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Resumo

NEISSE, Anderson Cristiano, M.Sc., Universidade Federal de Vicosa, fevereiro de 2020.
Sindrome da Fadiga Croénica e Absenteismo: Estudo de trabalhadores em tur-
nos comparando Stepwise e Elastic-Net. Orientador: Fernando Luiz Pereira de Oli-
veira.

Caracterizada por fadiga persistente, dor muscular, dificuldades cognitivas e de sono, a
Sidrome da Fadiga Cronica (CFS) tem se tornado comum nas praticas clinicas nas ultimas
décadas desde sua recente definicao, em 1988. Estudos resultantes da continua busca por
fatores relacionados a CFS citam, dentre outros: sono irregular/insatisfatorio, estresse psi-
cologico, disfuncao hormonal, deficiéncia de nutrientes, disfungao imunolégica e infecgoes.
Em condicoes de trabalho de risco o desenvolvimento da CFS pode aumentar a chance de
acidentes fatais, tal como o trabalho em turnos na area de mineracao que naturalmente ja
possui fatores evidentemente relacionados a CFS. Estudos indicam que individuos com m4
qualidade de sono e ciclos circadianos irregulares tém risco elevado de CFS, neuroticismo
e absenteismo. Uma vez que modelagem preditiva pode se mostrar efetiva tanto na pre-
vencao da fadiga quanto na detecgao de fatores, este estudo tem o objetivo de utilizar de
regressao logistica ajustada por meio de dois métodos de selegao/regularizacao (Stepwise
e Flastic-Net) para procurar modelo que descreva a relagiao entre variaveis bioquimicas e
antropomeétricas com o absenteismo. Desta forma, por meio do absenteismo e utilizando
de efeitos encontrados na bibliografia, o objetivo é procurar evidéncia de relacdo entre
a CFS e absenteismo. Os resultados obtidos mostram indicios de relagao do colesterol
total, HDL, LDL e Triglicerideos com o risco de absenteismo, relacao também presente
para as variaveis de sodio e potéassio. Com excecdo ao potéssio, todas as variaveis também

possuem relacao similar com a CFS, de acordo com a literatura.

PALAVRAS-CHAVE:

Sindrome da Fadiga Cronica. Biometria. Regressao Logistica. Elastic-Net.



Abstract

NEISSE, Anderson Cristiano, M.Sc., Universidade Federal de Vicosa, February 2020. Ch-
ronic Fatigue Syndrome and Absenteeism: A study of shift workers comparing
Stepwise and Elastic-INet. Adviser: Fernando Luiz Pereira de Oliveira.

Characterized by persistent fatigue, muscle pain, cognitive impairment and sleep difficul-
ties, Chronic Fatigue Syndrome (CFS) has become common in clinical practices in recent
decades due to its recent definition, in 1988. Studies resulting from the continuous search
for related factors to CFS mention, among others: irregular /unsatisfactory sleep, psycho-
logical stress, hormonal dysfunction, nutrient deficiency, immunological dysfunction and
infections. In risky working conditions, the development of CFS might increase the chance
of fatal accidents, such as shift work in mines, which presents naturally some factors that
are related to CFS. Studies indicate that individuals with poor sleep quality and irregular
circadian cycles are at high risk for CFS, neuroticism and absenteeism. Since predictive
modeling can be effective both in preventing fatigue and detecting its factors, this study
aims to use logistic regression using two selection/regularization methods (Stepwise and
Elastic-Net) to look for a model that describes the relationship between biochemical and
anthropometric variables with absenteeism. Thus, through absenteeism and using effects
found in the bibliography, the objective is to look for evidence of a relationship between
CFS and absenteeism. Results show evidence of relationship between total cholesterol,
HDL, LLDL and triglycerides with the risk of absenteeism, relation which is also present
for the sodium and potassium variables. With the exception of potassium, all variables

had similar relationship with CFS, according to the literature.

KEYWORDS:

Chronic Fatigue Syndrome. Biometrics. Logistic Regression. Elastic-Net.
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1 Introducao

A Sindrome da Fadiga Cronica (CFS), ou Encefalomielite mialgica, ¢ uma sindrome
que tém sido comum nas préaticas clinicas das tltimas décadas (Afari e Buchwald, 2003).
Estudo epidemioléogico conduzido por Jason et al. (1999) estimou a prevaléncia de CFS
de 410 por 100.000 individuos, o que sugere uma prevaléncia de 1 milhao de individuos
somente nos Estados Unidos. Outro estudo de Jason e Njoku (2005) estimou que por
volta de 850 mil americanos sofram da sindrome. A CFS foi definida pela primeira vez
em 1988 pelo United States Center for Disease Control and Prevention (CDC) de forma
a padronizar sua caracterizacdo para estudos epidemiologicos (Holmes et al, 1988). Hou-
veram diferentes revisdes da defini¢do de caso da CFS desde entao (Williams et al, 2014).
De acordo com Fukuda et al. (1994) um caso de CFS deve apresentar fadiga cronica per-
sistente ou relapsante por mais de 6 meses acompanhada da ocorréncia de 4 ou mais dos
sintomas: Problemas de concentragao ou memoria, dor de garganta, ganglios linfaticos sen-
siveis, dor muscular, dor articular, dor de cabeca, sono inefetivo e mal-estar pos-esforco.
Apesar de seu uso pela maioria da comunidade académica, ha criticas ao fato de o crité-
rio nao demandar presenca de sintomas de importancia no diagndstico como o mal-estar
pos-esforco, requerindo quaisquer 4 dos 8 sintomas listados (Williams et al, 2014). A defi-
ni¢ao de caso mais utilizada atualmente, proposta pelo United States Center for Disease
Control and Prevention (CDC) em 2015, requer fadiga profunda persistente por mais de
seis meses necessariamente acompanhada de mal estar pos-esforgo, sono nao reparador e

dificuldade cognitiva.

Os fatores que contribuem para o desenvolvimento de CFS ainda sao estudados pela
comunidade académica, dentre eles estao: sono irregular/insatisfatorio, estresse psicolo-
gico, disfuncoes hormonais, deficiéncia de nutrientes, disfucoes imunologicas e infeccoes.

Em pesquisa realizada com enfermeiras, Samaha et al. (2007) identificou qualidade de
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sono como um fator que contribui significativamente para a CFS. Em um estudo de
espectometria de massa realizado por Naviaux et al. (2018), 45 pacientes com CFS apre-
sentaram niveis alterados de fosfolipidios, colesterol, aminoacidos ramificados, vitaminas
e metabolitos mitocondriais. Segundo Litleskare et al. (2018) a prevaléncia de CFS apos
10 anos de ocorréncia da infeccao Giardiase foi de 2,22 a 4,08 vezes maior do que no grupo
de controle. Estudo caso-controle realizado por Nagy-Szakal et al. (2018) revelou niveis
baixos de betaina e lipidios complexos assim como niveis elevados de triglicerideos e feni-
lacetilglutamina em individuos com CFS quando comparados com os de controle. Existe
evidéncia de relacao entre CFS e a sindrome metabdlica, que inclui hipertensao arterial,
niveis elevados de agtcar no sangue, gordura em torno da cintura e niveis anormais de
colesterol (Maloney et al., 2010). Ha indicios de baixos niveis de nutrientes em individuos
com CFS, como vitamina C, vitamina B, s6dio, magnésio, acido folico, acidos graxos que
também parecem ter importancia na severidade da CFS (Bjorklund et al., 2019). Segundo
Bou-Holaigah et al. (1995), existe rela¢do significativa entre a CFS e hipotensao mediada
neuralmente, seu tratamento que inclui consumo moderado de s6dio se mostrou eficiente
em reduzir sintomas da CFS em uma parcela de individuos. Os esforgos para definir mar-
cadores eficientes para a CFS claramente estao em andamento, isso se deve em por sua
importancia ter sido reconhecida recentemente. Segundo Kennedy et al. (2010) a quali-
dade de vida de criancas com CFS se compara & de criancas com diabetes mellitus tipo 1

ou asma.

Trabalhadores em turnos sao naturalmente mais sucetiveis ao desenvolvimento da
CFS devido aos habitos inusuais de sono e descanso. De acordo com Costa (2010) o tra-
balho em turnos noturnos ¢ uma das condi¢oes mais estudadas, pois perturba o ciclo de
sono e modifica o padrao de descanso, resultando em estresse significativo na regulagem
dos ritmos circadianos biologicos de humanos, seres naturalmente diurnos. Estudo reali-
zado por Shen et al. (2005) detectou correlacdo positiva com frequéncia de trabalho em
turnos e intensidade da fadiga sentida pelos individuos. A alteracdo dos ritmos circadi-
anos de funcoes corporais é responsavel pela sindrome de "shift-lag", caracterizada por
sentimentos de fadiga, sonoléncia, insonia, dificuldades digestivas, irritabilidade, menor
agilidade mental e performance reduzida (Costa, 2010). Em condigoes de trabalho de
risco o desenvolvimento da CFS pode aumentar a chance de acidentes fatais. Resultados

de modelagem de equagoes estruturais realizada por Useche et al. (2017) em dados de
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motoristas encontrou relacao significativa entre presenca de fadiga e comportamentos de
risco na condugao de 6nibus. O trabalho em turnos alternados da industria de mineracao,
além de se enquadrar neste cenario também apresenta naturalmente os fatores de sono

irregular /insatisfatorio e estresse psicologico.

Tendo em vista a severidade de sintomas da CFS e suas implicagoes na vida social e
profissional, esforcos para sua efetiva prevencao tém sido feitos, além de sua caracteriza-
¢a0. De acordo com Murphy et al. (2011), modelagem preditiva pode ser uma ferramenta
efetiva na prevengao da CFS. Em um estudo realizado por Huang et al. (2007) trés méto-
dos de classificacao foram comparados na predicao de CF'S utilizando de dados genéticos,
onde o nayve bayes atingiu 0.7 de area abaixo da curva ROC (AUC). Buscando fatores
de relevancia para fadiga em portadoras de cancer de mama, Servaes et a (2002) utilizou
de regressao linear para examinar a contribuicao de fatores fisicos, psicoldgicos, sociais e
cognitivos na severidade da fadiga das pacientes. Com &rvores de decisao, Bronikowski
et al. (2011) obteve 71.88% de acurécia predizendo CFS com base em respostas a um

questionario médico aplicado a uma comunidade em um estudo sobre fadiga cronica.

Trabalhadores em turnos frequentemente reclamam de irritabilidade, ansiedade e con-
di¢oes de trabalho estressante. Déficit de sono e alteracao persistente do ritmo cirdadiano
pode levar a CFS, neuroticismo, ansiedade cronica e/ou depressao, aumentando risco de
absenteismo e necessidade de medicamentos psicotropicos (Cole et al., 1990; Colquhoun
et al., 1996; Nakata et al., 2004). No intuito de buscar evidéncias que permitam auxi-
liar na prevencao da CFS e procurar fatores relacionados, este trabalho propoe o estudo
de seu risco relacionando variaveis bioquimicas e antropométricas com o absenteismo de

trabalhadores em turnos da inddstria de mineracao.

1.1 Objetivos

Este trabalho visa contribuir para o corpo de evidéncias de potenciais fatores e obter
modelo de predicao do risco de CEF'S por meio do absenteismo. Desta maneira contribuindo
para o esfor¢co da comunidade académica caracterizacao da CFS e seus fatores causado-

res, em busca de maneiras eficientes de sua prevencao e tratamento. Dentre os objetivos
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especificos, estao:

e Comparar diferentes modelos para predicao de absenteismo;
e Obter modelo de predicao do absenteismo com melhor desempenho;

e Explorar fatores relacionados ao absenteismo e relaciona-los a CFS.

1.2 Organizacgao

O restante desta dissertacao esté organizada conforme se segue.

Para auxilio do leitor, a proxima secao apresenta a revisao bibliografica do referencial
teorico que serd 1til no entendimento das analises feitas. A secao trés apesenta uma breve
introducao dos dados utilizados e, tendo feito a revisao metodologica, da abordagem de
andlise utilizada. Por fim, na segunda parte, a secao 4 traz o artigo redigido com os

resultados e discussoes da anélise, assim como consideragoes, forcas e limitacoes.
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2  Referencial te6rico

2.1 Dados faltantes

Dados faltantes tém sido um problema para pesquisadores desde o inicio da pesquisa
em campo, maior parte deste problema se deve ao fato de que os procedimentos analiticos
utilizados, muitos dos quais foram desenvolvidos no comeco do século 20, foram desen-
volvidos para dados completos (Graham, 2009). E um problema comum na maioria da
pesquisa cientifica, dentre elas biologia e medicina, podendo surgir a partir de amostras
mal manuseadas, erros de medidas, nao-resposta ou valores aberrantes que necessitam
ser deletados (Schmitt et al., 2015). Nao é incomum pesquisadores removerem casos com
dados faltantes da anélise, o que é chamado de método ou andlise de casos completos,
mas este tipo de andlise pode introduzir viés de acordo com a natureza do fenémeno
que resultou nos dados faltantes (Sterne et al., 2009). De acordo com Rubin (1976) os

mecanismos de dados faltantes podem ser classificados em trés perfis:

e MAR: Padrao dos dados faltantes é dito somente aleatério, ou missing at random
(MAR). Neste caso o fato de os dados estarem faltando pode ter relagdo com os dados

observados, mas nao pode ter nenhuma dependéncia em dados nao observados;

e MCAR: Dados que estejam faltando com padrao completamente aleatorio, ou mis-
sing completely at random (MCAR). Neste caso o fato de haverem dados faltantes

nao pode ter dependéncia com os dados, sejam eles observados ou nao;

e MINAR: O padrao nao é aleatorio ou missing not at random (MNAR). Este meca-

nismo implica que os dados dependem pelo menos de dados nao observados.

Como Graham (2009) enfatiza, “mecanismo” nao esta relacionado necessariamente
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com mecanismos causais, no sentido estatistico procura-se mais por descrever o compor-
tamento dos dados faltantes. Em dados faltando com padrao MCAR, pode-se pensar nos
casos com dados faltantes como uma amostrra aleatoéria do banco de dados. J4 a palavra
random no termo MAR quer dizer que, uma vez que os dados faltantes sejam condicio-
nados a todas as varidveis observadas seu padrao serad aleatorio. Por fim, o MNAR nao
obtém padrao aleatério mesmo que o condicionamento aos dados observados seja feito,
mas este diagnoéstico deve ser baseado no procdimento da coelta de dados uma vez que

essencialmente nao é detectavel.

O método de anélise de casos completos pode ser uma opcao plausivel para dados
MCAR, entretanto para dados MAR esta abordagem introduz viés e uma técnica de
imputagao deve ser aplicada (Sterne et al., 2009). Muitos métodos de imputacao foram
propostos, um subgrupo deles se baseia na média dos dados observados, como: k vizinhos
mais proximos, componentes principais bayesianos (bPCA) e imputacoes multiplas por
equagbes em cadeia (Schmitt et al., 2015). Segundo Graham (2009), dados MNAR in-
troduzem viés de estimativa nas andlises e seria preferivel a analise de casos completos.
Apesar de dados MCAR proporcionarem perda de poder estatistico, as analises resultam
em estimativas nao-viesadas, o que também ocorre com dados MAR quando as variaveis

observadas sao consideradas na imputagao.

2.2 Imputacao e o método messForest

Muitos métodos de imputacao de dados faltantes ja foram propostos, sendo que uma
parcela consideravel baseia-se nos dados observados (nao-faltantes), como os métodos de
K vizinhos mais proximos (KNN), analise de componentes principais bayesiana (bPCA),
florestas aleatorias (missForest) e imputagdes miltiplas por equagoes em cadeia (MICE)
(Schmitt et al., 2015). Um estudo de comparacao de métodos de imputagao, por Cihan
(2018), analisou a média, KNN, decomposi¢ao de valores singulares (SVD), bPCA e mis-
sForest. Os resultados mostram melhor performance do método missForest em todos os
conjuntos de dados quando s@o considerados o Erro Quadratico Médio (EQM) e a acu-
racia de classificacdo. Comparacao realizada por Stekhoven and Bithlmann (2012) em 10

conjuntos de dados biolégicos e médicos também mostra melhor performance do método
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missForest em comparacao com os métodos MICE e KNN, especialmente na presenca de
relacoes complexas entre as varidveis. Em dados laboratoriais a analise de Waljee et al.
(2013) mostra o método missForest com performance melhor ou equiparavel & performance
dos métodos KNN e MICe em todos os conjuntos de dados, tais resultados permaneceram
consistentes com 10%, 20% e 30% de dados faltantes usando tanto regressao logistica

quanto florestas aleatorias como modelos de predicao.

O método missForest foi proposto por Stekhoven e Buhlmann (2012), como um método
nao paramétrico que lida com diferentes tipos de variaveis simultaneamente, usando o
modelo de florestas aleatoérias para prever valores ausentes. Em resumo, uma floresta
aleatoria é ajustada aos dados observados e usada para estimar os casos ausentes. O
método ordena variaveis de acordo com sua porcentagem de dados faltantes e comega com
a variavel com a menor propor¢ao, definindo-a como a variavel dependente y. Em seguida,
divide o conjunto de dados em dois: as linhas para as quais o y atual esta faltante (X5,
Ymis) € as que apresentam casos completos para y (Xops, Yobs). Todos os casos ausentes de
X sao estimados, a principio, usando a média ou qualquer outro método de imputacao.
Entao, uma floresta aleatoria é ajustada a (X,ps, Yops) € usada para prever y,,;s com base
em X,,s. Outra varidvel é entdao definida como varidvel de dependente e o processo é
repetido, prosseguindo iterativamente até que um critério de parada seja atendido, sendo
esse critério geralmente o aumento do erro de imputacao estimado e, finalmente, a dltima
iteracao é considerada o resultado final. Mais detalhes sobre o método e o algoritmo sao

descritos por Stekhoven e Biihlmann (2012).

2.3 Regressao Logistica

Na regressao logistica, a variavel binédria Y; segue uma distribuicao Bernoulli com
P(Y; = 1) = m; variando de acordo com uma fungao logistica inversa do vetor de obser-

vagoes X;j(j = 1,...,k) incluindo uma constante e k — 1 variaveis explanatorias:

Y; ~ Bernoulli(Y;|m;)
B 1
1+ exp —x; 3

Uy
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em que o parametro desconhecido 5 = (fy, 1) ¢ um vetor de tamaho k com [y sendo
escalar constante e (5, o vetor de parametros correspondentes as variaveis explicativas

(King e Zeng, 2001).

O modelo logistico ¢ um caso particular de modelos lineares generalizados (GLM),
modelos que estendem a regressao linear (Distribuicdo Normal) para outras distribui¢oes
da familia exponencial. Neste caso a Bernoulli (Binomial com n = 1) é a distribui¢ao que
resulta no modelo logistico (Witten et al., 2016). Uma forma alternativa de expressar o
modelo é imaginar uma variavel continua nao observada Y;* com distribuicao logistica com

média ;. Entao o modelo estaria proximo de uma regressao linear se Y;* fosse observado:

Y;* ~ Logistica(Y;"|u;)

Wi = X3
exp — (Y7 — )
(1 +exp—(Y;" — w;))?

P(Y?) =

em que y; varia de acordo com as observagoes como uma fungao linear de x; (King e Zeng,
2001). A estimativa dos parametros é feita por méaxima verossimilhanga considerando
observagoes independentes e identicamente distribuidas. A aplicacao de regressao logistica

¢ comum na area da satde para criagao de escores de risco (Kulothungan et al., 2014).

2.4 Regularizacao e selecao de variaveis

Técnicas de regularizacao sao utilizadas para reduzir o erro ajustando uma funcao
apropriadamente aos dados e prevenir super-ajuste. A proposta da regularizacao é evitar
problemas de super-ajuste (overfitting) por meio do equilibrio viés-variancia. A regulari-
zagao em regressao ¢ obtida geralmente por meio de restricao no processo de ajuste dos
modelos. Alguns tipos de restricdo também combinam selecao de varidveis automética no

ajuste do modelo.

2.4.1 Meétodo Stepwise

A selegao de variaveis Stepwise é um método de ajuste de modelo que realiza um algo-

ritmo para sele¢ao de varidveis automaticamente com base em um critério de performance
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(Hocking, 1976). E uma alternativa & técnica de best-subset, que é computacionalmente
custosa por testar todos os possiveis subconjuntos de variaveis. As técnicas de Stepwise

sao variacoes de duas abordagens para a selecao:

e Selecao Forward: Inicia-se com um modelo sem nenhuma variavel. Em cada passo
do algoritmo é gerado um modelo para cada varidvel candidata, incluindo ela no
modelo obtido do passo anterior. Entao ¢ gerada uma medida de desempenho ou
qualidade de ajuste e a variavel com melhor resultado serd incluida no modelo a ser

utilizado no passo seguinte.

e Eliminacao Backward: O modelo inicial contém todas as varidveis, entao é obtido
um modelo para cada variavel por meio de sua retirada. O modelo que tiver o melhor

desempenho terd a variavel removida no passo e sera utilizado no proximo passo.

Variagoes do Stepwise envolvem a escolha da métrica e abordagem utilizadas (Hocking,
1976). Dentre as métricas mais utilizadas estao a soma de quadrados dos residuos (SQR),
erro quadratico médio (EQM) e coeficiente de determinagao (R?). Quanto as variagoes de
abordagem além das duas apresentadas, a mais utilizada é a bidirecional que consiste em
realizar a selecao forward e em cada passo considerar a retirada de variaveis utilizando a

eliminacao backward (Efroymson, 1960).

2.4.2 Meétodos Elatic-Net

O método Elastic-Net é utilizado para selecao e regularizacao de variaveis em um
banco de dados que combina os métodos de Ridge e Lasso, sendo considerado como uma
generalizacdo deles. Proposto por Hoerl and Kennard (1988), o método de regularizagio
Ridge minimiza a Soma de Quadrado dos Residuos (SQR) condicionada a uma penalizagao

do tipo L2:
SQRpigge = SQR+ A _ 37
J

onde o hiperparametro A\ é escolhido de forma a otimizar uma medida de qualidade do
modelo. Esta regularizacao permite melhor performance do modelo mas nao resulta em

modelos parsimoniosos. Isto se deve ao fato de que a regularizacao encolhe os coeficientes
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mas teoricamante nunca os define como zero (Zou e Hastie, 2005). A regressao Lasso, pro-
posta por Tibshirani (1995), resolve o quesito de parsiménia propondo uma regularizagao

do tipo L1:
SQRpigge = SQR+ 1Y |B)]
J

que resulta no encolhimento continuo dos coeficientes, assim como a Ridge, mas também
faz selecao de variaveis pelo fato de os coeficientes poderem ser encolhidos para zero.
Apesar de a Lasso ser mais promissora pelo fato de também efetuar sele¢ao de varidveis em
tempos de grandes bancos de dados, ela nao domina a Ridge em termos de performance
(Tibshirani, 1995). Apesar de performar bem em muitas situagoes, algumas limitagoes

foram identificadas no método Lasso, conforme indicadas por Zou e Hastie (2005):

e Em casos de o nimero de varidveis p ser muito maior do que o de observacoes n, a

Lasso seleciona no maximo n variaveis;

e Se existirem grupos de variaveis com correlagao alta, a Lasso escolhera somente uma

das variaveis, nao seguindo um critério na escolha;

e [Im casos que n > p com alta correlacao entre as variaveis, a Ridge domina a Lasso

em termos de performance.

Tendo em mente estas limitagoes, Zou e Hastie (2005) propuseram a Elastic-Net.
Este novo método de regulariza¢do combina as regularizagoes L1 (Lasso) e L2 (Ridge)

utilizando de um segundo hiperparametro a:
SQRpigge = SQR+ A [(L—0a) Y B +a) |5
J J

que é selecionado, em conjunto com A\, de forma a otimizar uma medida de performance do
modelo. Em aplicagoes de dados de genes, o Elastic-Net se mostrou eficiente em agrupar
genes com correlagoes altas ao invés de selecionar somente um deles. Zou e Hastie (2005)
descrevem o Elastic-Net como uma generalizacao do Lasso, que performa bem nos casos

em que o Lasso tinha limitacoes.
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2.5 Desempenho de modelos

Em modelos de predicao se faz necessirio o uso de medidas de performance, pois
modelos podem se ajustar bem aos dados mas performar mal, ou ter sua performance
alterada no decorrer do tempo com a possivel alteracao do comportamento nos dados.
Medidas comumente utilizadas para classificadores binarios (como a regressao logistica)
sdo a acuracia, sensitividade e especificidade (Fawcett, 2005), que se baseiam em quatro
quantidades: Verdadeiros Positivos (VP), Falsos Positivos (FP), Verdadeiros Negativos
(VN) e Falsos Negativos (FN). Nas nomenclaturas a palavra "Falso"diz respeito a classi-
ficacao errdnea enquanto que "Verdadeiro'diz respeito a classificacao correta na predicao
do evento de interesse. Comumente estas quatro quantidades sao mostradas em uma am-

triz, chamada matriz de confusao.

A medida de acuracia do classificador é a proporcao de classificacoes corretas feitas

por ele em relacao ao total de classificacoes realizadas, calculada por:

VP+ VN

Acurdcia —
Ara =P T FP+ VN + FN

nao levando em conta cada classe, somente se a classificacao foi correta ou nao. Por nao
discernir performance entre classes, a acuracia pode levar a conclusoes erroneas em bancos
de dados com proporgao de classes desbalanceadas, quando considerada sozinha (Provost
et al., 1998). Por esse motivo geralmente ¢ acompanhada das medidas de sensibilidade
(taxa de verdadeiros positivos ou de deteccdo) e especificidade (taxa de verdadeiros ne-

gativos) que sdo obtidas da forma:

O VP
Senszbzl@dade = ‘/_P—|——FZV

Cpe VN
Especi ficidade = VNI FP

permitindo melhor mensuracao de performance do modelo para tomada de decisao (Alt-
man e Bland, 1994). Pode-se ter interesse em um modelo com especificidade reduzida em
troca de alta sensibilidade, por exemplo, quando se quer garantir a deteccao da maior

taxa de verdadeiros positivos possiveis (Provost et al., 1998).
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Quando se trata de escolher o melhor classificador com base nas medidas de sensibi-
lidade e especificidade, a curva ROC é o método mais utilizado para visualizar o balanco
entre taxas de classificagbes corretas e de alarmes falsos (Fawcett, 2005). Basicamente
consiste em um grafico 2D com a taxa de cerdadeiros positivos (Sensitividade) no eixo Y
e a taxa de falsos negativos (1-Especificidade) no eixo X. A Figura 1 exemplifica o grafico
com a performance de cinco classificadores.

1.0
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0.6 — . 4

0.4 — ’
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Figura 1: Gréafico ROC bésico para cinco classificadores
Fonte: Fawcett et al. (2005)

O classificador perfeito (Sensibilidade = 1 e Especificidade = 1) seria o ponto D da
Figura 1, a proximidade de classificadores deste ponto permite a comparacao baseada nas
duas medidas em conjunto. A linha pontilhada representa a performance de um classifi-

cador aleatoério, que escolha completamente ao acaso.

Quando o classificador é obtido a partir de um modelo que retorna uma probabilidade
continua, a sua performance esta condicionada ao limite de decisao escolhido, neste caso
pode-se obter uma curva ROC com os classificadores utilizando multiplos valores dentro
do intervalo de possiveis limites de decisao de classe (Fawcett, 2005). Uma métrica que
se torna util para classificadores que gerem valores continuos é a area abaixo da curva
ROC (AUCQ), por estar diretamente relacionada com a proximidade da curva ao ponto de
classificacao perfeita, como mostrado na Figura 2, em que o classificador B mostra maior

dicriminancia entre as classes.

E importante perceber que, realisticamente, nenhum classificador deveria obter AUC

abaixo de 0,5, uma vez que a linha diagonal x = y representa um classificador que faz
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Figura 2: Curva ROC comparando dois classificadores
Fonte: Fawcett et al. (2005)

escolhas aleatoriamente (Fawcett, 2005). Uma importante propriedade da AUC é sua
equivaléncia a probabilidade de que um classificador ranqueie um valor escolhido positivo
acima de um valor escolhido negativo, o que ¢ equivalente ao teste de ranque de Wilcoxon
(Hanley and McNeil, 1982). Também existe relagdo com o coeficiente de Gini (Gini+1 =
2 x AUC'), como mostrado por Hand and Till (2001).

2.6 Validacao Cruzada

Validagao cruzada (cross-validation) é um método de sele¢do de modelos que, a partir
de uma medida de performance de escolha, estima performance em dados nao vistos ante-
riormente. Considerando um banco de dados com X, X, ..., X, observacoes, os métodos

bésicos de validacao cruzada sao:

e [eave-one-out: Consiste em remover a i-ésima observacao dos dados e ajustar o mo-
delo nas observagoes restantes (X1, Xo, ..., X;—1, Xit1,...,X,) e utilizar o modelo
obtido para obter a medida de performance na observagao X;. Este processo é re-
petido para cada observacao do banco de dados, por fim obtendo n estimativas de
performance do modelo. Desta forma é possivel estimar a distribuicao da medida de

performance obtendo uma performance média estimada e sua medida de incerteza;

e k-fold: Este método segue a mesma idéia do leave-one-out, mas separa as n obser-
vagoes em k subgrupos mutuamente exclusivos (os folds) de tamanho aproximada-

mente igual. Como resultado teremos k performances estimadas com base na medida
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de escolha. A partir das £ medidas é possivel entao obter estimativa de performance

em novos dados e também uma medida de incerteza.

Segundo Vanwinckelen e Blockeel (2012), sob o argumento da alta variabilidade dos
métodos leave-one-out e k-fold, uma variacao frequentemente utilizada é o repeated k-fold
em que a validagao cruzada é feita repetidas vezes, variando a separacao dos k grupos de
forma a obter mais estimativas. Como foi mostrado por Vanwinckelen e Blockeel (2012), a
performance do modelo é subestimada quando a validagao cruzada é utilizada, por estimar
a performance de modelos treinados em dados com tamanho (k — 1)/k x 100% do total.
O método repeated 10-fold de validacao cruzada se mostra mais acurado para selecao de
modelos (Arlot and Celisse, 2010), mas devido a viés ele nao é sugerido para estimativa

de performance do modelo (Kohavi, 1995).

2.6.1 Meétodo nao-paramétrico de Bootstrap

A técnica nado-paramétrica de bootstrap, proposta por Efron (1979), é utilizada para
estimar a variabilidade de uma medida de interesse que seja obtida a partir de dados.
Considerando conjunto de dados X1, X5, ..., X,,, uma reamostragem de bootstrap consiste
em obter uma nova amostra Y7, Ys, ..., Y, retirada dos dados originais, com reposicao. A
técnica envolve obter k reamostragens de bootstrap e suas respectivas medigoes m; =

fY;1,Y:2,...)Y;n) Vi=1,... k, o que resultard na estimativa de bootstrap:

m;
EStBootstrap = E -
i=1
assim como medidas de incerteza também podem ser obtidas a partir de myq, ..., my.

A partir das medidas de variabilidade obtidas por bootstrap pode-se obter intervalos
de confianca, o método mais utilizado é o de quantis, que obtém intervalo de confianca
(1 — ) x 100% por meio dos quantis a/2 e (1 — «)/2 das k medidas m; de bootstrap.
Em estudo buscando quantidade ideal k de reamostragens , Efron (1987) mostra que o
coeficiente de variagdo é consideravel para 200 reamostragens (9%) e reduz para 4% em
1.000, consequentemente o autor indica k& = 1000 como um valor apropriado. Como mos-

trado por (Kohavi, 1995) em anélise de simulag¢ao, quando aplicado em grandes amostras,
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estimativas de bootstrap tendem a apresentar menor variabilidade do que as estimadas
por k-fold (k = 10 e k = 20), enquanto nenhum dos métodos domina quanto ao viés

relativo, variando dentre diferentes bancos de dados.

2.6.2 Bootstrap 0.632

Ao considerar o desempenho das regras de previsao treinadas nos dados, Efron e
Tibshirani (1997) propuseram o bootstrap 632+ para corrigir o viés inerente ao bootstrap
classico e melhorar o processo de validacao cruzada. Ele reduz a variabilidade em relagao ao
k-fold e reduz o viés, transformando o bootstrap 632+ em um método mais atraente para a
estimativa de desempenho do modelo. Conforme descrito por Witten (2016), em qualquer
amostra de bootstrap, & medida que n cresce, a proporcao de casos nao selecionados
tendera a (1—1/n)" ~ e~ 1 = 0,368, que é a chance de uma observagao em particular ndo
ser escolhida. O desempenho do modelo ajustado a reamostragem fornecera estimativas
tendenciosamente otimizadas se avaliado na reamostragem em si, uma vez que estimou
os coeficientes a partir do mesmo conjunto de dados. O conjunto de treinamento (nova
amostra) possui apenas 0,632x100% dos casos originais; portanto, o modelo originado
resultard em uma estimativa de desempenho pessimista, enviesada, quando avaliada nos
0,368 casos restantes (teste), apesar de ter tamanho n. A idéia principal do bootstrap
632+ ¢é avaliar as medidas de desempenho de treinamento (€irqining) € de teste (i) €

obter a estimativa de desempenho ponderada
€632 = 07 632 X €test + 07 368 X Etraining

combinando o desempenho pessismista do teste com o desempenho otimista do treina-

mento.
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3 Material e métodos

3.1 Dados

Um estudo de coorte foi realizado no ano de 2012 utilizando como individuos de
interesse trabalhadores de uma mina localizada nos Inconfidentes Mineiros. O estudo,
entitulado Sindrome Metabolica em Trabalhadores da Mineracao do Estado de Minas
Gerais, foi aprovado pelo comité de ética da Universidade Federal de Ouro Preto (CAAE:
0018.0.238.000-11). Os individuos de interesse trabalham em turnos de 6 horas operando
caminhoes offroad de mineracao, turnos estes seguidos por um periodo de 12 horas de
descanso. Os dados coletados consistem de 22 variaveis divididas entre 8 antropométricas,
11 bioquimicas, sexo, idade e a varidvel "Absenteismo", que é o indicador binario de ab-
senteismo emqualquer dia do ano de 2012. A variavel "bsenteismo'"é a variavel de interese

do estudo, ou seja, a varidvel dependente.

3.2 Meétodo de Analise

Apos da analise descritiva/exploratoria, todas as variaveis foram padronizadas parao
restante da anélise. O primeiro passo é classificar o padrao de dados faltantes e entao
realizar a imputagao de todos os valores com o método missForest. Modelos foram ajus-
tados aos dados imputados utilizando tanto Regressao Logistica quanto Elastic-Net. No
caso da regressao logistica foi utilizado stepwise para selecao de variaveis enquanto que a
Flastic-Net realizar regularizacio/sele¢do naturalmente. O método do Bootstrap 0.632 é,
entao, utilizado para comparar o poder preditivo dos modelos utilizando as métricas de
acuracia, sensitividade e especificidade. Por fim, os efeitos significativos dos modelos sao

ponderados com efeitos encontrados na literatura para a CFS e as variaveis do estudo.
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Abstract

Characterized by persistent fatigue, pain, cognitive impairment and sleep difficulties,
the Chronic Fatigue Syndrome (CFS) has been common in clinical practice in the last
decades. Studies indicate multiple factors that contribute to CFS development: poor
sleep, dehydration, psychological stress, hormonal dysfunction, infections, nutrient
deficiencies, among others. In risk work conditions, like the shift work of mines,
development of CFS increases significantly the chance of fatal accidents. The work
environment of mines suggests the presence of factors that increase the risk of
developing CFS. Considering the severity of CFS’s symptoms and its implications on
the social and professional lives as well as on the economy, efforts are targeting not only
its characterization but also effective prevention. This study aims to assess the risk of
CFS by studying cross-sectional data on absenteeism of 621 shift workers, measuring 8
anthropometric and 11 biochemical variables as well as age and gender, amounting 21
variables. After imputing missing data, logistic regression was fitted using Stepwise
selection as well as Lasso and Elastic-Net regularization. The three variations were also
applied to the complete-cases data set, results suggest that the models do not
discriminate very well due to noise inherent to the dependent variable. However, all
models agree on the effects of Sodium and Total Cholesterol on the risk of absenteeism.
The Stepwise model also indicates LDL and Triglycerides as significative factors both
Lasso and Elastic-Net show effects for LDL instead. The Elastic-Net model suggests an
effect of Potassium, though inconclusive according to the literature.

Introduction

Chronic Fatigue Syndrome (CFS), also referred to as myalgic encephalomyelitis (ME), is
a disease that has been commonly present in clinical practices in the last decades (Afari
and Buchwald, 2003). An epidemiological study conducted by Jason et al. (1999)
estimated a CFS prevalence of 410 cases per 100,000 individuals, which suggests 1
million cases in the United States alone. As estimated by another study conducted by
Jason and Njoku (2006), 850 thousand Americans suffer from the syndrome. The
disease’s first case definition is attributed to the United States Center for Disease
Control and Prevention (CDC) (Holmes et al., 1988) as a mean of standardization for
epidemiological studies. There have been some revisions of that definition since then
(Williams et al., 2014). According to Fukuda et al. (1994), a CFS case is defined by the
presence of chronic (or relapsing) fatigue during 6 months or more accompanied of 4 out
of the following symptoms: memory or concentration impairment, sore throat, tender
lymph nodes, muscle pain, joint pain, headaches, unrefreshing sleep, and post-exertional
malaise. Despite its use by the majority of the academic community, there is criticism
to this definition case due to the fact that it does not demand the presence of important
symptoms, like post-exertional malaise (Williams et al., 2014). The most recently used
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definition, proposed by the United States Center for Disease Control and Prevention
(CDCQ) in 2015, requires the presence of profound fatigue persisting or relapsing for more
than 6 months, which should be accompanied by post-extertional malaise, unrefreshing
sleep and cognitive impairment.

The factors that contribute to the development of CF'S still are aimed by the academic
community, amongst them are irregular sleep, psychological stress, hormonal
dysfunctions, nutrient deficiency, immunological dysfunctions and infections. In a study
conducted with nurses by Samaha et al. (2007) sleep quality was identified as a
significant factor related to CFS. A mass spectroscopy study showed that patients with
CF'S presented altered levels of phospholipids, cholesterol, branched amino acids,
vitamins and mitochondrial metabolites (Naviaux et al., 2018). According to Litleskare
et al (2018), the prevalence of CFS after 10 years of the Giardia infection was 2.22 to
4.08 times the prevalence presented by the control group. Another case-control study,
performed by Nagy-Szakal et al. (2018), indicates low levels of betaine and complex
lipids as well as elevated triglycerides and phenylacetylglutamine in individuals with
CFS. Evidence presented by Maloney et al. (2010) suggests a relation between CFS and
metabolic syndrome, which includes hypertension, elevated levels of blood sugar, waist
fat and abnormal levels of cholesterol. According to Bjorklund et al. (2019), individuals
with CFS have nutrient deficiencies, like vitamin C, vitamin B, sodium, magnesium,
folic acid and fatty acids which also seems to have importance in the CFS severity. A
paper written by Bou-Holaigah et al. (1995) suggests the relations between CFS and
neurally mediated hypotension and shows that its treatment, which includes moderate
sodium consumption, was efficient in reducing CFS symptoms in a subgroup of
individuals. The efforts to define efficient CFS markers are clearly in course, being a
result of the recent recognition of CFS as an impactful disease. According to Kennedy
et al. (2010), the life quality of children with CFS compares to the one experienced by
children with type 1 diabetes mellitus or asthma.

Shift workers are naturally more susceptible to CFS development due to their unusual
sleep and rest habits. According to Costa (2010), the night shift work is one of the most
studied conditions since it disturbs the sleep cycle modifying rest patterns, resulting in
significant stress in the biological circadian rhythms regulation of humans, naturally
diurnal beings. As shown by Shen et al. (2005), shift frequency has a positive
correlation with the intensity of the fatigue experienced by the shift workers. The
disruption of body functions’ circadian rhythms is responsible for the shift-lag
syndrome, which is characterized by feelings of fatigue, sleepiness, insomnia, digestive
difficulties, irritability, reduced mental agility and reduced performance (Costa, 2010).
In risk work conditions, CFS development potentially increases the chance of fatal
accidents. As shown by Useche et al. (2017), structural equation modelling (SEM)
results indicate a significant relationship between fatigue and risky behaviours on bus
conduction. The work on alternated shifts of the mining industry not only fits the
definition of risky conditions but also includes the factors of irregular sleep and
psychological stress. Regardless of the results from this paper, it is important to
underline the importance of current health practices to support mining industry workers
given the hard and perilous work they are exposed to.

Considering the severity of CFS’s symptoms and its implications in the social and
professional lives, efforts have been made not only to its characterization but also to its
effective prevention. According to Murphy et al. (2011), predictive modelling can be an
effective tool in the prevention of the syndrome. A study conducted by Huang et al.
(2007) compared three methods for CFS prediction using gene expression data and the
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Naive Bayes classifier accomplished 0.7 for the area under the ROC curve (AUC).
Searching for CFS relevant factors in women suffering from breast cancer, Servaes et al.
(2002) used linear regression to examine the contribution of physical, psychological and
cognitive factors in the severity of fatigue in patients. By using decision trees,
Bronikowski et al. (2011) obtained an accuracy of 71.88% predicting CFS based on
answers to a medical questionnaire applied in a community-based CFS study.

Shift workers frequently complain about irritability, anxiety and stressful work
conditions. Sleep deficit and persistent circadian rhythm alteration may lead to CFS,
neuroticism, chronic anxiety and/or depression, resulting in an augmented risk of
absenteeism and the need of psychotropic medications (Colquhoun and Senn, 2000;
Nakata et al., 2004). Aiming to search for evidence that contributes to the prevention of
CF'S as well as for related factors, this study aimed at the relation of anthropometric
and biochemical variables with the risk of absenteeism in shift workers of the mining
industry. The main objectives of the study are: (i) Search for a descriptive model that
possibly show some level of discrimination power of absenteeism and (ii) Relate the
independent variables’ effects on absenteeism with the risk factors of CFS. In order to
achieve the first objective Logistic regression will be fitted to the data with the Stepwise
approach to variable selection. The Elastic-Net and Lasso regularization methods will
also be used to adjust the Logistic model in order to verify whether the predictive
performance improves due to their flexibility. The second objective will be pursued by
relating the effects found by the descriptive model with the ones found as risk factors
for CFS in the literature. In the next section, the dataset and all the methods used to
achieve these objectives are discussed in more detail.

Materials and methods

A cross-sectional study was performed in 2012 on shift workers of a mine localized in
the Inconfidentes region of the Minas Gerais state, Brazil. The study, entitled
“Sindrome Metabdlica em Trabalhadores da Mineragao do Estado de Minas Gerais”, was
approved by the Ethics Committee from Universidade Federal de Ouro Preto (CAAE:
0018.0.238.000-11). The individuals work on shifts of 6 hours operating off-road trucks,
which are followed by 12 hours rest periods. The data collected consists of 22 variables
divided into 8 anthropometric variables, 11 biochemical variables, Sex, Age and the
variable Skipped, which is the variable that indicates whether the individual was absent
in any giving day in the year of 2012. The Skipped variable is the dependent variable of
this study. A summary for the variables is presented in Table 1.

After the descriptive analysis all the variables were standardized, the resulting dataset
was used in the rest of the analysis, starting from the missing values’ imputation. The
next subsections will focus on brief reviews and choices of methods for the imputation of
missing cases, fitting Logistic Regression, measuring model performance, performing
model selection and validation.

Missing data and missForest imputation

Missing values have been an issue since the beginning of field research, mostly due to
the fact that the analytical procedures used, many of which were developed in the early
20th century, aimed to be used on complete datasets (Graham, 2009). The missingness
in biology and medicine is usually caused by sample mishandling, measurement errors or
non-response which frequently lead to missing cases’ removal by the researcher, which is
called the complete-case analysis (Sterne et al., 2009). According to Rubin (1976),
missing mechanisms have three classifications: Missing Completely at Random
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Table 1. Variables present in the initial data set for the study.

Variable Description Method Type Mean SD % Missing
Skipped Was there abseteeism? Mining Company Files Binary (Yes = 1) 0.2238 - 0.00
Sex Sex of the individual Medical file Binary (Male = 1) 0.9646 - 0.00
Age Individual’s age Medical file Discrete 36.7504 7.1336 0.00
Height Individual’s height (m) Platform stadiometer Continuous 174.1032 7.3123 5.25
‘Weight Individual’s weight (kg) 0.1 kg precision scale Continuous 80.3670  12.8352 2.48
BMI Body Mass Index Weight /Height? Continuous 26.4756 3.6749 2.48
WHRatio Avg. Waist-to-Hip Ratio (n=3) Simple tape measure Continuous 0.8566 0.1220 2.64
TBF Total Body Fat (%) Bioimpedance Continuous 24.3923 8.1730 3.50
ViscFat Visceral Fat (%) Bioimpedance Continuous 7.6712 3.4312 3.33
AvDBP Avg. Dias. Blood Press. (n =3) Semi-autom. Monitor Continuous 82.7661 9.3659 0.16
AvSBP Avg. Sist. Blood Press. (n =3)  Semi-autom. Monitor Continuous 131.5532  13.7510 0.16
HDL HDL Cholesterol Enzyme-colorimetric Continuous 55.4063  16.3538 5.79
LDL LDL Cholesterol Chol - (HDL + VLDL) Continuous 109.4432  36.2181 7.63
Trig Triglycerides Enzyme-colorimetric Continuous 151.5527  83.6749 5.61
Chol Total Cholesterol Enzyme-colorimetric Continuous 194.5765  45.4948 5.61
Calcium Calcium Ton selective electrode Continuous 9.5704 1.2965 5.61
Phosphorus  Phosphorus Kinetic U.V. test Continuous 3.5085 0.5965 42.43
VitD Vitamin D Electrochemiluminescence  Continuous 25.4991 7.7247 38.62
PTH PTH Hormone Chemiluminescence Continuous 30.8635 10.8913 25.96
Glucose Fasting Glucose Enzyme-colorimetric Continuous 86.9475  14.5506 5.08
Sodium Sodium Ton selective electrode Continuous 144.2196 8.1133 12.70
Potassium Potassium Ton selective electrode Continuous 4.7249 0.7105 9.72

(MCAR), Missing at Random (MAR) and Missing Not at Random (MNAR). As
Graham (2009) emphasizes, the term “mechanism” is not necessarily related to

causation, in the statistical sense the interest resides in the description of the missing
data patterns themselves. In MCAR the pattern of missing data is completely
independent and the cases with missing data can be considered a random sample from
the whole dataset. As for MAR, the missingness only achieves randomness when the
missing pattern is conditioned on the observed data. However, when data is missing not
at random (MNAR), it is not random even when conditioned on observed data because
the missing pattern depends on unobserved data. Since the reason that the data is
missing in this is study is due to some randomly lost measurements, it is assumed that
the data is at least MAR.

Many imputation methods for missing data have been proposed, a considerable group of
them being based on the mean of observed data, like k-nearest neighbours (KNN),
Bayesian principal component analysis (bPCA), random forests (missForest) and
multiple imputations by chained equations (MICE) (Schmitt et al., 2015). A study
comparing imputation methods performed by Cihan (2018) compared mean, KNN;,
singular values decomposition (SVD), bPCA and missForest. The results show that,
when considering residual mean squared error (RMSE) and classification accuracy, the
missForest method outperformed the other methods in all the datasets. A comparison
performed by Stekhoven and Biithlmann (2012) in 10 medical and biological datasets
showed that missForest outperforms KNN and MICE approaches to imputation,
especially when there are complex relations between variables. In a study comparing
imputation methods for laboratory data, performed by Waljee et al. (2013), the
missForest method either outperformed or remained competitive with mean imputation,
KNN and MICE. These results were consistent in 10%, 20% and 30% of missing data
using both Logistic Regression and Random Forest models for prediction.

The missForest method was proposed by Stekhoven and Buhlmann (2012), as a
non-parametric method that copes with different types of variables simultaneously by
using the random forests model to predict missing values. Basically, a random forest is
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fitted to the observed data and used to estimate the missing cases. The method orders
variables according to their missing percentage and starts with the variable with the
least missing data defining it as the target variable y. Then it splits the dataset in two:
the rows for which the current y is missing (Xmis, Ymis) and the ones with complete
cases for y (Xops, Yobs). Then any missing cases of X are guessed by using mean
imputation or any other imputation method. Finally a Random Forest is fitted to (Xops,
Yobs) and used to predict yms based on X,,;5. Another variable is then defined as the
target variable and the process is repeated, proceeding iteratively until a stop criterion
is satisfied, that criteria usually being the increase of the estimated imputation error,
then the last iteration is considered as the final result. More details on the method and
the algorithm are described by Stekhoven and Biihlmann (2012). Because they can
introduce significant bias both to analysis and to imputation, variables with more than
20% missing cases (Phosphorus, Vitamin D and PTH Hormone) were removed from the
study at the beginning while the remaining cases were imputed with the missForest
method.

Logistic regression, variable selection and regularization

Since the dependent variable of absenteeism is coded as a binary outcome, the Logistic
Regression is a natural choice for a descriptive model, therefore being used in this study
with multiple fitting procedures. In the Logistic Regression framework the dependent
variable follows a Bernoulli distribution with P(Y; = 1) = m;. It is usual to consider it
as an unobserved continuous Y;* variable that follows a Logistic distribution

(P(Y; = 1) ~ Logistic(Y;|m;)) with mean p; that varies over the observations as a
linear function of x; (u; = x;8). Therefore the model with logistic density

P(Y7) = e~ (7 =1 /(1 4 e~ (7 =#)2 would be very close to a linear regression if Y;*
was observed but despite only Y; being observed the model remains the same, details
are described by King and Zeng (2001). This framework is frequently applied to
classification problems and risk scores generation in the medical field. The parameters
are estimated with the maximum likelihood method considering the observations as
independent and identically distributed (Kulothungan et al., 2014). A common
challenge in the regression with multiple variables is selecting the best model to describe
the data and possibly predict new observations.

A common approach to the model selection is the Stepwise method, which consists of an
algorithm for automatic variable selection based on a predefined performance metric
(Hocking, 1976). It was proposed as an alternative to the best-subset selection
algorithm which evaluates every possible combination of subsets of size s from the p
independent variables (s = 1,...,p) and is computationally costly. All variations of
Stepwise are based on the metric of choice and the two approaches to variable selection:
forward selection and backwards elimination. The forward approach consists of starting
on a null model (with no variables) and on step one evaluating the p possible models
with one variable in terms of the chosen metric in order to choose the variable to be
included. Then, on step two, p — 1 models are evaluated to choose the variable to be
included on the one-variable model from the previous step. At the end each p selected
models are compared in terms of the performance metric and the one with the best
performance is chosen to be the final model. The backwards elimination is very similar
to the forward, only it begins with the full model and each step removes one variable. A
commonly used variation is called the Bidirectional Stepwise, which starts with the null
model but at each step also considers the removal of a variable (Efroymson, 1960). One
possible limitation of this approach is the case where the events-per-variable ratio
(EPV) is lower than 10. According to Heinze et al. (2018), the EPV quantifies how
balanced is the information provided by the data and the number of parameters to be
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estimated. The dataset of this study has EPV = 8,6875 and, since the Stepwise does
consider all variables in the process of choosing the final model, the Logistic Regression
fitted to it might suffer from this limitation. Consequently, as shown by Pavlou et al.
(2015), EPV < 10 might result in poorer calibration and therefore prejudice the
predictive performance of the model. The authors also show that variable regularization
like Ridge, Lasso and Elastic-Net might mitigate such limitations by means of
performing regularization on the independent variables.

An alternative approach to the Stepwise is the Elastic-Net method, that generalizes the
Ridge and Lasso methods in order to perform variable selection as well as regularization.
The Ridge method, proposed by Hoerl and Kennard (1988), fits the model using an
L2-type penalized residual sum of squares RSSgiqge = RSS + A" y 5?— which shrinks
the parameters towards zero according to A\. The hyperparameter A is usually chosen
with cross-validation in order to optimize some model-performance metric. However, the
Ridge method never shrinks a parameter to zero, therefore always returning a full model
and not performing variable selection. Aiming to tackle this characteristic, Tibshirani
(1995) proposed the Lasso, which introduces a L1-type penalization

RSS14ss0o = RSS + )\Zj |85, that performs regularization and eventual variable
selection by effectively setting parameters to zero. Despite being more promising, the
Lasso method also showed some limitations: (i) When p >> n Lasso will choose a
maximum of n variables; (ii) In cases where n > p with multicollinearity then Ridge will
dominate the Lasso; (iii) When there is a group of variables with high correlation the
Lasso will pick just one of them, not caring which one it chooses. After considering
those limitations Zou and Hastie (2005) proposed the Elastic-Net, combining the L1 and
L2-type penalizations into A {(1 —a)d; B +ay] ;155 \} with another hyperparameter
a that, conjointly with A, is chosen in order to optimize some performance metric. As
considered by Zou and Hastie (2005), the Elastic-Net is a generalization to the Lasso
that performs well in the situations where it had limitations. Methods that perform
both variable selection and regularization allow further improvement of performance not
possible by the Stepwise approach. Despite regularization methods lacking
interpretability due to their natural bias towards zero introduced by the regularization
(Heinze et al., 2018), they can also be used as further evidence of whether the results
from Stepwise are consistent.

The Logistic regression will be fitted by using Stepwise, Lasso and Elastic-Net for
comparison of predictive performance. All these methods need to be used in conjunction
with a model selection procedure. The most commonly used method for model selection
is Cross-Validation (CV) based on a performance metric. Among the most frequent
performance metrics for classification models are Accuracy, Sensitivity, Specificity and
the area under the receiving operating characteristic (ROC) curve. This study used
stratified repeated k-fold Cross-Validation with the AUC metric to perform model
selection, both methods will be explained in more detail in subsections and
respectively.

Model performance measurement

Measuring a predictive model’s performance is useful both for model selection and
validation, it allows to verify whether it over-fitted the data and/or result in poor
prediction in new data. According to Fawcett (2005) the most common measures for
binary classifiers are Accuracy (ACC), Sensitivity (SNS), Specificity (SPC) and the
Area Under the ROC curve (AUC), all being functions of True Positives (T'P), False
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Positives (F'P), True Negatives (T'N) and False Negatives (F'N):

TP +TN TP TN
ACC = NS=——""— SPC=——
CC=TprrpriN+ EN N9 T mprEn T T TNy Ep

Also called True Predictive Rate, the Accuracy measures the overall performance of the
classifier, i.e. the proportion of predictions that matched the true class. However it does
not consider the intra-class error, if one chooses to predict every case with positive
probability as the target class then the accuracy would be its proportion in the data
and every class other than the target would be classified wrongly. Therefore, when used
alone Accuracy may lead to misleading conclusions, which is why it is commonly
accompanied by Sensitivity and Specificity (Provost et al., 1998). Sensitivity (True
Positive Rate) measures the performance of the model conditioned on the cases where
the class is the target of prediction, while Specificity (True Negative Rate) conditions
the performance on the cases other than the target class allowing more information for
the decision making based on the model (Altman and Bland, 1994). As pointed out by
Provost et al. (1998), there might be greater interest in optimizing the Sensitivity than
in optimizing Specificity or Accuracy of a model depending on the research field and
problem at hand. For models that predict a continuous probability of the target event,
there are infinite possible classifiers based on the chosen probability cut-off, each of
them resulting in different measurements of performance.

A method that allows choosing a good probability cut-off for a classifier is the Receiving
Operating Characteristic curve (ROC curve), which is built upon the Specificity and
Sensitivity measures allowing to visualize their trade-off (Fawcett, 2005). It basically
consists of a graph with the Sensitivity in the y-axis and 1-Specificity in the x-axis for
every possible cut-off probability forming a line, as shown by Figure 1 in an example for
3 different classifiers and the theoretically perfect and random classifiers. The perfect
classifier (Sensitivity = 1 and Specificity = 1) showed in Figure 1 would be the cut-off
corresponding to the upper left point in the figure, the proximity of this point is an
indicator of the model’s discrimination level. Both the Random and the perfect
classifiers establish a baseline for comparison of any obtained classifier, the ones closer
to the upper left corner of Figure 1 (Perfect classifier) discriminate better between the
classes.

100{ F=== = === === == === ==

0.75

Sensitivity
o
3

= Perfect classifier

0.25 - Random classifier

0.00

0.00 0.25 0.50 0.75 1.00
1-Specificity
Source: Author

Fig 1. Theoretical curves for perfect and random classifiers (in black) and three
examples of curves for classifiers of different discrimination powers.
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A metric that allows to measure a classifier’s discrimination power is the area under the
receiving operating characteristic curve (AUC) since it is directly related to the curve’s
proximity to the perfect or the random classifiers (Figure 1). A perfect classifier would
have AUC = 1 while the random classifier has AUC = 0.5 characterizing a
random-guessing model. An important property of the AUC metric is its equivalence to
the probability that a classifier ranks a positive chosen value over negative chosen value,
which corresponds to the Wilcoxon rank test (Hanley and McNeil, 1982). There is also
a relation between AUC and the Gini coefficient (Gini + 1 =2 x AUC') as shown by
Hand and Till (2001).

Model selection and evaluation

Cross-validation (CV) is a method that is used to estimate the performance of a given
model in predicting values for new data. The most commonly used CV method is the
k-fold in which, considering a data set with n observations, the basic idea is to divide
them into k£ groups and evaluate the model obtained from the k-1 groups’ observations
in the remaining group that has a 1/k proportion of the original data set. This is
performed for each of the k groups resulting in & measurements of performance, which
then are averaged and used as an estimate of the performance in new data. The method
called leave-one-out consists of considering k = n and therefore generating n
measurements of performance. According to Vanwinckelen and Blockeel (2012) due to
the argument of the high variability of these methods a frequently used variation is the
repeated k-fold, where each repetition m varies the choice of the k subgroups in order to
obtain more estimates. In the classification context, it is also common to perform the
stratified cross-validation, which guarantees class balance similar to the original data’s
in each fold. Despite these improvements, however, the k-fold methods in general result
in underestimation of the true performance as a result from a bias introduced by using
only a proportion of (k —1)/k from the whole data set to fit the model (Vanwinckelen
and Blockeel; 2012). Despite the improvement of accuracy provided by the repeated
k-fold, showed by Arlot and Celisse (2010), it is still biased and therefore suggested to
model selection but not to estimate model performance (Kohavi, 1995).

The non-parametric bootstrap, proposed by Efron (1979), is utilized to estimate the
variability of any measure of interest that is a function from a representative random
sample. Considering a data set with n observations, bootstrap’s general idea consists of
obtaining m resamples with replacement of size n from the original data and evaluate
the measure of interest in these m resamples resulting in an empirical distribution of the
measurement. From the empirical distribution, it is possible to obtain estimates
(average), confidence intervals and standard errors for the estimator. The most frequent
method for bootstrap confidence intervals is the quantile, in which a 1 — a x 100%
confidence interval is obtained by the /2 and (1 — «)/2 quantiles from the bootstrap
empirical distribution. A study by Efron (1987) shows that a considerably small
coefficient of variability (9%) is obtained when generating 200 bootstrap measurements
which reduce to 1% when m is set to 1.000, this last value is considered as a sufficiently
large number of resamples. As shown by Kohavi (1995), while the bootstrap usually
results in lesser variability than k-fold (k = 10 and k = 20), neither of them dominates in
terms of relative bias and whether one outperforms the other depends on the data set.

When considering the performance of prediction rules trained on the data, Efron and
Tibshirani (1997) proposed the 632+ bootstrap as an attempt to correct the bias
inherent to the classical bootstrap and as an improvement on cross-validation. It
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maintains the reduced variability in relation to k-fold and improves on the bias,
therefore turning the 632+ bootstrap into a more appealing method for model
performance estimation. As described by Witten (2016), at any bootstrap resample, as
n grows the proportion of cases not picked will tend to (1 —1/n)™ ~ e~ 1 = 0.368, which
is the chance of a particular observation not being picked at all. The performance from
the model fitted to the resample will give rather optimistically biased estimations if
evaluated in the resample itself since it estimated the coefficients from the very same
data set. The training set (resample) has only 0.632x100% of the original cases,
therefore the model originated from it will result in a pessimistically biased performance
estimate when evaluated in the 0.368 remaining cases (test), despite it having size n.
The main idea of the 6324 bootstrap is to evaluate both the training (€4rqining) and the
test (etest) performance measures and to obtain the weighted performance estimate
€632 = 0.632 X €4t + 0.368 X E4raining by combining the pessimist test performance
with the optimist training performance.

This study performs stratified repeated cross-validation for model selection in order to
guarantee the target-class balance in the model selection and reduces variability in the
measurements of performance. In order to obtain the empirical distributions for the
parameters, classical non-parametric bootstrap is used to allows further investigation of
the selected factors’ effects on the absenteeism. Finally, in order to compare the models’
performance in terms of Accuracy, Sensitivity and Specificity, the 6324 bootstrap is
used to obtain an estimate of the empirical distributions for model performance.
Confidence intervals are obtained by using the quantile approach using the empirical
distributions estimated by bootstrap, this method is used since it allows to obtain
intervals for different models by the same non-parametric procedure.

Software and packages

All the analysis and plots present and discussed in this paper were produced using the R
Programming language v3.5.1 (R Core Team, 2019) and the RStudio IDE
v1.3.125. The packages used were: caret for model fitting and selection (Kuhn, 2019);
geplot?2 for plots and graphics generation (Wickham, 2016); missForest for imputation
of missing values (Stekhoven, 2013); tibble (Miiller and Wickham, 2019), dplyr
(Wickham et al., 2019) and tidyr (Wickham and Henry, 2019) for data manipulation
and cleansing; purrr (Henry and Wickham, 2019) for efficient and readable iterations
as well as furrr (Vaughan and Dancho, 2018) for iterations’ parallel processing in R.
The model evaluation by non-parametric bootstrap and 632+ bootstrap methods was
implemented by the author using a portion of the packages cited above. Source code to
reproduce the results is available as Supporting Information on the journal’s web page
(http://onlinelibrary.wiley.com/doi/xxx/suppinfo). The script
Analysis_reproduction.R should be executed first, which sources

auxiliary_ functions.R on the run. The script Figure-Table_reproduction.R
contains code to reproduce the table and figures presented in this paper.

Results and discussion

The variables with more than 15% missing cases were removed at the start of the
analysis, namely Phosphorus, Vitamin D and the PTH hormone measurements. The
missForest method was used on the standardized remaining 19 variables for missing
cases imputation. Afterwards, Weight and Height were removed since BMI already
accounts for most of their variability and, therefore, their removal is made to avoid
multicollinearity and results in 17 variables in the whole dataset. Stepwise and
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grid-search of parameters for Lasso and Elastic-Net were done by using stratified 10-fold
cross-validation repeated 10 times, which used the area under the ROC curve as the
optimization metric. The resulting models were used to perform non-parametric
bootstrap on the coefficients as well as +632 bootstrap on the measurements of
Accuracy, Sensitivity and Specificity. The subsequent subsections present the results of
performance and estimated coefficients from the resulting models as well as the
discussion in the context of this paper’s objectives. It is important to underline that the
significance level for this study is set to a = 0.10 given the fact that it is an early,
cross-sectional study that has the aim of detecting possible relations for further
investigation.

Resulting models and effect sizes

The resulting models (Stepwise, Lasso with A = 0.02409091 and Elastic-net with

A = 0.5868687 and a = 0.03787879), selected based on the imputed data, were fitted to
both the imputed and complete-cases datasets for comparison. The models from
imputed and complete-case data sets were the same except for the fact that the imputed
data had more precise confidence intervals due to it having more observations (621 as
opposed to 501). Also, the coefficient for potassium was shrunk to zero in the
complete-cases Elastic-Net, which was not the case for the model from imputed data.
Given that, the results for the complete-cases data set’s models were omitted for the
sake of brevity. The relative effects of each model are presented in Figure 2 as an
attempt to first compare the effects of the three different methods.

B stepwise [l Lasso Elastic-Net

Trig

Sod

Potas
LDL

HDL

Chol

4,

-0.6 -0.3 0.0 0.3 0.6
Source: Author

Fig 2. Relative effects of coefficients for each model. Each model had its coefficients
divided by the sum of absolute values of all their coefficients.

As shown by the relative effects in Figure 2, accounting for the fact that there is a
different number of variables for each model the coefficients for HDL and Sodium had
similar relevance for both Lasso and Elastic-Net. Total Cholesterol was the third place
in effect size for both models though, while the Stepwise had it as the coefficient with
the highest relevance. Also, the Lasso Total Cholesterol relevance showed a high
disparity when compared to the other two models, also explained by the higher
relevance of HDL and Sodium in the Lasso as shown in Table 2. The fact that both
Triglycerides and LDL had similar effects on the Stepwise model and contrary to the
effects of HDL in the regularize models might be explained by their complementary
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property as decompositions of the Total Cholesterol. The coefficients are presented in
Table 2 with the bootstrap estimations and confidence intervals.

Table 2. Coefficient estimates and bootstrapped means with 90% confidence intervals
for each model. Coefficients scale is in log-odds and models were fitted to standardized

variables.

Lasso Elastic-Net

Names Estimate

Bootstrap [90% C.I.] Estimate Bootstrap [90% C.I.] Estimate Bootstrap [90% C.I.]

(Intercept) — -1.2412%*
HDL -

-1.2564 [-1.4277; -1.0925]  -1.2364 (80.58) -1.2280 [-1.3867; -1.0720]  -1.2407 (80.86)  -1.2288 [-1.3969; -1.0713]

-0.0641 (89.65)  -0.0912 [-0.2165; -0.0053]  -0.0173 (24.16)  -0.0269 [-0.0595; -0.0021]

LDL 0.4288. [ 0.0446; 0.8491] - - - -

Trig 0.2747* [ 0.0666; 0.4651] - - - -

Chol -0.6458* [-1.1060; -0.2245] -0.0023 (0.26) -0.0711 [-0.1856; -0.0020] -0.0078 (0.88) -0.0212 [-0.0489; -0.0012]
Sodium -0.1711. [-0.3658; -0.0217] -0.0418 (34.9) -0.0754 [-0.1882; -0.0032] -0.0111 (9.3) -0.0197 [-0.0403; -0.0025]
Potassium - - - -0.0041 (6.5) -0.0142 [-0.0332; -0.0007]
wkAn @k and “” represent significative results at 0.01, 0.05 and 0.1 respectively.

In parenthesis is the percentage represented by the coefficient when compared to the full model’s coefficient.

Despite the confidence intervals for Lasso and Elastic-Net having limits relatively close
to zero, all confidence intervals indicated significative effects for the selected variables in
the models. All models agreed in negative effects of Total Cholesterol and Sodium in
the risk of skipping work, meaning that individuals which are 1 standard deviation
above the average in Total Cholesterol and Sodium would have a decrease of -0.6458
and -0.1711 in the log-odds of skipping work respectively, according to the Stepwise
coefficients. However, coefficients for LDL and Triglycerides from the stepwise indicate
an increase in the log-odds of absenteeism. Despite the regularization models not
suggesting significative effects for LDL and Triglycerides, the effect of HDL is
significative and inversely proportional to LDL since both are components of Total
Cholesterol together with Triglycerides. The Elastic-Net fitted to the imputed data was
the only model to suggest effects of Potassium and therefore, despite it being
statistically significative with o = 0.10 according to the CI, it was considered the
variable with least evidence of significance. The bootstrap densities that originated the
confidence intervals of Table 2 are shown in Figure 3 together with the intervals and
bootstrap estimates for further understanding.

Stepwise | Lasso ] Elastic-Net

) 0.0 0.000

01
‘ ‘ -0.025
0 ] i 02

, -0.050

-0.3
1 -0.075
-0.4
-0.100
2 -0.5
Chol HDL LDL Potas Sod Trig Chol HDL LDL Potas Sod Trig Chol HDL LDL Potas Sod Trig

Source: Author

Fig 3. Bootstrap violins (mirrored density) and 90% confidence intervals for the effects
of variables for each model.

The densities on Figure 3 underline the main reason for the confidence intervals of
regularized regression being so close to zero, namely the fact that the regularization
introduces a bias towards zero in the estimates of the coefficients as stated by Heinze et
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al. (2018). One should note the difference between regularized estimates for Total
Cholesterol and their bootstrap counterparts in Table 2 meaning that, according to the
bootstrap estimates, the regularization techniques (Lasso and Elastic-Net) estimated a
coefficient far from the average of its empirical distribution. However, the bootstrap
estimates are simply the average and the Figure 3 densities underline that the
regularized estimates were closer to the highest density area of the empirical
distribution which doesn’t match the mean like it would for symmetric distributions.
This effect in the other regularized coefficients, despite softer, is present nonetheless.
Other than being a tool for variable selection and improvement of predictions, the
regularized regressions do not allow for clear interpretation of the coefficients, therefore
remaining only as a concordance measurement in this context.

Despite the counter-intuitiveness of higher-than-average levels of Sodium as a beneficial
factor, there are studies that agree with these results in the context of Chronic Fatigue
Syndrome, therefore, suggesting the relation with absenteeism. According to Rowe and
Calkins (1998), there is a substantial body of clinical evidence supporting the
relationship between various forms of hypotension (including the neurally mediated)
with CFS and idiopathic fatigue. Most recently, a pilot study conducted by Combhaire
(2018) also suggests the benefits of sodium dichloroacetate treatment for patients with
the syndrome. As for the cholesterol variables (Total, HDL, LDL and Triglycerides),
there are also studies supporting the evidence found in the analysis presented in this
paper. A clinical study performed by De Lorenzo et al. (1998) indicated that patients
with CFS had higher levels of Triglycerides and lower levels of HDL when compared with
patients without the syndrome. Also, the ratio HDL/Total cholesterol was significantly
lower in CF'S patients suggesting that higher Total Cholesterol conditioned on lower
levels of Triglycerides and HDL were associated with a lower risk of CFS. More recently,
a study conducted by Tomic et al. (2010) with a female group of patients as subjects
also found higher levels of Triglycerides and lower levels of HDL in the CFS group of
patients as opposed to the control group, the study found no evidence of difference for
total and LDL cholesterol between groups. Lastly, for Potassium, Dechene (1993)
suggests the relation of low levels of potassium with increased risk of CFS. However,
studies that address this potential relation found in the literature were inconclusive: a
study by Nijs et al. (2003) showed that while some patients with CFS had low levels of
Potassium, others showed high levels, therefore, concluding that they presented
abnormal levels of the mineral; another study, conducted by Lerner et al. (1997) found
no evidence of difference in Potassium levels between CFS and control groups.

Performance evaluation

All models showed significative effects for variables relating them to the risk of
absenteeism and also, with support by the literature, indirectly relating absenteeism
with the risk of developing Chronic Fatigue Syndrome. That considered, the possibility
of discriminating between groups with high and low risk of absenteeism becomes of
interest to increase the success of CFS prevention. The ROC curve for each of the three
models obtained in this study are presented in Figure 4 (a) as the first assessment of the
models’ discrimination power. The area under the curve (AUC) obtained by the model
selection was of 0.5843, 0.5697 and 0.5746 for Stepwise, Lasso and Elastic-Net
respectively. Not only the AUC but also the ROC curves for the models were very
similar, the results slightly higher than 0.50 (Random classifier AUC) suggests poor
discrimination. The fact that the AUC was also the metric of model selection leads to
the necessity of measuring the variability in the performance measures. In order to
assess the performance and it’s variability, Figure 4 (b) presents the 4632 bootstrap
estimates, confidence intervals and densities for the measurements of Accuracy (ACC),
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Sensitivity (SNS) and Specificity (SPC) for all three models.

(b)
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Fig 4. (a) ROC curves for the models adjusted to the imputed dataset. The dashed
line represents the random classifier for comparison. (b) Bootstrap 632 95%confidence
intervals for the models’ performance.

As suggested by the low AUC, the results in Figure 4 (b) confirms that not only the
performance is poor but also it is not statistically different from a random classifier at
a = 0.10. The AUC is omitted from the plot since the fact of it being used as
optimization metric biases it upwards forcing statistical significance according to the
non-parametric confidence interval, therefore, inducing miss-interpretation. Despite not
showing significative results in terms of performance, the empirical densities obtained by
the 4632 bootstrap were very similar between the three models. This lack of
discrimination power despite the detected variables might relate to the noise inherent to
the dependent variables nature since it measures just whether there was at least one
occurrence of absenteeism during the whole year of 2012. One might notice the lower
variability in Accuracy as opposed to Sensitivity and Specificity, however, that is caused
due to the fact that Accuracy is nothing more than a weighted average of the latter two.

Strengths and limitations

This study is strengthened by the fact that the database has 621 observations of
individuals, a size not commonly seen in most clinical trials. Also, the clinical
measurements were assessed by appropriate techniques performed in a laboratory by
trained professionals and researchers of the medical field. On the other hand, the study
is limited by the cross-sectional design which assesses the individuals in a specific point
in time and therefore not being able to confidently assume causation nor strong
evidence based on the data observed. Also, the confounding or noise inherent to the
measurement of the dependent variable of absenteeism (Skipped) since it is only the
indicator of the occurrence of absenteeism in the whole year of 2012. Such limitation
results in limited strength of detected relations and might hide additional relations due
to confounding factors. Additional studies with more precise measurement of
absenteeism, such as the number of occurrences are necessary for further investigation
as well as a longitudinal framework to allow causal inference.

Conclusion

Chronic Fatigue Syndrome (CFS) or myalgic encephalomyelitis (ME) is a critical disease
due to its severity being comparable to type 1 diabetes mellitus or asthma. Yet the
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corpus of evidence of its causes as well as its relations with other conditions is still to be
consolidated as the efforts are ongoing on the clinical scientific community. This study
aimed to contribute to the corpus of evidence of CFS/ME by assessing indirectly the
relations between CFS and absenteeism in shift workers of the mining industry,
individuals that are inserted in an environment susceptible to a higher risk of CFS than
usual. The models obtained in this study had no discrimination power between
individuals with a higher and lower risk of absenteeism despite showing significative
effects for several variables. However, the detected effects of 5 out of 6 significative
variables were found to be related to the factors present in cases of Chronic Fatigue
Syndrome according to the reviewed literature. These findings amount to some evidence
of a relation between absenteeism and CFS/ME and the need for further investigation.
The lack of discrimination power despite the presence of significant variables might
happen due to the noise which is inherent to the dependent variable’s nature, being just
the indicator of whether absenteeism occurred in the whole year of 2012. This study’s
inferences are not enough to suggest interventions aiming the prevention of disasters
related to the mining work. However, we hope to draw the attention from direct and
indirect agents to important relations identified that might affect the health and life
quality of these workers. Future studies with more precise measurements of absenteeism
and also use of longitudinal frameworks might reveal stronger effects of the selected
variables as well as actually significant discrimination power.
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