this approach, the present study identified features of the associations between 

variables in a heterogeneous sample in terms of age, health and socioeconomic 

factors.   

A strong correlation was observed between frailty and diabetes, a finding 

consistent with the literature. The longitudinal study by Aguayo et al27 showed an 

association between diabetes with elevated glycated hemoglobin (HbA1C) levels at 

baseline and the incidence of frailty among 5377 community-dwelling older persons 

during ten years of follow-up. The authors found that non-frail older persons with 

diabetes and elevated HbA1C levels at the beginning of the study became frail and 

more vulnerable in terms of their health as they became older, suggesting that the 

complications associated with diabetes were reflected in the health of this population 

over time. Similarly, Chhetri et al28 analyzed data for 10039 older persons in a six-year 

population study. The main results indicated that diabetes was an independent 
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predictor of frailty; specifically, the authors found that older persons with diabetes had 

a 1.36 and 1.56 greater risk of being frail and pre-frail, respectively.  

 Of particular note in relation to physical factors is the proximity of the 

association between the variable cardiovascular risk based on waist-to-hip ratio and 

frailty in the network. A recently published study29 analyzed data for 6320 older persons 

who were evaluated using sociodemographic variables, frailty, BMI and waist 

circumference. After covariate adjustment, the final multiple regression model provided 

cross-sectional evidence that older persons with a larger waist circumference had a 

higher odds ratio for frailty (OR=2.28; 1.79-2.89) than older persons with a normal waist 

circumference and weight.    

In fact, waist-to-hip ratio and metabolic syndrome are predictors of high 

cardiovascular risk30, and a previous study has shown a high risk for frailty among 

individuals with metabolic syndrome.31 The results related to these physical factors in 

our study, i.e., diabetes and anthropometric measures, indicate that cardiometabolic 

disease and the conditions associated with high cardiovascular risk may be implicated 

in frailty. 

Other physical factors in our analysis were closely associated with the 

outcome studied. The proximity of the variable frailty to impairment in ADL is in line 

with the literature.   Research on the frailty phenotype using data from the 

Cardiovascular Health Study identified the association and overlapping  between 

frailty, disability  and comorbidity.2 With increasing age there is known to be a 

progressive decline in muscle mass or sarcopenia, which is a plausible route for the 

development of frailty and consequent functional loss in older persons.32 The proximity 

of frailty to urinary incontinence is also in line with previous studies showing that these 

geriatric syndromes are associated.33,34  

Another important finding is the relationship between frailty and depression, 

corroborating previous studies that showed an association between these 

conditions.35,36 Frailty and depression are known to share physiological mechanisms, 

and population studies have shown frail37 and depressed38 older persons to have 

elevated interleukin-6 (IL-6) levels. Both conditions are also intimately related to the 

decline in muscle strength and physical activity in these individuals,8,39 and exhaustion 

is not only present in the frailty phenotype but also a diagnostic criterion for the 
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diagnosis of depression.40 These factors account for the relationship between frailty 

and depression and go some way to explaining our results. 

 Lohman et al41 investigated the relationship between depression and 

different conceptual models of frailty (frailty phenotype, frailty index and functional 

domains) with the aid of confirmatory factor analysis. They concluded that regardless 

of the model adopted there was a significant association between frailty and 

depression, suggesting that this relationship is consistent and cannot be explained only 

by the presence of the exhaustion criterion on the CES-D scale. 

 The network analysis in this study also provided important information 

about the mediatory role of the variable diabetes in the indirect relationship between 

frailty and cardiovascular risk based on waist-to-hip ratio, as well as the mediatory role 

of the variable depression in the indirect relationship between frailty and overall 

satisfaction with life. This result shows the importance of diabetes and depression in 

the model as these variables are evidence of the direct and indirect relationships 

between frailty syndrome and physical and psychological factors.  

The present study has helped to confirm the existence of correlations 

between different factors and frailty through the use of a graphical analytical method 

based on partial correlation in which the associations demonstrated are those 

observed after controlling for all the variables studied.9 The importance of the results 

should be stressed as some of the correlations could not be explained by other factors. 

Another important consideration is that these findings show specific patterns of 

association for this population group. We believe that this methodology can reveal 

different patterns of association in other groups, helping to understand the factors that 

determine the frailty phenotype and to develop health strategies for each population of 

interest. 

We used the frailty phenotype instead of the frailty index. The former reflects 

the frailty concept more in terms of biologically determined patterns, unlike the latter, 

which provides a view in terms of an accumulation of deficits (considering symptoms, 

signs, diseases and disabilities as deficits). It is possible that the strength of the 

associations and the distance between the variables might have changed if the frailty 

index had been used; however, the frailty phenotype was chosen for this work because 

it is an instrument that is widely accepted in the literature and reduces the likelihood of 

covariances. 
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A limitation of the present study is the low prevalence of frailty in the sample. 

As in the Cardiovascular Health Study, older individuals with poor cognitive 

performance were initially excluded from the analysis. This resulted in a sample that 

was more representative of older persons with better overall health. The Brazilian 

Longitudinal Study of Aging (ELSI Brazil) referred to earlier,5 which collected data for 

a representative population sample in seventy municipalities and five geographic 

regions, did not exclude older individuals with poor cognitive performance, and the 

prevalence of frailty was higher than in the present study. This sampling difference can 

explain differences between network associations according to the characteristic of the 

population without however changing the way the method operates. The relationships 

may be different in a population sample that does not exclude individuals with poor 

cognitive performance. This is a further advantage of network analysis, as it allows 

populations and contexts of interest to be compared. 

The cross-sectional nature of this study can also be considered a limitation 

as it does not allow cause-and-effect relationships to be described. A longitudinal 

study, by contrast, can provide answers about causality, as can analysis of directed 

networks.42 The robust nature of the statistical analysis used and the accuracy of the 

inferences estimated using resampling are, however, indicative of the potential of the 

method adopted here.10 This approach allowed us to observe important correlations 

using a statistical process little exploited in studies on frailty by starting from the 

principle that relationships between different factors and the frailty syndrome should 

be investigated in different social, physical-health and mental-health contexts.  

 

Conclusions and Implications 

 

This study has shown the relationship between frailty in older persons and 

diabetes, a physical risk factor, and depression, a psychological risk factor. The results 

show that network analysis can provide specific information for populations and 

subpopulations of interest and confirm that frailty is not determined in the same way in 

different sociocultural and economic contexts. These findings shed new light on our 

understanding of the multifactorial nature of frailty when adjusted for the particular 

characteristics of specific population groups. 
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Supplementary material 

 

The stability coefficients of the centrality indices for the estimated network 

are shown in Supplementary Figure S1. The greater the mean correlation and the 

greater the percentage of people included in the sample in the resampling process, the 

greater the stability coefficients of the centrality measures. The values of these 

coefficients remained acceptable, i.e., greater than 0.25 even after the mean 

correlation and percentage of people sampled decreased, indicating that the centrality 

indices are stable in terms of statistical inference10 (Supplementary Figure S1). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Supplementary Figure S1 Stability of the centrality indices for the estimated network 

based on data from the FIBRA study, Campinas, São Paulo, Brazil, 2008-2009.  

*Reference value (c > 0.25) 

 

 

 

Stability coefficients of the centrality 
indices in the sample studied: 
 
Betweenness: 0.36 (min: 0.28 - max: 0.54) * 
Closeness: 0.36 (min: 0.32 - max: 0.56) * 
Strength: 0.52 (min: 0.42 - max: 0.68) * 
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The 95% confidence intervals around the edge weights between the 

variables studied are shown in Supplementary Figure S2. The red line corresponds to 

the values for the sample studied, and the black line to the bootstrap means. The edges 

are ordered from the connection with the least weight to the one with the greatest 

weight on the x-axis. The names of each edge have been removed from the y-axis to 

avoid visual clutter because of the large number of resamples. The gray area shows 

small confidence intervals around the edge weights, indicating a network with accurate 

inferred weights10 (Supplementary Figure S2). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary Figure S2. Ninety-five percent confidence intervals around the edge 

weights between the variables studied. FIBRA study, Campinas, São Paulo, Brazil, 

2008-2009. 
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The results of the statistical difference tests for the edges between variables 

are shown in Supplementary Figure S3. Gray elements (in the center of the figure) 

correspond to edges that are not statistically different. Black elements (at the edge of 

the figure) correspond to edges that are statistically different. There are a significant 

number of black elements at the edge of the graph, indicating that there are a 

considerable number of statistically different edges (p<0.05). It should be stressed that 

because of the large amount of data used in the resampling process, the names of all 

the edges on the X and Y axes have been removed for ease of visual interpretation10 

(Supplementary Figure S3). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary Figure S3. Statistical difference tests for edges between the variables 

studied. Results based on the network structure. FIBRA study, Campinas, São Paulo, 

Brazil, 2008-2009. 
 
* Significance level p <0.05
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The statistical differences between the strengths of the nodes in the network 

structure are shown in Supplementary Figure S4. Gray rectangles correspond to 

strengths that are statistically the same, and black ones to statistically different 

strengths. The white rectangles show the strength of each node; the greater this figure, 

the greater the strength attributed to the variable. A large proportion of the strengths 

were statistically different, and the variables sex, personal income, household income 

and living with spouse had greater strengths in the network after resampling10 

(Supplementary Figure S4). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Supplementary Figure S4. Statistical difference test for the strengths of the edges 

between nodes. Results based on the network structure. FIBRA study, Campinas, São 

Paulo, Brazil, 2008-2009. 

 
Abbreviations: Body mass index (BMI); Activities of daily living (ADL); Waist-to-hip ratio (WHR); Mini-

mental state exam (MMSE); Satisfaction (Sat.). 

* Significance level p <0.05 
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Supplementary Table S1. Categorization of study variables of interest
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Abbreviations: Body mass index (BMI); Activities of daily living (ADL); Instrumental activities of daily 

living (IADL); Waist-to-hip ratio (WHR); Geriatric Depression Scale (GDS); Mini-mental state exam 

(MMSE); Satisfaction (Sat).

Variable Type of variable        Category 

Sex  Dichotomous 0- Male 
1- Female 

Years of schooling Ordinal 0- Illiterate 
1- 1 to 4 years 
2- 5 to 8 years 
3- 9 years or older 

Monthly personal income Continuous numeric  ------- 

Monthly household income Continuous numeric  ------- 

Income sufficiency Dichotomous 0- No 
1- Yes 

Living with spouse  Dichotomous 0- No 
1- Yes 

Depression  Dichotomized 0- No depression 
1- Depression 

Memory problems  Dichotomous  0- No 
1- Yes 

MMSE score Discrete numeric ------- 

Diabetes Dichotomous 0- No 
1- Yes 

BMI  Continuous numeric ------- 

Osteoporosis  Dichotomous 0- No 
1- Yes 

Urinary incontinence   Dichotomous 0- No 
1- Yes 

 Dichotomous 0- No deficit 
1- Deficit 

ADL deficit Dichotomized 0- No 
1- Yes 

  Ordinal 0- Low 
1- Moderate 
2- High 

Overall sat. with life Ordinal 0- Very satisfied 
1- More or less satisfied 
2- Not very satisfied 

Sat. with life in comparative terms Ordinal  0- Very satisfied 
1- More or less satisfied 
2- Not very satisfied 

Sat. with friendships Ordinal 0- Very satisfied 
1- More or less satisfied 
2- Not very satisfied 

Sat. with ability to get things done Ordinal 0- Very satisfied 
1- More or less satisfied 
2- Not very satisfied 

Frailty Ordinal 0- Non-frail 
1- Pre-frail 
2- Frail 
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4.2 Artigo 3 
 

O artigo “How do the factors associated with frailty change with sex? An 

exploratory network analysis” foi submitido na revista científica The Journals of 

Gerontology, Series A: Biological Sciences and Medical Sciences. 
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Abstract 

 

Background: It is important to study multiple social, physical and psychosocial factors 

associated with frailty in populations characterized by social and health disparities, 

such as men and women. Methods: This was a cross-sectional population-based 

study with older adults ≥65 years from the FIBRA (Frailty in Brazilian Older Adults) 

2008-2009 study. We carried out a comparative analysis of the factors associated with 

the frailty phenotype in older men (N=706) and women (N=1251) using networks based 

on mixed graphical models (MGM) according to sex. Results: In the male network, 

frailty was most strongly associated with years of schooling, overall satisfaction with 

life and falls; in the female network, the syndrome was associated with satisfaction with 

problem solving, depression and diabetes in addition to years of schooling. 

Furthermore, permutation tests showed that the networks for males and females were 

statistically different in terms of their structure, overall strength of the relationships and 

specific interactions such as frailty and diabetes; frailty and falls; frailty and depression; 

frailty and overall satisfaction with life; frailty and satisfaction with problem solving 

(p<0.05). The walktrap network cluster detection algorithm revealed that in men, frailty 

was in a physical and social dimension while in women the syndrome was in a 

cardiometabolic and psychosocial dimension. Conclusions: Network analysis showed 

that different factors are associated with frailty for each sex. The findings suggest that 

different strategies for dealing with frailty should be adopted for men and women so 

that care and prevention efforts can be directed appropriately.    
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Introduction 

 

Frailty is a multidimensional syndrome characterized by a decline in the 

physiological reserve and function of multiple systems in the organism and by 

vulnerability to social, physical and psychological stressors. It is a condition that has 

been studied in tertiary and primary care contexts and in association with negative 

outcomes (1, 2). 

Some community-dwelling older adults are more vulnerable to development 

of the syndrome. For example, older women are notably more frail than older men (1), 

and specific risk factors associated with the female sex such as hormonal changes, a 

higher prevalence of disabling conditions and a high prevalence of psychological and 

neurological conditions such as depression and Alzheimer’s disease contribute to the 

high percentage of individuals with the syndrome in this subgroup (3). 

In men, in addition to the behavioral risk factors inherent to the male sex, 

such as a reluctance to seek medical care, lower adherence to medication, smoking 

and alcoholism, which are associated with poorer health and consequently 

development of the syndrome (3,4), previous studies have shown that in older men 

clinical conditions such as falls and limitations in mobility were associated with the 

frailty phenotype (5). 

Although the factors associated with the phenotype in the older population 

are amply discussed in the literature, it is important to study the social, physical and 

psychological dimensions in different populations, such as men and women, as this 

will lead to a better understanding of the impact of each dimension and help in the 

planning of more targeted care that takes into account the specific sociocultural and 

health issues related to each sex.  

The aim of this study was therefore to carry out a comparative analysis of 

the factors associated with frailty in older men and women using network analysis, a 

graphical exploratory statistical technique that allows the simultaneous relationships 

between multiple variables to be studied (6). In a recent study (7), the technique 

allowed the different physical and psychological factors associated with the frailty 

phenotype to be identified, and in the present study it helped to investigate specific 

factors associated with the syndrome in men and women. 
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Methods  

 

Study design and participants  

 

This study used the electronic database of the Fibra Study (2008 and 2009), 

a cross-sectional, multicenter and population-based survey involving elderly residents 

in the community (n = 3,478) selected for convenience in seven Brazilian cities. 

Recruitment took place by quotas for men and women aged 65 and over, divided into 

four age groups (65-69, 70-74, 75-79 and 80 and over) and the size of the quotas was 

estimated according to presence of these groups in the population. Inclusion criteria 

were: age 65 years or older. Exclusion criteria were: severe cognitive deficit suggestive 

of dementia; being bed-ridden; severe sequelae following stroke with loss of strength 

and/or aphasia; severe Parkinson's disease with impaired motor skills, speech or 

affectivity; severe hearing or visual deficits that made communication difficult; and 

terminal-stage disease. Detailed information about sample selection in each Brazilian 

municipality and the data collection procedure used can be found in a previously 

published study (8). 

For the present study, data for 2588 older adults assessed for the frailty 

phenotype (1) who achieved the minimum performance on the Mini-Mental State 

Examination (MMSE) were selected (9). In the second stage of the analysis, 

participants for whom values of any of the variables included in the study were missing 

were excluded, resulting in a final sample consisting of 1957 older adults, of whom 706 

were male and 1251 female (Supplementary Figure S1). An addendum to the main 

study was approved by the Committee for Ethics in Research at the State University 

of Campinas (Unicamp) School of Medical Sciences under ref. no. C.A.A.E. 

88946718.5.0000.5404. 

 

Social, physical-health and psychosocial variables  

 

Sociodemographic characteristics comprised sex (male and female); age in 

years; personal and household income (numerical variables based on the value in 

reals of the minimum wage at the time the study was carried out); income sufficiency 

(“yes” or “no”); living with a spouse (“yes” or “no”); and years of schooling (“illiterate”, 
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“1 to 4 years of schooling”, “5 to 8 years of schooling” and “9 years of schooling or 

more”). These variables, with the exception of sex and age, were included in the group 

of social factors in the models. 

The physical health variables were self-reported diabetes, urinary 

incontinence, osteoporosis and falls in the twelve months immediately prior to the study 

(“no falls”; “one fall” “two or more falls”); body mass index-BMI (calculated from weight 

and height); and cardiovascular risk measured by the waist-to-hip ratio (a three-

category categorical variable given by dividing the waist circumference by the hip 

circumference. The three categories for men and women respectively based on 

previously published recommendations were: < 0.91 and < 0.76: “low risk”; 0.91 - 0.98 

and 0.76 - 0.83: “moderate risk”; > 0.98 and > 0.83: “high risk”) (10); and a deficit in 

the activities of daily living (ADL) described in the Katz ADL Index (11). The variable 

deficit in ADL was categorized as “no deficit” for individuals who did not report any 

functional loss and “deficit” for those who reported functional losses in one or more 

activities. These variables comprised the group of physical factors in the models. 

The psychosocial variables were  difficulties with memory (“yes” or “no”); 

depression (measured on the Geriatric Depression Scale version 15 and categorized 

as “no depression” if the score was less than six and “depression” if the cutoff score 

was greater than or equal to six, in accordance with recommendations for Brazilian 

older adults) (12); MMSE score (9,13) (a numerical variable given by the total MMSE 

score); sleep problems (“yes” or “no”); overall satisfaction with life (based on the 

question “Are you satisfied with your life now?”); satisfaction with life in comparative 

terms (“Compared with other people of your age, would you say that you are satisfied 

with your life?”); satisfaction with friendships (“Are you satisfied with your friendships 

and family relationships?”) and satisfaction with problem solving (“Are you satisfied 

with your ability to solve everyday problems?”) (14). The variables representing 

satisfaction levels were categorized as: “very satisfied”, “more or less satisfied” and 

“not very satisfied”. Estas variáveis formaram o grupo de fatores psicossociais nos 

modelos. 
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Frailty Assessment  

 

Frailty was evaluated according to the frailty phenotype (1), which consists 

of five components: 1) self-reported unintentional weight loss; 2) self-reported 

exhaustion; 3) slow walking speed; 4) muscle weakness (grip strength); and 5) low 

physical activity level. Participants who scored in three or more of these components 

were classified as “frail” while those who scored in one or two components were 

classified as “pre-frail”, and those who did not score in any of them were classified as 

“non-frail”.    

 

Statistical analysis 

 

Descriptive analysis 

 

For descriptive analysis, categorical variables were compared using 

Pearson's chi-square test and numerical variables using the Wilcoxon-Mann-Whitney 

test according to the groups: (1) sex (male and female) and (2) classification of fragility 

(not fragile; pre-fragile and fragile). The characteristics of the sample were 

demonstrated in median, mean, standard deviation and percentage and a p-value 

<0.05 was adopted to indicate statistical differences between the groups mentioned. 

The statistical program RStudio, version 1.1.463, Boston, MA, USA was used in this 

first stage of data analysis. 

 

 MGM networks and prediction between nodes 

 

Network analysis is a graphical statistical tool that shows the relationships 

between variables represented by elements called nodes. The elements are connected 

by lines known as edges (6). To perform a comparative analysis of the factors 

associated with frailty in older male and female adults, networks based on mixed 

graphical models (MGMs) were used. These are extensions of correlation and partial 

correlation models that allow the relationships between categorical and numerical 

variables to be estimated more accurately. In MGMs, the relationships between nodes 

are calculated by means of different types of regression depending on the distribution 
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of the dependent variable, as in a generalized linear model. If the dependent variable 

is dichotomous, it has a Bernoulli distribution and logistic regression is used. If the 

variable is ordinal, the distribution is multinomial and multinomial regression is used. 

For a discrete dependent variable, the distribution is a Poisson distribution and Poisson 

regression is used, and when the dependent variable is continuous, the distribution is 

Gaussian and linear regression is used. When two variables are connected in MGM, 

there is a control for the other variables. The absence of a connection between two 

nodes indicates that the variables are conditionally independent given the other 

variables in the model. In the present study, positive associations are represented by 

green edges and negative associations by red edges. However, interactions involving 

categorical variables with more than two categories (both with other categorical 

variables and with continuous variables) cannot be explained in positive or negative 

associations and, for this reason, are shown in blue.. It was decided to use weighted 

networks to show visually that the thicker the edges, the stronger the associations. In 

addition, penalty and regularization parameters for the network models were used: the 

Least Absolute Shrinkage and Selection Operator (LASSO), which penalizes weak 

relationships and estimates a network with the smallest number of connections, 

keeping only the most important relationships between nodes; and then the Extended 

Bayesian Information Criterion (EBIC) selection parameter with gamma = 0.5 to select 

the best network model from the possible models for all the associations identified 

between all the variables (15). The Fruchterman-Reingold algorithm (16) was used so 

that nodes that were very strongly associated would be close to each other.  

The prediction between nodes was analyzed. The “proportion of explained 

variance” (R2) and “proportion of correct classification” (CC) were used for numerical 

and categorical variables respectively. These quantify how well a particular node can 

be predicted by the other nodes connected to it; the larger the values of R2 and CC, 

the better a particular node can be predicted.  Predictions are represented as pie charts 

around the nodes in the networks. A pie chart that is completely orange or red 

represents perfect prediction of a categorical or numerical variable respectively while 

a pie chart that is completely white indicates that the predictors of a particular node are 

not in the network, i.e., they are absent in the selected model (17). The networks and 

the predictions between nodes were estimated using the bootnet statistical package. 
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The qgraph statistical package was used to visualize the networks (RStudio, version 

1.1.463, Boston, MA, USA). 

 

Network comparison tests 

 

Three statistical permutation tests were performed to determine whether 

there were differences between the networks for males and females; the null 

hypothesis was that there were no differences. First, the network structures were 

tested for differences considering the maximum difference in any edge weight. They 

were then tested for differences in overall strength considering the sum of the strengths 

of all the connections. Lastly, each relationship was tested for a statistically significant 

difference, i.e., the edges were tested to determine which were statistically significantly 

different in the estimated networks (18). A significance level of p<0.05 was used. For 

this stage, the NetworkComparisonTest statistical package (RStudio, version 1.1.463, 

Boston, MA, US) was used. 

 

Network clusters 

 

To determine the dimensionality of the data and the subgraphs with strongly 

connected variables in the two estimated networks, the walktrap network cluster 

detection algorithm in the igraph statistical package (RStudio, version 1.1.463, Boston, 

MA, US) was used (19). This allowed the different clusters of strongly connected nodes 

in the networks for males and females to be identified.  

 

Centrality measures 

 

To determine the importance of each node in the network structures, the 

following centrality measures were estimated: “closeness”, given by the inverse of the 

distance of one node from all the other nodes in the network, i.e., how close the node 

is to the others and how central it is; “strength”, derived from the sum of all the paths 

that connect a node to the other nodes and based on the mean of the weights of the 

associations; and “betweenness”, which represents the number of times a node is part 

of the shortest path between all the pairs of connected nodes in the network (6). The 
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centrality measures were estimated using the qgraph statistical package (RStudio, 

version 1.1.463, Boston, MA, USA). For details of the results of the centrality 

measures, see the supplementary material (Supplementary Figure S2 and 

Supplementary Table S1) 

 

Network stability and accuracy   

The case-drop bootstrap procedure was used to analyze the stability of the 

centrality measures “closeness”, “strength” and “betweenness”. In addition, the non-

parametric bootstrap method was used to determine the accuracy of network 

inferences and estimate 95% confidence intervals around the edge weights. In this 

stage of the analysis, the data set was resampled 2500 times (20). The bootnet 

statistical package was used (RStudio, version 1.1.463, Boston, MA, USA). For an 

interpretation of these tests and the results, see the supplementary material 

(Supplementary Figures S3 and S4)  

  

Results  

 

Table 1 shows the distribution of the sociodemographic and physical and 

mental health variables by sex and frailty classification. Most of the older adults were 

women (64.0%), and more women (7.0%) than men (5.9%) were frail. For both sexes, 

diabetes, urinary incontinence, depression, sleep problems, reporting two or more falls, 

dissatisfaction with life and dissatisfaction with problem solving were more common in 

frail individuals. There was a statistically significant difference in terms of age and 

MMSE score between sexes and frailty classifications (p<0.05) (Table 1).  
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Table 1. Distribution of sociodemographic, physical-health and psychosocial variables 
by sex and frailty classification. FIBRA study, 2008-2009. 
 

Note: ADL=Activities of Daily Living; MMSE=Mini-Mental State Examination; Sat.= Satisfaction; BMI= 
Body Mass Index. *Difference between groups (p<0.05). Wilcoxon-Mann-Whitney test. **Difference 
between groups (p<0.05). Chi-square test 

 

                       Male (n=706)                                                                          Female (n=1251) 

 
Variable 

Non-frail 
(n=319) 

Pre-frail 
(n=345) 

Frail 
(n=42) 

 
p 

Non-frail 
(n=535) 

Pre-frail 
(n=628) 

Frail 
(n=88) 

 
p  

Median age, years 71.0 72.0 74.0 0.006* 70.0 72.0 75.0 <0.001* 
Years of schooling, %    0.15    <0.001** 

9 years or older  9.1 5.8 3.2  4.3 5.0 4.5  
5 to 8 years 26.6 25.5 16.0  29.2  22.0  15.9  
1 to 4 years 46.1 47.0 52.3  51.4  51.4  39.8  
Illiterate 18.2 21.7 28.5  15.1 21.6 39.7  

Income sufficiency, %    0.40    0.022** 
No  54.9 52.1 48.0  50.0 45.7 34.0  

Living with spouse, %    0.27    0.027** 

Yes 53.9 50.1 50.0  42.6 36.3 30.6  
Diabetes    0.042**    <0.001** 

Yes 15.0 22.0 23.8  16.0 24.2 36.4  
Cardiovascular risk, %    0.71    0.041** 

Low  43.8 44.6 54.7  31.3 31.5 28.5  
Moderate  35.8 33.9 30.9  33.8 27.9 23.8  
High  20.4 21.5 14.4  34.9 40.6 47.7  

BMI (kg/m2), mean ± sd 26.6(3.6) 26.4(4.6) 25.6(3.8) 0.28 28.0(5.2) 27.4(4.8) 27.6(5.2) 0.08 

Osteoporosis, %    0.11    <0.001** 

Yes  7.2 9.2 16.6  33.0  39.0  54.5  

Urinary incontinence, %    <0.001**    <0.001** 

Yes 15.3 23.1 38.1  22.6  30.0 39.7  

Falls, %    <0.001**    <0.001** 

No falls 85.6 78.5 71.4  69.3  66.5  46.6  

One fall 11.9 14.5 11.9  17.7  15.9  23.8  

Two or more falls 2.5 7.0 16.7  12.8  17.5  29.5  

Deficit in ADL, %    0.22    0.005** 

Deficit  5.3 7.4 11.9  8.4 11.6  19.3  

MMSE score, mean ±sd 25.7(2.9) 25.2(3.0) 24.3(2.7) 0.002* 25.2(2.9) 25.5(3.0) 22.8(3.5) <0.001** 

Depression, %    <0.001**    <0.001** 

Yes  10.3 17.1 33.3  13.4  27.2  52.2  

Memory problems, %    0.08    0.008** 

Yes  46.3 47.2 64.2  54.3  58.4 71.5  
Sleep problems, %    0.024**    <0.001** 

Yes  34.1 33.9 57.8  51.4  55.0  76.1  
Overall sat. with life, %    <0.001**    0.006** 

Very satisfied  70.8 66.0 47.6  69.1  63.2  51.1  
More or less satisfied 25.7 27.8 33.3  26.5 29.6  40.9  
Not very satisfied 3.5 6.2 19.1  4.4   7.2  8.0  

Sat. with life in comparative terms, %    0.09    <0.001** 

Very satisfied  77.4 73.9  59.6  80.1  70.8 55.6  

More or less satisfied 19.4 20.6 33.3  16.6 23.4  34.0  

Not very satisfied 3.2 5.5 7.1  3.1   5.7 10.2  
Sat. with friendships, %    0.030**    0.06 

Very satisfied  82.1 76.5 61.9  81.6  75.9  70.4  
More or less satisfied 13.2 18.9 30.9  14.9  19.1  22.7  

Not very satisfied 4.7 4.6  7.2  3.3   4.9   6.8  
Sat. with problem solving, %    0.003**    <0.001** 

Very satisfied 75.6 67.8 52.5  77.1 67.8 54.6  

More or less satisfied 21.0 26.4  33.3  19.4 25.6  25.0  

Not very satisfied 3.4 5.8 14.2  3.5  6.6  20.4  
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Figure 1 shows the networks with predictions of the factors associated with 

frailty in community-dwelling older adults for males (A) and females (B). In men, frailty 

was most strongly associated with years of schooling, overall satisfaction with life and 

falls while in women the syndrome was most associated with years of schooling, 

satisfaction with problem solving, depression and diabetes. Frailty was predicted by 

the other nodes in the male and female networks respectively, as shown by the orange 

pie charts around the node representing the syndrome (Figure 1). For ease of 

interpretation of the networks, each variable and the respective node number, type and 

categories are shown in the supplementary material (Supplementary Table S2).  
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Figure 1. MGM networks of the factors associated with frailty in older male adults (A) 
and older female adults (B). FIBRA study, 2008-2009. Abbreviations: ADL=Activities 
of Daily Living; MMSE=Mini-Mental State Examination; Sat.= Satisfaction; BMI= Body 
Mass Index. aGreen edge = positive relationship between categorical variables with 
two categories and/or numerical variables. bRed edge=negative relationship between 
categorical variables with two categories and/or numerical variables. cBlue edge = 
association between categorical variables with more than two categories. dOrange pie 
charts = predictability of the categorical variables. eRed pie charts = predictability of 
the numerical variables.  
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Table 2 shows the values of the predictability indices for the estimated 

networks for the variable frailty and other nodes in the networks for men and women. 

R2 and CC are shown as percentages; the higher the percentage, the greater the 

predictability of a particular node, in the network for males, CC for frailty was 55.8%, 

so the syndrome is predicted by other nodes in the model. In the network for females, 

CC for frailty was 59.7%, indicating that the syndrome is also predicted by other nodes 

in the model. Most of the nodes are predicted by the other associated nodes apart from 

BMI and MMSE score, for which the R2 values were much lower (Table 2).  

 

 

Table 2. Values of the predictability indices for the nodes in the networks for men and 
women. FIBRA study, 2008-2009.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: ADL=activities of daily living; CC=proportion of correct classifications for categorical variables; 
R2=proportion of variance explained for numerical variables; Sat.=satisfaction 
aThe higher the percentage, the greater the predictability of a particular node 

 

 

 Male  Female 

Node CC 
(%) 

R2 
(%) 

 CC  
(%) 

R2  
(%) 

Diabetes 81.2 -  77.1 - 
Osteoporosis  91.1 -  65.9 - 
BMI - 12.0  - 9.2 
Urinary incontinence 83.3 -  77.1 - 
Deficit in ADL 93.5 -  89.4 - 
Falls 81.7 -  67.1 - 
Cardiovascular risk 53.1 -  48.5 - 
Depression 86.0 -  81.8 - 
Memory problems 64.3 -  67.2 - 
Overall sat. with life 79.5 -  76.4 - 
Sat. with life in comparative 
terms 

82.9 -  80.6 - 

Sat. with friendships  81.6 -  79.9 - 
Sat. with problem solving 79.5 -  75.3 - 
Sleep problems 68.6 -  64.3 - 
MMSE score - 3.1  - 4.5 
Monthly personal income - 68.5  - 53.1 
Monthly household income - 67.4  - 50.7 
Years of schooling 59.8 -  69.1 - 
Living with spouse 81.4 -  72.7 - 
Income sufficiency 66.4 -  65.9 - 
Frailty 55.8 -  59.7 - 
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The networks for males and females are statistically different in terms of 

their structure (in the permutation test the maximum difference in edge weight for any 

edge was 0.19 and the p value was 0.017) and overall strength (in the permutation 

test, the sum of the strengths of all the network connections was 5.04 for the male 

network and 7.12 for the female network and the p value was 0.031). Table 3 shows 

comparisons of the edges in the estimated networks for men and women. Some edges 

had statistically different weights in the estimated networks. Specifically, there were 

statistically significant differences in the edge weights between frailty and diabetes; 

frailty and falls; frailty and depression; frailty and overall satisfaction with life; frailty and 

satisfaction with problem solving between the two networks (p<0.05) (Table 3).  
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Table 3. Comparison of the edges in the networks for males and females. FIBRA study, 2008-2009. 

 

 

Note: 1=Diabetes; 2=Osteoporosis; 3= Body Mass Index; 4=Urinary Incontinence; 5=Deficit in Activities of Daily Living; 6=Falls; 7=Cardiovascular risk; 
8=Depression; 9=Memory problem; 10=Overall satisfaction with life; 11=Satisfaction with life in comparative terms; 12=Satisfaction with friendships; 
13=Satisfaction with problem solving; 14=Sleep problems; 15= Mini-Mental State Examination score; 16=Monthly personal income; 17=Monthly household 
income; 18=Years of schooling; 19=Living with spouse; 20=Income sufficiency and 21=Frailty. 
*p<0.05. Permutation test for multiple comparisons; p values after Bonferroni correction for each edge. 
 

 

 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 

1                      
2 <.001*                     
3 0.23 0.89                    
4 0.025* 0.31 0.037*                   
5 0.09 <.001 0.54 0.74                  
6 0.37 0.041* <.001* 0.62 0.78                 
7 0.14 <.001* 0.52 0.79 0.67 0.89                
8 0.98 0.003* 0.76 0.73 0.06 0.03* 0.44               
9 0.89 0.58 0.58 0.82 0.80 0.33 0.87 0.037*              

10 0.030* 0.07 0.87 0.92 0.09 0.56 0.37 0.40 0.98             
11 0.07 0.98 0.75 0.08 0.08 0.90 0.07 0.64 0.54 0.42            
12 0.06 0.08 0.83 0.010* 0.91 0.17 0.32 0.43 0.67 0.52 0.31           
13 0.68 0.028 0.08 0.42 0.19 0.006* 0.43 0.77 0.75 0.30 0.36 0.47          
14 0.81 0.66 0.56 0.24 0.65 0.29 0.16 0.99 0.07 0.19 0.79 0.19 0.21         
15 0.08 0.98 0.06 0.91 0.89 0.09 0.41 0.44 0.62 0.89 0.85 0.90 0.97 0.08        
16 0.07 <.001* 0.018* 0.11 0.90 0.98 0.11 0.004* 0.08 0.74 0.65 0.71 0.42 0.56 0.61       
17 0.09 0.032* 0.18 0.27 0.21 0.87 0.30 0.06 0.12 0.09 0.08 0.83 0.53 0.69 0.53 0.07      
18 0.006* 0.055 0.23 0.74 0.45 0.89 0.55 0.22 0.63 0.86 0.13 0.19 0.08 0.40 0.013* 0.81 0.16     
19 0.97 0.64 <.001* 0.75 0.06 0.06 0.87 0.92 0.79 0.78 0.45 0.35 0.06 0.24 0.09 0.34 <.001* 0.09    
20 0.58 0.86 0.09 0.40 0.07 0.65 0.06 0.043* 0.44 0.06 0.98 0.67 0.75 0.74 0.046* 0.80 <.001* 0.86 0.42   
21 0.032* 0.49 0.72 0.81 0.23 0.042* 0.67 0.022* 0.99 0.045* 0.33 0.23 0.020* 0.67 0.15 0.13 0.32 0.22 0.12 0.06  
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The figure 2 shows the clusters in the estimated networks. Four clusters of 

strongly associated nodes were identified in each network. The clusters and respective 

nodes are shown in different colors. In the network for men, frailty is in the red cluster 

together with the variables deficit in ADL, falls and years of schooling. In the network 

for women, frailty is also in the red cluster, which in this case includes cardiometabolic 

variables such as diabetes, BMI and cardiovascular risk and psychological and 

satisfaction-related variables such as overall satisfaction with life, satisfaction with life 

in comparative terms, satisfaction with friendships and satisfaction with problem 

solving. In both networks the variable cognitive status remained separate from the 

other clusters as it had a very weak association with the other nodes (Figure 2). 
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Figure 2. Network clusters for older men (A) and older women (B).  FIBRA study, 
2008-2009. Abbreviations: ADL=Activities of Daily Living; MMSE=Mini-Mental 
State Examination; Sat.= Satisfaction; BMI= Body Mass Index. aEach cluster and 
the respective nodes are shown in different colors. 
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Discussion 

 

This is to our knowledge the first study to use network analysis for a 

comparative characterization of the factors associated with frailty in male and 

female older adults. This statistical tool enabled simultaneous interactions 

between different sociodemographic and physical and mental health variables to 

be observed and the way in which each variable participated in the network 

interaction model to be viewed separately for men and women in graphical form. 

The main findings were that years of schooling, falls and level of overall 

satisfaction with life were strongly associated with the syndrome in men while in 

women years of schooling, depression, diabetes and level of satisfaction with 

problem solving were associated with frailty. 

In both sexes, years of schooling was associated with frailty. This 

result agrees with the literature as population studies in developed (21) and 

developing (22, 23) countries have shown that years of schooling is associated 

with worse physical health in older adults. In Brazil, a cross-sectional study (24) 

with middle-aged and older adults of both sexes showed that fewer years of 

schooling was associated with a greater prevalence of the frailty phenotype. 

According to the authors, fewer years of schooling is associated with worse 

economic conditions, less access to health care, less healthy behavior and 

consequently worse health and the presence of disabling conditions.  

The variable falls was associated with frailty in men; this relationship 

may be a result of vulnerabilities specific to men. Indeed, it has been shown in 

the literature that low levels of the hormone testosterone in older men are 

associated with a loss of strength and muscle mass (25, 26) and that with 

increasing age loss of these muscle properties is associated with physical 

inactivity (27) and falls (28, 29). Furthermore, falls are known to be associated 

with vulnerabilities such as fractures, hospitalization, functional decline and 

reduced social activities in older adults (30), and frailty is also associated with 

these unfavorable health and social conditions. Irrespective of the metabolic 

causes of the increased number of falls in older adults and unfavorable outcomes, 

the results presented here do not mean that men fall more but rather that falls are 
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of greater importance in predicting frailty in men than in women; similarly, 

according to the model, depression and variables related to cardiovascular health 

are stronger predictors of frailty in women than in men.   

In the female network, the interaction between depression and frailty 

was strong and direct whereas in the male network this interaction was mediated 

by satisfaction with life. In fact, as depression and frailty share pathophysiological 

mechanisms and have similar clinical characteristics, such as weight loss, muscle 

weakness, reduced physical activity and exhaustion, the relationship between 

these two conditions in the older population was expected (31-33). This result 

agrees with reports in the literature on the association between depression and 

frailty in women. A longitudinal study (34) analyzed data for men and women 

aged 80 years or older and found during the four-year follow-up that the incidence 

of frailty assessed on the Clinical Frailty Scale increased significantly with age, 

depression and dementia and that the effect of these last two factors on the 

syndrome was statistically significant only in the female sample. According to the 

authors, the physical consequences of depression, which include muscle 

weakness, reduced physical activity and exhaustion, as well as their social 

consequences, such as fewer social ties and less social participation, may have 

caused these women to become isolated and frail. Lakey et al., 2012, (35) carried 

out a longitudinal analysis of data for women between the ages of 65 and 79 

years and found after three years of follow-up that depression was a risk factor 

for frailty.  

The variables overall satisfaction with life and satisfaction with problem 

solving were associated with frailty in the networks for men and women, 

respectively. Satisfaction with life is known not only to be an important component 

of subjective well-being and to represent an overall assessment of a person’s life, 

but also to be related to subjective and physical health (36). A cross-sectional 

study showed that older adults who were satisfied with life had better self-

reported health, good health, good self-care capacity and a greater level of 

physical activity (37). In contrast, individuals who were dissatisfied with life were 

more vulnerable, had worse health and were frail (38). A cross-sectional study 

(39) with individuals aged 60 years or older showed the relationship between 
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overall satisfaction with life and the frailty phenotype; however, the result was 

observed for both men and women, unlike in our analysis stratified by sex.  

In the networks for both sexes, BMI, cardiovascular risk defined by 

waist-to-hip ratio and diabetes were close and associated with each other; this is 

in agreement with the literature (40) and demonstrates the robustness of the 

network model described here. In the population used for the present study, 

diabetes was clearly more strongly associated with frailty in women than in men. 

A cross-sectional study with 7164 older adults found that diabetes and 

hypertension were associated with frailty as assessed on the Frailty Index; 

however, the population samples were not stratified by sex (41). Diabetes is in 

fact known to be prevalent among older adults and to be associated with health 

complications in this population such as cardiovascular and cerebrovascular 

disease (42) in particular. Diabetes has also been shown in the literature to be 

associated with sarcopenia (43, 44), dynapenia (45), microvascular 

complications and neuropathy (46) and to be a major risk factor for disability (47) 

in older men and women.   

The present study has a number of limitations, the first of these being 

the cross-sectional design, which prevents causality from being inferred. A further 

limitation is the low prevalence of frailty in our sample since, just as in a study 

based on data from the Cardiovascular Health Study (1), we excluded individuals 

with poor cognitive performance. This resulted in a lower percentage of frail 

individuals, unlike a previous study with Brazilians aged 65 years or older in which 

individuals with poor cognitive performance were not excluded and 16.2% of the 

sample were frail (24). The design of the present study emphasizes analysis of 

the physical dimension of frailty but does not provide results about the cognitive 

dimension. 

Another limitation is that the network for men is based on a much 

smaller number of participants, which probably resulted in a network structure 

with inferior performance in the tests to determine the accuracy of inferences and 

the stability of the centrality measures compared with the network for women. 

Caution must therefore be exercised when interpreting relationships in the 

network for men. However, the LASSO penalty used in this study allowed 
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networks with a reliable number of parameters to be estimated even though there 

were fewer connections because of the smaller number of observations. With the 

LASSO penalty, a relatively small number of connections is sufficient to explain 

the covariance between the variables (19).  

A positive aspect of the study is that we used MGM, a robust statistical 

tool that allowed the association between different types of variables and the way 

in which these variables interact with frailty in male and female population 

samples to be investigated simultaneously. We also compared the two estimated 

networks formally rather than merely visually with the aid of network comparison 

statistics and observed which interactions were statistically different in these 

statistical models. A further positive aspect of the study is that we were able to 

measure the predictability of each node and observed, using the results for the 

predictive indices, that frailty was predicted by other nodes in the models. It was 

also possible to estimate the dimensions of the network structures, and we 

observed that in men frailty was in a physical and social dimension composed of 

the variables deficit in ADL, falls and years of schooling while in women the 

syndrome was in a cardiometabolic and psychological dimension consisting of 

the variables diabetes, cardiovascular risk, BMI, components of satisfaction with 

life, depression and memory problems. Many of the associations identified in our 

network analysis have already been shown with more classical statistical 

methodologies. This shows the consistency of the model and allows the way in 

which the different dimensions of frailty interact according to sex, i.e., the weight 

of these dimensions in the prediction of frailty, to be visualized. Future studies 

could investigate the role of the cognitive dimension and use longitudinal data 

and the network methodology to establish causal relationships. 

In conclusion, there are differences between the factors associated 

with the frailty phenotype in community-dwelling older men and women. These 

results are important to ensure that health strategies for the prevention and 

treatment of frailty are better targeted and take into account the particularities of 

each sex. 
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Supplementary Figure S1. Flowchart for the study sample. FIBRA study, 2008-2009. 
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Supplementary Figure S2 shows the centrality measures closeness, 

betweenness and strength for the estimated networks, and Supplementary Table 

S1 shows the respective standardized values of these measures. Of all the 

variables in the study, frailty, years of schooling, overall satisfaction with life, 

satisfaction with life in comparative terms, satisfaction with friendships and 

satisfaction with problem solving have the largest values of the three centrality 

measures in both networks (measures > 0.500), i.e., these nodes are important 

in the network structures. However, it should be noted that the variable falls only 

had the largest values of the three centrality measures in the network for males 

(> 0.500) (Supplementary figure S2 and Supplementary Table S1).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary Figure S2. Closeness, betweenness and strength centrality 
measures for the networks of factors associated with frailty in older male and 
female adults.  FIBRA study, 2008-2009. Abbreviations: ADL=Activities of Daily 
Living; MMSE=Mini-Mental State Examination; Sat.= Satisfaction; BMI= Body 
Mass Index. aX-axis: Standardized values of the centrality measures in z-score.
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Supplementary Table S1. Standardized values of the centrality measures 
closeness, betweenness and strength for the networks of factors associated with 
frailty in males and females. FIBRA study, 2008-2009. 
 
 

 

 

 

Note: Activities of Daily Living (ADL); Mini-Mental State Examination (MMSE); Satisfaction 

(Sat.); Body Mass Index (BMI). aVariables with centrality measures > 0.500 are shown in bold. 

 

 

 

 

 

 

 

 

 

 

 

 Male  Female 

Variables Closeness Betweenness Strength  Closeness Betweenness Strength 

Diabetes -1.228 -0.872 -1.063  -0.031 -0.603 -0.518 
Osteoporosis  0.033 -0.101 0.055  -1.149 -0.681 -0.913 
BMI -1.027 -0.872 -0.969  -1.320 -0.525 -0.978 
Urinary incontinence 0.467 0.670 0.611  -0.709 -0.055 -0.005 
Deficit in ADL, % 0.152 -0.004 0.020  -0.759 -0.055 -0.269 
Falls 1.315 0.573 1.097  -0.145 -0.603 -0.122 
Cardiovascular risk -0.219 0.091 -0.170  -1.214 -0.525 -0.769 
Depression -0.142 -0.968 -0.238  0.899 -0.368 0.387 
Memory problems -1.006 -0.968 -0.967  -0.137 -0.055 -0.528 
Overall sat. with life 1.216 1.538 1.596  1.223 0.569 1.923 
Sat. with life in comparative terms 1.227 0.766 1.225  0.941 -0.368 1.220 
Sat. with friendships  1.574 -0.293 1.397  1.340 -0.134 0.995 
Sat. with problem solving 1.437 1.441 1.443  1.681 1.742 1.319 
Sleep problems -0.749 -0.968 -0.655  -1.275 -0.681 -1.073 
MMSE score -1.723 -0.968 -1.837  -1.465 -0.681 -2.313 
Monthly personal income -0.355 0.477 -0.290  0.485 0.726 0.271 
Monthly household income -0.580 -0.679 -0.707  0.211 -0.212 0.249 
Years of schooling 0.624 2.406 0.682  1.405 3.541 1.218 
Living with spouse -0.436 -0.968 -0.478  -0.122 -0.055 0.097 
Income sufficiency -1.313 -0.968 -1.342  -0.413 -0.681 -0.708 
Frailty 0.834 0.670 0.601  0.554 -0.290 0.520 
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Supplementary Figure S3 shows the stability of the centrality 

measures betweenness, closeness and strength for the networks for older men 

(A) and older women (B). The X-axis shows the number of people in the study 

sample expressed as a percentage of the original sample, and the Y-axis the 

mean correlation between the reduced sample and the original sample. For both 

networks, the greater the percentage of people in the sample, the greater the 

mean correlation of the centrality measures. In the case of men, after the 

percentage of individuals in the sample was reduced to less than 40% of the 

original sample, there was a significant reduction in the mean correlation of the 

betweenness and closeness centrality measures. These measures had the 

largest confidence intervals, suggesting that the values for betweenness and 

closeness are less stable. In the case of women, the mean correlation between 

the centrality measures decreased less markedly as the sample size decreased; 

furthermore, the confidence intervals are smaller, suggesting that the centrality 

measures are more stable (Supplementary Figure S3). 
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Supplementary Figure S3. Stability of the centrality measures for the networks for 
older men (A) and older women (B). FIBRA study, 2008-2009. 
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Supplementary Figure S4 shows the confidence intervals around the 

weights of each edge in the networks for older men (A) and older women (B). The X-

axis shows the edge weights between nodes. The name of each edge has been 

removed from the Y-axis to avoid visual clutter because of the large number of 

resamplings. The black lines correspond to the edge weights after resampling. The 

gray lines show the confidence intervals around the edge weights. The black lines 

exhibit similar behavior and move away from 0 as the sampling process progresses. 

The gray areas show small confidence intervals around the mean edge weights; the 

confidence intervals are smaller in the graph for women, indicating that this network is 

accurate (Supplementary Figure S4). 
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Supplementary Figure S4. Confidence intervals around the edge weights in the 
networks for older men (A) and older women (B). FIBRA study, 2008-2009. 
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Supplementary Table S2. The study variables included in the network analysis. 
FIBRA study, 2008-2009. 
 

 

Note: ADL=Activities of Daily Living; MMSE=Mini-Mental State Examination; Sat.=Satisfaction; 
BMI=Body Mass Index. 
 

 

Variable Node number Type of variable        Categories 

Diabetes  1 Dichotomous  0- no  
1- yes 

Osteoporosis  2 Dichotomous  0- no  
1- yes 

BMI  3 Continuous numeric ------- 

Urinary incontinence   4 Dichotomous 0- no 
1- yes 

Deficit in ADL 5 Dichotomous  0- No deficit  
1- Deficit  

Falls 6 Ordinal  No falls 
1- One fall 
2- Two or more falls 

Cardiovascular risk   7 Ordinal 0- low 
1- moderate 
2- high 

Depression 8 Dichotomous  1- no depression  
2- depression 

Memory problems  9 Dichotomous  0- No 
1- yes 

Overall sat. with life 10 Ordinal 0- very 
1- more or less satisfied 
2- not very satisfied 

Sat. with life in comparative terms 11 Ordinal  0- very 
1- more or less satisfied 
2- not very satisfied 

Sat. with friendships 12 Ordinal 0- very 
1- more or less satisfied 
2- not very satisfied 

Sat. with problem solving 13 Ordinal 0- very 
1- more or less satisfied 
2- not very satisfied 

Sleep problems 14  Dichotomous  0- no  
1- yes 

MMSE score 15 Discrete numeric ------- 

Monthly personal income 16 Continuous numeric  ------- 

Monthly household income 17 Continuous numeric  ------- 

Years of schooling 18 Ordinal 0- Illiterate  
1- 1 to 4 years 
3- 5 to 8 years 
4- 9 years or older 

Living with spouse  19 Dichotomous 0- no 
1- yes 

Income sufficiency  20 Dichotomous 0- yes 
1- no 

Frailty Classification 21 Ordinal 0- non-frail 
1- pre-frail 
2- frail 
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5.DISCUSSÃO  
 

Esta pesquisa demonstrou conceitos teóricos da análise de redes, bem 

como investigou por meio desta técnica estatística as relações entre fatores sociais, 

físicos, psicológicos com o fenótipo fragilidade em uma amostra de idosos residentes 

na comunidade. Utilizando modelos de redes este estudo também realizou uma 

análise comparativa dos fatores associados à fragilidade em pessoas idosas do sexo 

masculino e feminino.  

Nos últimos anos, houve um aumento do número de pesquisas que 

utilizaram a análise de redes como ferramenta estatística exploratória para investigar 

as relações complexas entre doenças crônicas na população (108). Contudo, poucos 

estudos concentraram seus esforços em demonstrar conceitos teóricos desta técnica 

utilizando uma linguagem acessível, para todos os níveis de conhecimento em 

estatística, assim sendo, um dos direcionamentos da presente pesquisa foi abordar 

questões metodológicas da análise de redes.  

Pelo nosso conhecimento, este é o primeiro estudo no Brasil que reuniu 

temas como histórico da ciência das redes; características e elementos dos gráficos; 

modelos de redes de correlação, correlação parcial e MGM; medidas de centralidade 

e softwares e pacotes estatísticos disponíveis para elaboração da análise de redes. 

Esta pesquisa também citou estudos da área da saúde que utilizaram as redes e um 

deles foi selecionado para demonstrar, como se interpreta os modelos do tipo MGM e 

medidas de centralidade.  

O presente estudo também comparou os modelos de redes com modelos 

estatísticos mais tradicionais, os quais são frequentemente utilizados em pesquisas 

sobre o envelhecimento. Enquanto que na regressão múltipla tem-se o objetivo de 

simplificar a estrutura dos dados, a fim de buscar uma solução simples com modelos 

ajustados, nas redes é possível estuda-los em sua complexidade. Na regressão 

múltipla, o aumento do número de variáveis independentes reduz o poder estatístico 

do modelo e a colinearidade entre as variáveis de imput interfere negativamente na 

performance do modelo. Por outro lado, nas redes quanto maior o número de variáveis 

mais parâmetros estimados, e mais informações a serem estudadas sem 

comprometer o poder estatístico do modelo. A colinearidade entre as variáveis, não é 

um motivo de problema nos modelos de redes, visto que fenômenos biológicos não 
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dependem da interação de diferentes domínios que podem se relacionar fortemente 

entre si, resultando em estruturas gráficas complexas com alta colinearidade. Por 

último, diferente dos modelos de regressão com as redes é possível analisar mais de 

um desfecho simultaneamente (109, 110).   

Os modelos de Análise de Componentes Principais (ACP) e Análise 

Fatorial Exploratória (AFE), tem por objetivo reduzir um conjunto de variáveis em um 

número menor de componentes e fatores (111). Na análise de redes, o pesquisador 

pode explorar as interrelações entre variáveis sem reduzi-la. Os nodos que estão 

próximos e fortemente relacionados entre si formam clusters ou dimensões latentes 

(84).  

Os clusters e as dimensões latentes são semelhantes às variáveis latentes 

da MEE. Contudo, em MEE comumente as variáveis observáveis são causadas ou 

influenciadas por variáveis latentes, sendo assim as variáveis latentes explicam a 

covariância entre as variáveis observáveis, caracterizando um modelo reflexivo que 

explica uma teoria de causa comum. Por outro lado, nas redes os clusters e 

dimensões latentes emergem das relações entre os nodos e a covariância entre os 

nodos é resultado das próprias interações em pares entre eles (112).  

Esta pesquisa teve como foco o estudo da relação entre fatores sociais, 

físicos psicológicos e psicossociais com a fragilidade, compreendendo que a síndrome 

é dependente de determinantes que podem interagir entre si formando estruturas de 

redes complexas e diferentes dimensões latentes sociais, físicas e psicossociais dos 

dados, e portanto, esta hipótese não poderia ser abordada com modelos estatísticos 

como regressão, ACP, AFE e MEE que limitam-se à simplificação estrutural dos dados 

ou modelos reflexivos.  

Os achados da presente pesquisa são relevantes no âmbito do 

conhecimento da análise de redes, como ferramenta estatística exploratória que 

possui algumas vantagens em relação às outras técnicas, como também na 

possibilidade de utilizar os modelos de redes no estudo da fragilidade em sua 

concepção multidimensional e multifatorial. 

Utilizando o modelo de redes de correlação parcial foi observado que, na 

amostra total de idosos, a fragilidade esteve mais fortemente relacionada com 

diabetes e este achado é concordante com a literatura. Um estudo longitudinal com 

idosos residentes na comunidade mostrou que, os robustos portadores de diabetes e 
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que apresentaram níveis elevados de hemoglobina glicada (HbA1c) no baseline, se 

tornaram mais vulneráveis em saúde e frágeis após 10 anos de seguimento (113).  

Ainda em relação à rede de correlação parcial com amostra total, a 

fragilidade manteve proximidade com fatores físicos como incapacidade funcional e 

incontinência urinária. Com o avançar da idade, ocorre o declínio da massa muscular 

e desenvolvimento da sarcopenia, fatores os quais estão relacionados com perdas 

funcionais na população idosa (114). A respeito da relação entre fragilidade e 

incontinência urinária, este achado também é concordante com a literatura, uma vez 

que, um estudo transversal analisou dados de idosos com 80 anos ou mais e 

demonstrou a associação entre estas síndromes geriátricas (115).  

A depressão foi um fator importante relacionado com a fragilidade na 

amostra total de idosos. Em verdade, ambas as condições podem apresentar vias 

fisiopatológicas comuns e possuem características clínicas semelhantes que 

robustecem esta relação. A literatura ressalta que, idosos frágeis e depressivos 

apresentam níveis elevados de IL-6 e tanto a depressão quanto a fragilidade estão 

associadas com o declínio na força muscular e inatividade física (116). Outro aspecto 

clínico importante é que a exaustão é um critério diagnóstico da depressão e da 

fragilidade (17, 59).  

Quando os modelos de redes foram estimados, com amostras 

estratificadas por sexo, notou-se que nos homens a fragilidade esteve relacionada 

com escolaridade, satisfação global com a vida e quedas, enquanto que nas mulheres 

além da escolaridade, as variáveis satisfação com a capacidade de resolver as coisas, 

depressão e diabetes estiveram fortemente relacionadas com a síndrome. Estes 

resultados servem de caracterização da fragilidade em amostras com diferenças 

sociais e de saúde, como idosos do sexo masculino e feminino.  

É sabido que nos homens, aspectos comportamentais como relutância 

quanto à procura de assistência em saúde, não aderência medicamentosa, tabagismo 

e alcoolismo e fatores clínicos como quedas e redução da mobilidade associam-se ao 

pior estado de saúde e consequentemente podem resultar no surgimento da síndrome 

de fragilidade (39, 86, 117). Por outro lado, nas mulheres a maior prevalência de doenças 

crônicas, incapacidade, condições neurológicas e psicológicas como Alzheimer e 

depressão, e menor nível de escolaridade foram fatores que estiveram relacionados 

à fragilidade (86).  
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No presente estudo, somente a associação entre escolaridade e fragilidade 

esteve presente nos homens e nas mulheres. A escolaridade mantém relação 

importante com fatores clínicos, dentre eles a presença de doenças crônicas e 

incapacidade, nos idosos de ambos os sexos (118). Nos países em desenvolvimento, 

as pessoas idosas comumente relatam poucos anos de estudo, e a inserção desta 

variável nos modelos estatísticos que investigam o desfecho fragilidade torna-se 

relevante (119). Um estudo transversal analisou idosos brasileiros e demonstrou a 

associação entre o menor nível de escolaridade e o fenótipo de fragilidade. Segundo 

os autores, na população idosa o menor nível educacional associa-se com piores 

condições econômicas, menor acesso aos serviços de saúde, comportamento menos 

saudável e consequentemente pior estado de saúde (3).   

Nos idosos do sexo masculino, a fragilidade esteve mais fortemente 

associada com quedas. Este achado pode ser explicado por condições fisiológicas e 

biológicas, específicas do sexo masculino. Nos homens, a redução do hormônio 

testosterona está associada com a perda de massa e força muscular (120, 121), logo, 

estas alterações nas propriedades musculares associam-se à redução da atividade 

física e quedas nos idosos. As quedas, estão associadas aos desfechos negativos em 

saúde como fraturas, hospitalização, incapacidade de realizar atividades avançadas 

de vida diária (122). Independente das causas metabólicas das quedas e problemas 

decorrentes, é importante ressaltar que neste estudo o modelo de redes apenas 

demostrou que quedas foi um fator importante na predição de fragilidade nos homens.  

Na rede com amostra do sexo feminino, a depressão foi um fator associado 

à fragilidade. Um estudo longitudinal analisou os dados de idosos de ambos os sexos 

com 80 anos ou mais. Após o seguimento de quatro anos, foi observado que a 

incidência de fragilidade foi maior com o avançar da idade em homens e mulheres, 

sobretudo, o efeito da depressão e demência sobre a síndrome foi estatisticamente 

significativo somente entre as idosas (9). Uma outra pesquisa longitudinal, porém, 

somente com mulheres idosas demonstrou que a depressão foi um fator de risco para 

fragilidade em um seguimento de três anos (123).  

  Nas mulheres, diabetes e fragilidade também estiveram fortemente 

relacionados. O diabetes é uma condição prevalente entre os idosos e associa-se a 

doença cardiovascular e cerebrovascular (124). Sabe-se que na população idosa o 

diabetes também está associado com sarcopenia (125), dinapenia (126), complicações 
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microvasculares e neuropatia (127), bem como é um fator de risco para incapacidade 

funcional (128). Um estudo longitudinal, demonstrou que os idosos diabéticos 

apresentaram maior risco para fragilidade em comparação com os não diabéticos. Ser 

mulher, viver em áreas urbanas, apresentar aumento da circunferência abdominal, 

realizar menos tarefas domésticas e utilizar medicamentos antidiabéticos foram 

fatores de risco independentes para a síndrome, nos grupos de pré-diabéticos e 

diabéticos (129).  

Entre os homens, a variável satisfação global com a vida esteve associada 

com fragilidade, enquanto que nas mulheres a satisfação com a capacidade de 

resolver as coisas esteve relacionada com a síndrome. A satisfação com a vida é um 

componente do bem-estar subjetivo e representa a avaliação global da vida de uma 

pessoa e relaciona-se com a saúde subjetiva e física (64). Um estudo transversal 

demonstrou que idosos de ambos os sexos satisfeitos com a vida, avaliaram a própria 

saúde como boa, apresentaram bom estado de saúde, boa capacidade de 

autocuidado e maior nível de atividade física (130). Por outro lado, um outro estudo 

transversal demonstrou que idosos de ambos os sexos insatisfeitos com a vida eram 

mais vulneráveis, apresentaram pior estado de saúde e eram frágeis (131).  

Este estudo possui algumas limitações, sendo a primeira delas relacionada 

com o artigo científico sobre aspectos teóricos da análise de redes que, embora seja 

pioneiro na área de geriatria e gerontologia no país, não abrangeu toda teoria sobre o 

método estatístico em questão. Vale lembrar que alguns conceitos dos modelos de 

redes estão em constante evolução.  

A respeito das limitações dos artigos científicos sobre fragilidade, destaca-

se a baixa prevalência da síndrome como resultado da exclusão dos idosos com baixo 

desempenho cognitivo. Como na pesquisa realizada com os dados do Cardiovascular 

Health Study(2), nossa amostra era composta de idosos com melhores condições de 

saúde. Além disso, ambas os artigos com amostra total e estratificada por sexo, foram 

transversais e não podemos inferir relações de causa e efeito entre as variáveis em 

estudo. Um estudo longitudinal deve ser realizado para investigar os múltiplos 

preditores sociais, físicos e psicológicos de fragilidade, utilizando modelos de redes. 

Por fim, a rede com idosos do sexo masculino obteve um menor número de 

observações e por esta razão pode ter apresentado performance inferior nos testes 

de estabilidade e acurácia em comparação com as redes de idosas. Sendo assim, 
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deve-se ter cautela ao interpretar os resultados das associações e predições na rede 

do sexo masculino.  

Como aspectos positivos, o presente estudo abrangeu a metodologia de 

uma ferramenta estatística ainda pouco utilizada nos estudos da área do 

envelhecimento, e utilizou as redes a fim de explorar as relações com fragilidade. 

Destaca-se também que na rede com amostra do sexo masculino, a fragilidade esteve 

em uma dimensão física e social, ou seja, fortemente conecta e próxima com as 

variáveis funcionalidade, quedas e escolaridade. Na amostra de idosas, a fragilidade 

esteve em uma dimensão cardiometabólica e psicológica, sendo fortemente 

conectada às variáveis diabetes, risco cardiovascular, IMC, componentes de 

satisfação com a vida, depressão e problemas de memória. Por fim, foi possível testar 

a estabilidade e acurácia das inferências de redes com testes estatísticos robustos 

que compreenderam o processo de reamostragem, assim como comparar as redes 

com fatores associados à fragilidade em homens e mulheres.  
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6.CONSIDERAÇÕES FINAIS 
 

Existem poucos estudos sobre os aspectos teóricos da análise de redes no 

país. Espera-se que pesquisas futuras utilizem os modelos de redes aqui 

demonstrados, para explorar as relações entre variáveis sociais, físicas e psicológicas 

na população idosa. Ademais, os resultados apresentados sugerem que a fragilidade, 

em seu aspecto multidimensional e multifatorial é caracterizada por diferentes fatores 

que interagem entre si e, portanto, servem como direcionamento para profissionais e 

pesquisadores da área do envelhecimento, no que se refere a estratégias de 

prevenção e tratamento desta síndrome, considerando ainda as particularidades dos 

idosos do sexo masculino e feminino.  
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ANEXOS 
 

Anexo 1.  Protocolo de coleta de dados do estudo FIBRA (200 a 2009) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



136 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



137 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



138 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



139 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



140 
 
 

 

 

 

 

 

 

 

 

 



141 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



142 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



143 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



144 
 
 

 

 

 

 



145 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



146 
 
 

 

 



147 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



148 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



149 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



150 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



151 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



152 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



153 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



154 
 
 

 

Anexo 2. Parecer do Comitê de Ética da Faculdade de Ciências Médicas da 

UNICAMP, para o presente projeto de pesquisa, submetido como adendo ao projeto 

“Rede FIBRA- Fragilidade em Idosos Brasileiros”. 
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Anexo 3. Autorização artigo 1. 
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Anexo 4. Autorização do artigo 2. 
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Anexo 5. Comprovante de submissão do artigo 3. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


