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RESUMEN

El sindrome de apnea-hipopnea obstructiva del suefio (SAHOS) es una enfermedad
de alta prevalencia en la poblacién infantil, con una importante morbilidad y elevado
impacto sociosanitario, en la que la deteccion precoz es esencial para iniciar un adecuado
tratamiento, el cual debe ser siempre individualizado. EI SAHOS es una alteracién
fisiopatoldgica compleja y multifactorial, en la que no sélo influye una susceptibilidad
genética e individual (factores anatomicos y dindmicos), sino también de estilo de vida. Los
factores de riesgo mas frecuentes son la hipertrofia adenoamigdalar y la obesidad. Los
sintomas en los nifios son escasos, son principalmente nocturnos y requieren un alto nivel
de sospecha. EI SAHOS no diagnosticado o no tratado se relaciona con diferentes
consecuencias metabolicas, cardiovasculares, neurocognitivas, inflamatorias, conductuales
y falta de desarrollo estaturoponderal, lo que conduce a un empeoramiento del estado de

salud en términos generales y disminucién de calidad de vida.

Actualmente, el SAHOS infantil es una enfermedad infradiagnosticada. La
polisomnografia (PSG) es el método diagnostico de eleccidn, pero se trata de una técnica
compleja, particularmente intrusiva para los nifios, costosa y que no se encuentra al alcance
de todos los centros. Por ello, en los Gltimos afios, se estan desarrollando metodologias
diagnosticas mas simplificadas que ayuden a hacer un diagnostico precoz, reduciendo las
listas de espera y los costes hospitalarios asociados. En este contexto, algunos
investigadores se han centrado en la oximetria nocturna, una técnica muy sencilla,
relativamente poco costosa, y con una gran disponibilidad y portabilidad, lo que le permite
poder ser realizada en el domicilio del paciente. Estudios recientes sugieren que el analisis
automatico del registro de saturacion de oxigeno en sangre (SpO2) mediante métodos
avanzados de procesado de la sefial pueden mejorar notablemente la capacidad diagnostica

de la oximetria nocturna al proporcionar informacion esencial y complementaria como



ayuda en el diagndstico del SAHOS en nifios. Sin embargo, existe todavia controversia
sobre su aplicacion general como una técnica simplificada de diagndstico de la enfermedad.

La hipotesis de la presente Tesis Doctoral se basa en que la sefial de oximetria
nocturna contiene suficiente informacion por si sola, pudiendo ser muy atil en el desarrollo
de métodos simplificados de deteccion de SAHOS infantil. Ademas, las técnicas de
procesado de sefial y reconocimiento automatico de patrones pueden utilizarse como
metodologia para extraer toda la informacion presente en la sefial de SpO., mejorando su
rendimiento diagnéstico y alcanzando un alto poder de discriminacién en el SAHOS
infantil. El objetivo principal de la Tesis Doctoral consistié en disefiar y evaluar diferentes
metodologias simplificadas de ayuda al diagnéstico del SAHOS pediatrico, basadas en el
andlisis automatico de la sefial de SpO2 procedente de la oximetria nocturna, aplicadas tanto

en el hospital como en el domicilio del paciente.

Para ello, se analizaron poblaciones de estudio compuestas por nifios derivados a
diferentes laboratorios de suefio por sospecha moderada-alta de SAHOS: The Pediatric
Sleep Unit at the University of Chicago Medicine Comer Children’s Hospital (CCH: 176
nifios, 55.1% SAHOS positivo y 44.9% SAHOS negativo; punto de corte de 3 eventos/h),
Unidad Multidisciplinar de Suefio del Hospital Universitario de Burgos (HUBU: 50 nifios;
52.0% SAHOS positivo y 48.0% SAHOS negativo; punto de corte de 3 eventos/h) y The
British Columbia Children’s Hospital of Vancouver (BCCH: 142 nifios, 38.7% SAHOS
positivo y 61.3% SAHOS negativo; punto de corte de 5 eventos/h). La sefial de SpO; fue
extraida de la PSG hospitalaria (CCH), de la poligrafia respiratoria (PR) domiciliaria
(HUBU) y de un dispositivo portétil (BCCH), el Phone Oximeter (dispositivo que integra

un Smartphone y un pulsioximetro).

La metodologia empleada se basé en la aplicacion de técnicas de reconocimiento
automatico de patrones, las cuales caracterizan la dinamica de la oximetria parametrizando
los cambios en el registro de SpO> nocturno debidos a los episodios apneicos. El
procedimiento metodoldgico implementado se fundamento en las 3 etapas comunes de
procesado automatico de sefiales biomédicas: (i) extraccidn, (ii) seleccion vy (iii)
clasificacion de caracteristicas. Inicialmente, se realizd una extraccion automatica de
caracteristicas oximetricas (indices de desaturacion, estadisticos en el dominio del tiempo y
de la frecuencia, caracteristicas espectrales convencionales y parametros no lineales). De
forma particular, en esta Tesis Doctoral, se analiz6 la utilidad de la entropia de mdltiples

escalas (MSE) y de la dindmica simbolica para aportar nueva informacién relevante y



complementaria a los enfoques mas clasicos de analisis de la oximetria. En una segunda
etapa, se identificaron autométicamente las caracteristicas mas relevantes y
complementarias, buscando maximizar la capacidad diagndéstica de la sefial de SpO.. Para
ello, se evaluaron diferentes técnicas de reduccion de dimensionalidad: forward stepwise
logistic regression (FSLR) y fast correlation-based filter (FCBF). Finalmente, cada
subconjunto de caracteristicas se utilizO para entrenar un algoritmo de aprendizaje
automatico capaz de realizar una clasificacion binaria de los pacientes en funcion de
diferentes umbrales de diagnéstico clinico de la enfermedad. En la presente Tesis Doctoral
se analizé el rendimiento diagnostico de tres algoritmos de reconocimiento de patrones:
analisis discriminante lineal (LDA), analisis discriminante cuadratico (QDA) y regresion
logistica (RL). Para la validacién de los modelos automaticos de ayuda al diagnéstico
propuestos se aplico un enfoque de bootstrapping, asegurando la generalizacion de los
resultados alcanzados.

El mayor rendimiento diagnéstico como metodologia de screening de SAHOS
infantil se obtuvo para un punto de corte de 1 evento/h (SAHOS leve-a-severo).
Concretamente, el modelo de RL Optimo alcanzé el valor mas elevado de precision
diagndstica (Acc 84.3%, intervalo de confianza del 95% (1C95%) 76.8-91.5%), con una
curva receiver operating characteristics (ROC) con area (AUC) igual a 0.89 (1C95% 0.83-
0.94). El modelo QDA mostré el comportamiento méas adecuado como test de screening en
términos de valor predictivo positivo (PPV) (96.5%, 1C95% 90.3-100%) y de razon de
verosimilitud positiva (LR+) (8.77, 1C95% 4.53-14.80), con una AUC de 0.91 (IC95% 0.85-
0.96) para un punto de corte de 1 evento/h. Utilizando un punto de corte de 5 eventos/h
(SAHOS moderado-a-severo) tanto el modelo RL como el QDA alcanzaron de forma
semejante elevadas precisiones diagnosticas, con valores de Acc de 82.7% (1C95% 75.0-
89.6%) y 82.1% (1C95% 73.8-89.5%), respectivamente.

Dentro del marco de la dindmica no lineal de la oximetria nocturna, en la presente
investigacion también se analizo la utilidad particular de la MSE para parametrizar las
caracteristicas no lineales de la sefial de SpOa. En este contexto, se disefio un modelo de RL
compuesto por el subconjunto Optimo de caracteristicas derivadas de MSE e indices
convencionales mas relevantes y menos redundantes seleccionados de forma automatica,
alcanzando una Acc del 83.5%, sensibilidad (Se) del 84.5%, especificidad (Sp) del 83.0%
y AUC de 0.86.



Como modelo automatico de ayuda al diagndstico basado en nuevas métricas no
lineales también se evalud la dindmica simbolica, la cual caracteriza las fluctuaciones
complejas de la oximetria. El histograma de las palabras de 3 simbolos derivadas de la
dinamica simbdlica mostro diferencias estadisticamente significativas (p-valor <0.01) entre
nifios con indice de apnea-hipopnea (IAH) <5 eventos/h y nifios con SAHOS moderado-a-
severo (IAH >5 eventos/h). Las palabras que representaban un incremento en el valor de
oximetria después de los eventos apneicos (re-saturaciones) mostraron la informacién
diagnostica mas relevante. De forma individual, el modelo de RL compuesto unicamente
por caracteristicas de la dinamica simbolica alcanzé una Acc del 78.4% (Se 65.2%, Sp
86.8%) y una AUC de 0.83. El subconjunto 6ptimo de caracteristicas compuesto por los
indices clasicos, variables antropométricas, momentos estadisticos y caracteristicas de la
dindmica simbodlica mas relevantes, alcanz6 una Acc del 83.3% (Se 73.5%, Sp 89.5%) con

una AUC de 0.89, significativamente superior al resto de modelos (p-valor <0.01).

Los resultados obtenidos en la presente Tesis Doctoral han demostrado que las
herramientas de procesado de sefial y reconocimiento automatico de patrones son capaces
de maximizar el rendimiento diagndstico de la oximetria nocturna, ofreciendo informacion
relevante y complementaria a los indices de oximetria clasicos. Por tanto, el anélisis
automatico de los registros de SpO2 procedentes de la oximetria nocturna podria ser una
alternativa sencilla, precisa y segura frente a la PSG estandar, valida para ser utilizada de
forma generalizada como test de screening en nifios con alta probabilidad pre-test de
SAHOS. Esta sencilla prueba seria menos intrusiva para los nifios y permitiria incrementar
la accesibilidad y disponibilidad al diagnostico, haciendo posible un acceso mas réapido al

tratamiento de esta enfermedad.



ABSTRACT

Obstructive sleep apnea-hypopnea syndrome (OSAHS) is a highly prevalent disease
within the children population characterized by major morbidity as well as social and health
impact. Early detection of OSAHS is essential to initiate an adequate treatment. OSAHS is
a complex and multifactorial pathophysiological alteration, in which both genetic and
individual susceptibility (anatomical and dynamic features), as well as lifestyle, are the main
factors influencing the development of the disease. The most frequent risk factors are
adenotonsillar hypertrophy and obesity. Symptoms in children are scarce, being mainly
nocturnal and requiring a high level of suspicion. Undiagnosed or untreated OSAHS is
linked with metabolic, cardiovascular, neurocognitive, inflammatory, and behavioral
consequences, as well as growth (height-weight) delay, leading to a worsening of the health

status and diminished quality of life.

Currently, OSAHS is an underdiagnosed disease. Polysomnography (PSG) is the
gold standard diagnostic method for childhood OSAHS. However, PSG is complex,
particularly intrusive for children, expensive, and with limited availability. Therefore, in
recent years, abbreviated diagnostic methodologies are being assessed in order to obtain
early and timely diagnosis, decrease waiting lists, and reduce associated healthcare costs.
In this context, some researchers focus on overnight oximetry, which is a very simple tool,
relatively unexpensive, and with high accessibility and portability, allowing to be carried
out at patient’s home. Recent studies suggest that automated analysis of blood oxygen
saturation (SpO2) recordings by means of advanced signal processing techniques can
significantly improve the diagnostic capability of overnight oximetry, providing essential
and complementary information to assist in the diagnosis of childhood OSAHS. However,
there is still controversy regarding its general application as a single diagnostic tool for the

disease.



The present PhD Thesis hypothesized that the SpO> signal has information enough
on its own, making nocturnal oximetry potentially very useful in the development of
simplified methods for the detection of childhood OSAHS. Furthermore, automated signal
processing techniques and pattern recognition algorithms could be used to obtain all the
information present in the SpO2 nocturnal recording, maximizing its diagnostic performance
and providing high discriminatory power in OSAHS detection. Accordingly, the main
objective of the PhD Thesis was to design and assess novel methodologies for abbreviated
pediatric OSAHS diagnosis based on the automated analysis of the SpO. signal from

overnight oximetry, acquired both in the hospital and at patient's home.

To achieve this goal, three different cohorts composed of children showing
moderate-to-high suspicion of OSAHS referred to the following sleep laboratories were
analyzed: the Pediatric Sleep Unit at the University of Chicago Medicine Comer Children's
Hospital (CCH: 176 children, 55.1% OSAHS-positive and 44.9% OSAHS-negative; cut-off
of 3 events/h); the Multidisciplinary Sleep Unit of the University Hospital of Burgos
(HUBU: 50 children, 52.0% OSAHS-positive and 48.0% OSAHS-negative; cut-off of 3
events/h); and the British Columbia Children's Hospital of Vancouver (BCCH: 142
children, 38.7% OSAHS-positive and 61.3% OSAHS-negative, cut-off of 5 events/h). SpO-
recordings were acquired from in-hospital PSG (CCH), from respiratory polygraphy (PR)
at-home (HUBU), and using the Phone Oximeter (BCCH), a portable device that integrates

a pulse oximeter with a smartphone.

Automated pattern recognition techniques were used to characterize children
according to their nocturnal oximetry dynamics. The following common stages in the
biomedical signal processing framework were implemented: (i) feature extraction, (ii)
feature selection, and (iii) feature classification. Firstly, changes in the overnight SpO:
profile due to apneic episodes were parameterized using desaturation indexes, statistics in
the time and frequency domains, conventional spectral features, and non-linear measures.
Particularly, in this PhD Thesis, the usefulness of multiscale entropy (MSE) and symbolic
dynamics was analyzed in order to provide new relevant and complementary information to
conventional oximetric indexes. Afterwards, the most relevant and non-redundant
(complementary) features were automatically selected, aiming to maximize the diagnostic
ability of the SpO> signal. For this purpose, different dimensionality reduction algorithms
were applied: forward stepwise logistic regression (FSLR) and fast correlation-based filter

(FCBF). Finally, each feature subset was used to train an automated learning algorithm able
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to implement a binary classification of children according to different clinical diagnostic
thresholds. In the present PhD Thesis, the diagnostic performance of three pattern
recognition algorithms was analyzed: linear discriminant analysis (LDA), quadratic
discriminant analysis (QDA), and logistic regression (LR). A bootstrapping approach was

used to properly test the proposed models, looking for a high generalization of the results.

The highest screening ability for pediatric OSAHS was obtained using the most
restrictive cut-off point for the disease (1 event/h, i.e., mild-to-severe OSAHS). Particularly,
the optimum LR model achieved the highest diagnostic accuracy (84.3% Acc, C195% 76.8-
91.5%) and a receiver operating characteristics (ROC) curve with an area (AUC) of 0.89
(C195% 0.83-0.94). The QDA model showed the best capability as screening test for
childhood OSAHS in terms of positive predictive value (PPV) (96.5%, C195% 90.3-100%)
and positive likelihood ratio (LR +) (19.83, 1C95% 6.44-6.42), with 0.91 AUC (CI95%
0.85-0.96), for a cut-off of 1 event/h. Using a cut-off point of 5 events/h (moderate-to-severe
OSAHS), both LR and QDA models similarly achieved high diagnostic accuracy, with
82.7% Acc (Cl195% 75.0-89.6%) and 82.1% Acc (C195% 73.8-89.5%), respectively.

Within the framework of nonlinear dynamics of nocturnal oximetry, the ability of
MSE to parameterize the nonlinear behaviour of the overnigth SpO: signal was also
particularly analyzed in the present research. An automated binary LR model composed of
the most relevant and non-redundant MSE-derived features and conventional oximetric
indexes was designed. The optimum LR classifier reached 83.5% Acc (84.5% sensitivity,
83.0% specificity) and 0.86 AUC.

In the same context, a nonlinear symbolic dynamics approach was also assessed in
order to characterize complex fluctuations of oximetry. The histogram of 3-symbol words
from symbolic dynamics showed statistically significant differences (p <0.01) between
children with apnea-hypopnea index (AHI) <5 events/h and children with moderate-to-
severe OSAHS (AHI >5 events/h). Words representative of increasing oximetry values after
apneic events (re-saturations) showed the most relevant diagnostic information.
Individually, the LR model composed of all features derived from the proposed symbolic
dynamics approach reached moderate performance, with 78.4% Acc (65.2% Se, 86.8% Sp)
and 0.83 AUC. Nevertheless, the optimum feature subset composed of the most relevant
nonlinear measures from symbolic dynamics and complementary indexes from oximetry,
anthropometric variables, and time-domain linear statistics, significantly increased the
diagnostic ability, reaching 83.3% Acc (73.5% Se, 89.5% Sp) and 0.89 AUC (p <0.01).
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The results obtained in this PhD Thesis suggest that automated signal processing and
pattern recognition approaches are able to significantly improve the diagnostic performance
of overnight oximetry, providing relevant and complementary information to conventional
oximetric indexes. Therefore, automated analysis of SpO: recordings from nocturnal
oximetry could be a simple, accurate, and reliable alternative to standard PSG, showing
great potential to be implemented as a single abbreviated screening test in children with
high pre-test probability of OSAHS. This simple test would be less intrusive for children
and would increase accessibility and availability to diagnostic resources, allowing for an

early and timely access to treatment.
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1. ANTECEDENTES

1.1. Introduccién

En la clasificacion internacional de los trastornos del suefio (ICSD-3), la Academia
Americana de Medicina del Suefio (AASM) agrupa los trastornos respiratorios del suefio
(TRS) en cuatro categorias [1]: sindrome de apnea hipopnea obstructiva del suefio (SAHOS)
del adulto y del nifio; sindrome de apnea del suefio central; trastornos del suefio relacionados
con la hipoventilacién y trastornos del suefio relacionados con la hipoxemia. Todos ellos

estan caracterizados por la presencia de alteraciones de la respiracion durante el suefio [2].

El SAHOS infantil fue descrito inicialmente en 1976 por Guilleminault et al [3]. Es
una patologia frecuente, aunque infradiagnosticada, que se define como un trastorno de la
respiracion durante el suefio caracterizado por una obstruccién parcial prolongada de la
VAS (hipopnea) y/o una obstruccion intermitente completa de la VAS (apnea) que altera la
ventilacion normal del nifio mientras duerme y sus patrones de suefio [1]. Es una alteracion
fisiopatologica compleja y multifactorial, con las subsecuentes desaturaciones de la
oxihemoglobina, episodios transitorios de hipercapnia, aumento del trabajo respiratorio y
cambios en las presiones intratoracicas, provocando despertares subcorticales o corticales.

Este ciclo se repite a lo largo de la noche, de forma recurrente, fragmentando el suefio y
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produciendo un suefio no reparador [4], ademas de provocar consecuencias metabolicas,
cardiovasculares, neurocognitivas, inflamatorias, conductuales y falta de desarrollo
estaturoponderal [1,5,6]. Estas consecuencias conducen a un empeoramiento del estado de
salud en términos generales, disminucién de calidad de vida y alto impacto sociosanitario
en la poblacion pedidtrica [2,5-9]. En la actualidad se considera una enfermedad
multisistémica, expresion de un complejo interjuego entre vias inflamatorias y oxidativas
[10].

La causa mas frecuente del SAHOS es la hipertrofia adenoamigdalar, pero con el
aumento de obesidad en la poblacion infantil se ha observado un aumento de la incidencia
de esta enfermedad en nifios obesos. Los sintomas son escasos, difieren de los adultos y
requieren de un alto nivel de sospecha, siendo los mas frecuentes el ronquido habitual
nocturno, alteracién del suefio y/o problemas de comportamiento [2]. El SAHOS en la edad
pediatrica no s6lo es un problema de salud, sino que también puede ocasionar una
morbilidad significativa. Estas consecuencias adversas junto con una mayor utilizacion de
recursos sanitarios y los costes asociados que genera [11], han llevado a realizar varias
declaraciones de consenso y guias de diagnéstico de SAHOS [8,12,13], ya que la deteccion

precoz es esencial para iniciar un tratamiento adecuado [14].

El diagnostico de los TRS en la infancia requiere la realizacion de una
polisomnografia (PSG) o poligrafia respiratoria (PR) nocturna, que permita el diagnostico
y un adecuado abordaje terapéutico [2]. No obstante, se trata de técnicas costosas y
complejas que producen molestias a los nifios y requieren de personal cualificado para su
realizacion e interpretacion. Por ello, en los ultimos afios, se estan desarrollando
metodologias diagnosticas mas simplificadas, principalmente domiciliarias, que ayuden a

hacer una deteccion precoz de esta enfermedad.

El tratamiento de eleccion del SAHOS infantil es la adenoamigdalectomia [2,15].
Sin embargo, existen otras opciones de tratamiento que ayudan al control y seguimiento de
la enfermedad [2,12]. Tanto su manejo diagnostico como terapéutico es claramente
multidisciplinar, ya que diferentes especialistas como pediatras, otorrinolaring6logos,
neumdlogos y neurofisidlogos estan implicados en el proceso asistencial de los nifios

afectados de trastornos respiratorios relacionados con el suefio [12].
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1.2. Prevalencia

El SAHOS es una enfermedad frecuente. Las estimaciones de prevalencia varian
dependiendo de las poblaciones estudiadas y de los criterios diagndsticos, pero oscila entre
el 1y el 5% de la poblacion pediatrica [6], con un pico entre los 2 y los 8 afios de edad [4,8].
En el caso concreto de la poblacion general infantil obesa, el grupo de Alvarez-Alonso et al
[16] registro en el estudio NANOS una prevalencia de SAHOS que asciende a valores entre
el 21.5% y el 39.5% segun el tipo de indicador usado. Factores como el rapido incremento
de la obesidad en nifios han provocado una variacion del fenotipo clinico de estos pacientes,

similar al del adulto.

En el contexto infantil, muchos estudios han demostrado que esta enfermedad se
asocia con una importante morbilidad, estando sin embargo infradiagnosticada [17] y, por
tanto, sin tratamiento oportuno, lo que contribuye a aumentar los costes econdémicos directos
e indirectos [11]. A pesar de estos hechos, frecuentemente se presta poca atencion a los TRS
por parte de los profesionales médicos [18]. De hecho, menos de un 30% realizan de forma

rutinaria una evaluacion del ronquido en nifios en edad escolar y adolescentes [19].

1.3. Fisiopatologia y factores de riesgo

El SAHOS es una alteracion fisiopatoldgica compleja y multifactorial. Se produce
por la obstruccion recurrente total (apnea) o parcial (hipopnea) de la VAS durante el suefio
[20]. Como consecuencia, se produce una disminucién o ausencia del flujo aéreo oronasal,
lo que conlleva a una desaturacion de la oxihemoglobina (hipoxia), hipercapnia y cambios
en la mecanica toracica. A nivel del sistema nervioso central la combinacion de hipoxia e
hipercapnia produce arousals (microdespertares transitorios) o despertares completos,
responsables de la fragmentacion y alteracion de la arquitectura del suefio [6]. En el SAHOS

infantil, a diferencia del adulto, la hipopnea predomina sobre la apnea.

La presencia de hipoxia intermitente, cambios de presion intratorécica,
hipoventilacion alveolar y fragmentacion del suefio ligada al fenébmeno de apneas o
hipopneas obstructivas parecen producir una activacién de una respuesta inflamatoria
sistemica con la activacion de mdaltiples vias bioldgicas, como la del estrés oxidativo [10] y

la de regulacion de la homeostasis lipidica, relacionandose con consecuencias metabolicas,
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cardiovasculares, neurocognitivas, conductuales y falta de desarrollo estaturoponderal
[2,5,6].

La causa mas frecuente de SAHOS en la infancia es la hipertrofia adenoamigdalar
[2], siendo la razon mas frecuente del fenotipo clasico. No obstante, su patogenia es un
proceso dindmico y es la conjuncién de factores anatomicos y funcionales lo que Ileva a un
desequilibrio y colapso de la VAS [2]. La segunda causa més frecuente de SAHOS en nifios
es la obesidad, ya que se ha producido un gran aumento de poblacion infantil obesa en las
altimas dos décadas [21]. Ademas, varios estudios han encontrado agregacion familiar de
SAHOS independientemente del peso, indice de masa corporal (IMC) o circunferencia del
cuello, por lo que influyen también factores genéticos [22].

Por tanto, los factores fisiopatoldgicos involucrados en el SAHOS [23] pueden

dividirse, de manera arbitraria, en los siguientes grupos:

- Factores anatomicos: reducen la eficacia del calibre de las vias respiratorias. Se

observan en las siguientes entidades:

o Sindromes craneofaciales, polimalformativos [21]:
= Sindrome de Treacher Collins.
= Sindrome de Crouzon.
= Sindrome de Apert.
= Sindrome de Pierre-Robin.
= Sindrome de Prader-Willi.
= Acondroplasia.
= Parélisis cerebral.
= Mielomeningocele.
=  Trisomia 21.
= Mucopolisacaridosis.
= Fibrosis quistica.

o Alteraciones anatomicas
= Micrognatia.
= Retrognatia.
= Macroglosia.
= Alteraciones 0seas del paladar.
= Hipertrofia de cornetes; pélipos nasales; desviacién del tabique nasal.

= Anquilosis temporomandibular.

4
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o

Deposito graso en la hipofaringe, de especial interés en los Gltimos afios
dado el incremento de obesidad infantil. Los nifios obesos presentan un
menor espacio faringeo debido a depdsitos grasos parafaringeos que,
afiadido al aumento de grasa abdominal, puede contribuir a disminuir la
capacidad residual funcional (CRF) y limitar la movilidad del diafragma,
junto con los depositos de grasa toracicos que ocasionan disminucion de
la “‘compliance” pulmonar.

Hipertrofia de tejido linfoide (principalmente, adenoides y amigdalas).
Recientemente, se ha objetivado mayor crecimiento de tejido linfoide en
otros nodos linfaticos, sugiriendo participacion de inflamacion e
infecciones recurrentes o cronicas a distintos niveles de la VAS (nariz,
senos paranasales, oido medio) [24]. El periodo de mayor crecimiento es
durante los primeros 6 afios de edad [21].

Etnia. Autores como Rosen et al [25] han objetivado que la raza negra es
factor de riesgo de SAHOS.

No obstante, los factores anatémicos no explican del todo el SAHOS infantil, ya que

el indice de apnea-hipopnea (IAH) no se correlaciona con el volumen de las vias

respiratorias [26] y la correlacion entre el IAH y el tamarfio adenoamigdalar es débil, aunque

estadisticamente significativa, 1o que sugiere que existen otros factores en la fisiopatologia
del SAHOS pediétrico [27,28].

- Factores dinamicos: provocan una mayor colapsabilidad de la VAS:

o

©)

Inflamacion de la VAS: se observa una activacion y perpetuacion de la
respuesta inflamatoria sistémica [10] de citosinas proinflamatorias.
Debido a ello, es factor de riesgo de SAHOS el asma bronquial.
Laringomalacia, hipotonia faringea relacionada con el suefio REM,
reflujo gastroesofagico, prematuridad.

Alteracion de los reflejos neurales implicados en el control respiratorio
de los musculos de la VAS. Aparecen en trastornos neuromusculares,

miopatias.

La conjuncion de todas estas variables seria la responsable de una combinacion de

sintomas, en la que no sdlo influiria la susceptibilidad individual y genética, sino también

las condiciones medioambientales y el estilo de vida [23].
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En base a lo descrito previamente, se ha establecido una clasificacion fenotipica del
SAHOS [21]:

- Tipo I: Marcada hipertrofia adenoamigdalar en ausencia de obesidad.
- Tipo lI: Obesidad con moderada o leve hipertrofia adenoamigdalar.
- Tipo llI: Alteraciones craneofaciales y enfermedad neuromuscular.

- Tipo IV: Mala oclusion dental.

1.4. Clinica

Los sintomas caracteristicos del SAHOS en los nifios son escasos, difieren de los
adultos y requieren un alto nivel de sospecha, por lo que es de utilidad el empleo de

cuestionarios con objeto de favorecer el diagnostico.

Las manifestaciones clinicas son principalmente nocturnas. En el nifio con SAHOS
se producen multiples arousals corticales con eventuales despertares posteriores. Dicha
fragmentacion del suefio altera la correcta arquitectura de éste, impidiendo un descanso
reparador, motivo por el cual el nifio puede presentar también diferentes sintomas diurnos,
aungue son menos frecuentes que los sintomas nocturnos [2,28]. A continuacion, se

enumeran las principales manifestaciones clinicas [2,28]:

- Manifestaciones clinicas nocturnas

o Ronquido continuo, no s6lo en agudizacion (en el 95% de casos).

o Pausas respiratorias observadas (en el 92% de casos).

o Respiracion ruidosa (en el 95% de casos).

o Respiracion bucal.

o Respiracion dificultosa o paradojica.

o Aumento del esfuerzo respiratorio observandose retraccion supraesternal
e intercostal.

o Sudoracién nocturna excesiva (en el 74% de casos).

o Posturas anémalas para dormir, por ejemplo, hiperextension del cuello,
posicion prona con las rodillas debajo del térax, posicion semisentado con
frecuentes movimientos.

o Suefio inquieto nocturno, intranquilo.

o Cianosis.

o Enuresis nocturna (en el 30% de casos).

6
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- Manifestaciones clinicas diurnas

o Respiracion bucal diurna, voz nasal, facies adenoidea.

o Hipertrofia amigdalar.

o Dismorfias faciales (retrognatia, micrognatia, macroglosia, hipoplasia
medio-facial).

o Dificultad para despertar, cansancio al levantarse, cefaleas matutinas (por
hipoventilacién), somnolencia diurna (sintoma poco habitual que suele
aparecer en los casos mas graves y mas frecuentemente en nifios obesos).

o Dificultad para concentrarse.

o Alteraciones del comportamiento como hiperactividad, agresividad,
irritabilidad y escaso rendimiento escolar.

o Retraso del crecimiento y bajo desarrollo ponderoestatural.

o Obesidad.

o Refuerzo del segundo tono cardiaco.

o Hipertension arterial sistémica.

o Presencia de sindrome metabolico.

De todos ellos, el sintoma clinico mas frecuente en los nifios es el ronquido [28],
siendo el motivo inicial de consulta en la mayoria de los casos, aunque no todos los nifios
roncadores padeceran SAHOS [2]. La somnolencia diurna excesiva, en contraste con los
adultos, no es un sintoma evidente en el SAHOS pediatrico. Sin embargo, si se observan
puntuaciones significativamente mas altas en la Escala de Somnolencia de Epworth (ESS)
en comparacion con los controles [29]. Destacar, ademas, que estos nifios presentan una

mayor incidencia de parasomnias, como sonambulismo o terrores nocturnos, entre otras [2].

1.5. Consecuencias

La importancia del SAHOS infantil estd relacionada con una morbilidad
significativa, que resulta de la combinacion de la activacion de la cascada inflamatoria y la
induccion de mecanismos de estrés oxidativo que, a su vez, conducen a lesion celular,
disfuncion, envejecimiento y diversas formas de muerte celular. Son los ciclos repetidos de
hipoxia, reoxigenacion y restauracién de la ventilacion durante los periodos de obstruccion
de la VAS los que estan implicados en la produccion de estres oxidativo e inflamacion. Las

complicaciones pueden incluir alteraciones del crecimiento, alteraciones neurocognitivas y
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cor pulmonale, especialmente en casos graves [2,5]. Las consecuencias de la obstruccion

de la VAS pueden ser inmediatas [2,5,28] o pueden aparecer a largo plazo [6,7,20]:

Consecuencias inmediatas

Aumento del trabajo respiratorio.

Hipoxemia intermitente.

Fragmentacién del suefio.

Hipoventilacién alveolar.

Consecuencias a largo plazo

Retraso de crecimiento y desarrollo. Las alteraciones del crecimiento tienen un

origen multifactorial: déficit de ingesta calorica, aumento del gasto energético
secundario a un incremento del esfuerzo respiratorio nocturno o alteraciones en
la liberacion de la hormona de crecimiento, que tiene lugar durante las fases
profundas de suefio [30].

Alteraciones cardiovasculares [31]. Principalmente hipertension arterial

sistémica (secundaria al estrés oxidativo), hipertension pulmonar y cor
pulmonale (secundarias a la vasoconstriccion pulmonar que induce la hipoxia),
resultante de la insuficiencia cardiaca derecha si se deja sin tratamiento, asi
como hipertrofia ventricular izquierda. Kheirandish-Gozal L et al [32] han
demostrado que en los nifios con SAHOS existe una disfuncion endotelial, la
cual es una anomalia preclinica vascular que precede al desarrollo de
enfermedad vascular y ateroesclerosis.

Alteraciones del aprendizaje v del comportamiento con labilidad emocional

[33], secundarias a la hipoxia intermitente, la cual tiene efectos deletéreos sobre
las funciones neuronales e intelectuales. Se observa una disminucion del
rendimiento escolar, documentando mayores tasas de fracaso escolar [34].

Alteraciones endocrino-metabdlicas [35]. En los casos de obesidad hay

asociacion con el sindrome metabdlico. Uno de los mecanismos por los cuales
la obesidad se relaciona con morbilidad es la activacion de las vias que
conducen a la enfermedad metabdlica, con participacion de citoguinas
proinflamatorias: interleukina 6 (IL-6), factor de necrosis tumoral alfa (TNF-a)
y proteina C reactiva (PCR) [36].
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Se considera necesaria la integracion de obesidad, SAHOS, inflamacion, interaccion
con el entorno, estilo de vida y polimorfismos genéticos en un modelo multifactorial que
permita desarrollar algoritmos predictivos que ayuden a identificar los riesgos a corto y
largo plazo para el desarrollo de morbilidad en los nifios con obesidad y SAHOS. En la
actualidad, también se especula con la relacién que pueda existir entre algunos fenotipos de
SAHOS en adultos y la persistencia de la apnea del suefio infantil [31].

Ademas, los nifios que sufren esta enfermedad, presentan una mayor utilizacion de
los servicios de salud, principalmente en lo relacionado con procesos infecciosos [37],
registrandose mas visitas al hospital, mas visitas repetidas y costes de medicacion mas altos
[37]. También se observa una reduccion significativa de la utilizacién de servicios de salud
y de costes totales anuales de atencion de salud después del tratamiento con

adenoamigdalectomia [11].

1.6. Diagnostico

Para realizar un diagnostico de SAHOS en nifios es indispensable mantener un alto
nivel de sospecha clinica en las consultas de Pediatria General. Existen diferentes
herramientas que se describen a continuacién que pueden ayudar a verificar que el nifio

presenta dicha enfermedad.

1.6.1. Historia clinica

Desde el punto de vista clinico, la evaluacion de un nifio con sospecha de SAHOS
deberia incluir una historia clinica y exploracion completa, aunque ello no permite distinguir
la presencia de sindrome de apnea del suefio por su baja sensibilidad. Los primeros autores
en mostrar la incapacidad de discernir el SAHOS a través Unicamente de la historia clinica
fueron Carroll et al en 1995 [38]. En la historia y anamnesis del suefio se deberia determinar

la siguiente informacion [12]:

- Antecedentes familiares de SAHOS.

- Eventos relacionados con el suefio y la respiracion del nifio.

- Posicidn habitual durante el suefio.

- Somnolencia diurna excesiva.

- Aparicién de mal rendimiento escolar o alteraciones conductuales.

- Enuresis nocturna.
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Ademas, algunos sintomas incrementan la probabilidad de que un nifio que ronca
presente SAHOS [39]:

- Observacion familiar de apnea (odds ratio (OR) 3.3).
- Respiracion bucal diurna frecuente (OR 3.7).
- Preocupacion paterna sobre la respiracion del nifio (OR 4.4).

- Dificultad respiratoria durante el suefio (OR 5.4).

1.6.2. Exploracion fisica
Es variable, siendo necesarias las siguientes exploraciones [12]:

- Anatomia craneofacial y de VAS. Se valorard la existencia de hipertrofia
adenoidea, hipertrofia amigdalar (segun el grado de Mallampati: grado I, I, 111
y 1V) y retrognatia, entre otras posibles alteraciones. Es importante sefialar que
el grado de hipertrofia adenoamigdalar no esté linealmente correlacionado con
la presencia de SAHOS.

- Exploracion cardiopulmonar. Descripcion del patron y frecuencia respiratoria,
variabilidad de la frecuencia cardiaca, auscultacion de un posible soplo
sugestivo de regurgitacion trictspide. No obstante, en la mayoria de las
situaciones, estos datos no son significativos.

- Somatometriay, sobre todo, sus cambios recientes. La poblacion infantil obesa
representa un grupo de riesgo especial.

La mayoria de los nifios presentan solo leve o moderado aumento del tamafio
adenoamigdalar y no necesariamente muestran dificultades respiratorias durante la
exploracion. Por tanto, una exploracion fisica normal no excluiria SAHOS. Apoyaria, entre
otros, su diagnostico [12]:

- Bajo desarrollo pondero-estatural.
- Obesidad.

- Hipertrofia amigdalar.

- Respiracion bucal.

- Facies adenoidea.

En una revisidn reciente, se ha sefialado un valor predictivo positivo (PPV) del 65%
para la historia y del 46% para la exploracion fisica [8]. Hay autores que han comparado la

expresion clinica y polisomnografica del SAHOS en nifios con hipertrofia amigdalar, frente
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a los que tenian enfermedad concomitante. Es el caso de Llombart et al [40], quienes
observaron que en el segundo grupo eran mas frecuentes las alteraciones del macizo facial,
la macroglosia, la dolicocefalia y la obesidad, con mayor hipoventilacién nocturna, sin
presentar diferencias en las variables neurofisiologicas ni en el indice de alteracion
respiratoria (IAR). No obstante, el grupo con hipertrofia adenoamigdalar tenia un mayor
valor de saturacion de oxigeno (SpO-), menor indice de desaturaciones por hora (ID) y
menor porcentaje de tiempo de suefio con saturacion de oxihemoglobina inferior al 90%
(CT90). Ademas, la evolucion clinica y poligrafica fue mas favorable en el grupo con
hipertrofia amigdalar, mientras que el segundo grupo precisé con mayor frecuencia, ademas
de cirugia, tratamiento con presion positiva continua en la via aérea (CPAP) o presion
positiva binivel en la via aérea. De forma similar, Wu et al [41] construyeron un modelo de
regresion logistica (RL) con variables de historia clinica, demograficas y otras variables
relevantes, alcanzando una precision diagnostica del 78.2% en una poblacion independiente
de validacion. Kljajic et al [42] estudiaron la estimacion del IAH segun parametros clinicos,
entre los que incluyeron el IMC, el tamafio adenoamigdalar y el Mallampati, aplicando
regresion mdaltiple. Estos autores reportaron una buena correlacion entre la escala de

Mallampati y el 1AH de la PSG, siendo ésta menor para el tamafio amigdalar.

1.6.3. Cuestionarios

Los cuestionarios especificos disefiados para aplicarlos ante la sospecha de SAHOS
infantil son muy escasos. Esto es debido, principalmente, a que el impacto de esta
enfermedad en la calidad de vida en los nifios ha sido, en gran medida, subestimado. No
obstante, en los ultimos afios ha habido un interés por utilizarlos [43], ya que son muy
sencillos y han demostrado ser coste-efectivos [44]. Basados en la clinica, tratan de predecir
la presencia de SAHOS, siendo utilizados mas como herramienta de deteccidn o despistaje
que de diagnostico definitivo, al mostrar una baja precision diagnostica (Acc) y una curva
receiver operating characteristics (ROC) con area (AUC) en torno a 0.7-0.8 [45,46].
Aunque la PSG seria necesaria para el diagndstico, si es cierto que los sintomas obtenidos
durante una visita también pueden ofrecer una visién complementaria de comorbilidad y de

las respuestas a la cirugia [47]. Los cuestionarios mas frecuentemente utilizados son:

- Cuestionario de Chervin (Pediatric Sleep Questionnaire, PSQ) [48]. Es uno de
los mas difundidos y utilizados, constando de 22 preguntas. Ha sido traducido
y validado en lengua espafiola y es el referente en la sospecha de SAHOS para
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nifios entre 2 y 18 afios de edad, segin se acordd en el Consenso Nacional
Espafiol del sindrome de apnea del suefio [12]. Parece mostrar mejores
resultados que otros cuestionarios publicados, con una sensibilidad (Se) del 85%
y una especificidad (Sp) del 87% [48]. Refleja caracteristicas de
comportamiento, calidad de vida y somnolencia, pudiendo predecir la mejoria
después de la adenoamigdalectomia. Recientemente, Bertran et al [49] han
estudiado la precision diagnostica de la version espafiola del PSQ en nifios
roncadores, alcanzando una Se del 88% y una razon de verosimilitud negativa
(LR-) de 0.26, por lo que concluyen que podria ser una adecuada herramienta
para los médicos como ayuda en la toma de decisiones en nifios roncadores.
Ehsan et al [50] también han encontrado una correlacion significativa entre el
PSQ y el IAH de la PSG.

OSA-18: Descrito en el afio 2000 por Franco et al [51], sirve para evaluar 5
dimensiones: alteracion del suefio, tolerancia fisica, problemas emocionales,
limitacion de actividades durante el dia y preocupacion del padre o cuidador.
También se ha validado su version traducida al espafiol. Sin embargo, Ishman
et al [52] han concluido recientemente que este cuestionario, en comparacion
con la PSG estandar, presenta una sensibilidad y un valor predictivo negativo
(NPV) extremadamente bajos para nifios de cualquier raza, lo que sugiere que
no es suficientemente sensible para detectar esta enfermedad ni suficientemente
especifico para descartarla, siendo un indicador de calidad de vida y no un
sustituto fiable de la PSG.

OSD-6: descrito por De Serres et al también en el afio 2000 [53], esta compuesto
por seis dominios, relacionados con el sufrimiento fisico, la alteracion del
suefio, dificultades en el habla y la deglucion, sufrimiento emocional, limitacion
de actividad y nivel de preocupacién del cuidador en relacion con la enfermedad
del paciente y los sintomas. También se ha validado su version en el idioma

espafiol.

Utilizados en combinacién con la exploracion fisica, los cuestionarios han

demostrado mejorar el rendimiento diagnéstico comparandolo con el uso Unicamente de la
sintomatologia, alcanzando una Se del 96.05%, un LR+ de 2.91 y un LR- de 0.06 [54].

También se ha analizado su utilidad para predecir la gravedad del SAHOS. En este

aspecto, en el estudio CHAT desarrollado y finalizado recientemente por Mitchell et al [55],
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se concluye que los datos demogréaficos, la exploracion fisica y los cuestionarios no
discriminan de forma contundente los niveles de gravedad del sindrome de apnea del suefio.
Por tanto, son necesarios mas estudios realizados en grandes poblaciones para poder

demostrar el verdadero potencial de los cuestionarios.

1.6.4. Pruebas complementarias

A continuacion, se enumeran y describen brevemente las principales pruebas

complementarias:

- Radiografia lateral de faringe, siendo su utilidad muy controvertida [12].

- Video domiciliario. Consiste en la observacion del esfuerzo respiratorio
nocturno, pudiendo aportar informacién importante sobre el padecimiento de la
enfermedad [12].

- Nasofibroscopia con endoscopio flexible. Esta prueba permite valorar la
permeabilidad de las fosas nasales, la presencia de hipertrofia adenoidea, la

permeabilidad de las coanas y la presencia de alteraciones laringeas [56].

1.6.5. Estudios de suefio
1.6.5.1. Polisomnografia nocturna

La PSG es el método diagndstico de eleccion de SAHOS infantil [2,15,57,58]. Dada
la edad de los pacientes, requiere un entorno especifico adecuado y adaptarse al horario del
nifio, requiriendo personal entrenado tanto en la realizacién de la técnica como en su
interpretacion [2,5,12,59-61]. Es una prueba que proporciona una evaluacion objetiva y
cuantitativa de las alteraciones en los parametros respiratorios y los patrones de suefio,
permitiendo estratificar el grado de severidad de la enfermedad y facilitar su tratamiento

clinico.

Consiste en el registro continuo y supervisado del estado de vigilia y de suefio
espontaneo, no inducido farmacoldgicamente, mediante la medicion simultanea de variables
neurofisioldgicas y variables cardiorrespiratorias que proporcionan informacion sobre
arousals, eventos respiratorios, esfuerzo toracoabdominal, intercambio gaseoso, frecuencia
cardiaca y posicion corporal, entre otros. Ademas, incluye registro con video. A

continuacion, se enumeran las sefiales registradas durante un estudio de PSG [62]:
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- Variables neurofisiologicas (permiten la valoracion de los estadios y la

arquitectura del suefio):

©)

O

O

Electroencefalograma.
Electrooculograma.
Electromiograma tibial y submentoniano.

- Variables cardiorrespiratorias (permiten la valoracion y la clasificacion de

los eventos respiratorios):

o

©)

o

o

Flujo oronasal, mediante termosensores (termistor) y/o canulas nasales.
Esfuerzo respiratorio, mediante bandas piezoeléctricas toracicas y
abdominales o pletismografia de impedancia.

Valoracion del intercambio gaseoso: SpO2 por pulsioximetria y medida
del dioxido de carbono (COz) espirado o transcutdneo mediante
capnografia.

Frecuencia y ritmo cardiaco mediante electrocardiograma.

Ronquido.

Posicion corporal.

La codificacion de la PSG en los nifios difiere de los adultos [57]. Ademas, requiere

el registro de CO> transcutaneo o CO- tele-espiratorio ya que pausas respiratorias cortas

pueden producir descensos de la SpO2 y aumentos de la presion arterial de didxido de

carbono (PaCQOy).

Los criterios de estadificacion de suefio de Rechtschaffen y Kales son inicialmente

propuestos en 1968 siendo utilizados como herramienta de lectura de las fases de suefio en

individuos adultos [63]. En el afio 2006, se publican los valores polisomnogréaficos de

referencia para nifios [64] y, en 2007, la AASM [57] publica los criterios para la

identificacion de apneas y su clasificacion, la identificacion de hipopneas, de limitaciones

al flujo, de hipoventilacion nocturna y de respiracién periddica en nifios. Estos criterios son

revisados en 2012 por la AASM [62], los cuales se describen a continuacion:

- Apnea obstructiva

o

o

Duracion del evento equivalente a al menos dos ciclos respiratorios.

El evento se asocia a caida de la amplitud de la sefial del termistor >90%
durante >90% del total del evento, comparada con el nivel basal.
Persistencia o aumento del esfuerzo respiratorio durante el periodo de

descenso del flujo oronasal.
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o

Duracion: desde el final de la Gltima respiracion normal hasta el inicio de

la primera respiracion que recupera el nivel basal.

- Apnea central

(@]

o

El evento se asocia a caida de la amplitud de la sefial del termistor >90%
durante >90% del total del evento, comparada con el nivel basal.
Ausencia de esfuerzo inspiratorio durante todo el evento y uno de los
siguientes criterios:
= Duracion del evento durante al menos 20 segundos.
= Duracion del evento al menos el tiempo equivalente a 2 ciclos
respiratorios asociado con arousal y/o desaturacion >3%.
= El evento se asocia con una disminucion de la frecuencia cardiaca
de menos de 50 latidos por minuto (Ipm) durante al menos 5
segundos 0 menos de 60 Ipm durante 15 segundos (s6lo para nifios
menores de 1 afio).
Duracion: desde el final de la Gltima respiracion normal hasta el inicio de

la primera respiracion que recupera el nivel basal.

- Apnea mixta

o

o

Duracion del evento equivalente a al menos dos ciclos respiratorios.

El evento se asocia a caida de la amplitud de la senal del termistor >90%
durante >90% del total del evento, comparada con el nivel basal.
Ausencia de esfuerzo inspiratorio durante una parte del evento y presencia
de esfuerzo inspiratorio en otra parte del evento sin importar qué parte
empieza primero.

Duracion: desde el final de la ltima respiracion normal hasta el inicio de

la primera respiracion que recupera el nivel basal.

- Hipopnea

©)

©)

Duracion del evento equivalente a al menos dos ciclos respiratorios.
Descenso en la amplitud de la sefial de la canula nasal o de sefial
alternativa >30% comparada con la amplitud basal.

La caida en la amplitud de la cdnula nasal debe durar >90% de todo el
evento respiratorio comparado con la amplitud precedente del evento.

El evento esta asociado con un arousal y/o desaturacion >3%.
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Las hipopneas se clasifican en:

o Obstructiva, si se observa alguno de los siguientes criterios:
= Ronquido durante el evento.
= Incremento del aplanamiento inspiratorio de la sefial de la canula
nasal comparada con la amplitud basal.
= Movimientos toracoabdominales paraddjicos durante el evento
gue no aparecen en la respiracion previa al evento.
o Central, si no se observa ninguno de los siguientes criterios:
= Ronquido durante el evento.
= Incremento del aplanamiento inspiratorio de la sefial de la canula
nasal comparada con la amplitud basal.
= Movimientos toracoabdominales paradojicos durante el evento
que no aparecen en la respiracion previa al evento.
- Evento respiratorio relacionado con arousal (RERA). Se caracteriza por:
o Aumento progresivo del esfuerzo respiratorio, aplanamiento inspiratorio
de la sefial de la canula nasal, ronquido, elevacién de CO. end-tidal o
transcutaneo seguido de un arousal, sin cumplir criterios de apnea o
hipopnea.
o La duracién del evento debe ser al menos el tiempo equivalente a dos
ciclos respiratorios.
- Hipoventilacion: CO2> >50 mmHg durante >25% del tiempo total de suefio
(TST), medido por CO- end-tidal o CO- transcutaneo.
- Respiracion periddica: Presencia de >3 episodios de apneas centrales de al
menos >3 segundos de duracidn separadas por menos de 20 segundos de

respiracion normal.

A continuacién, se describen los valores polisomnograficos normales segun el

Documento de Consenso del SAHOS en nifios [12]:

- TST:>6 horas.

- Eficiencia del suefio: >85%.

- Suefio REM: 15-30% del TST.

- Suefio onda lenta: 10-40% del TST.
- 1AH: <1 evento/h.

- SpO2 media: >92%.
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- Indice de desaturacion del 4% (ID4): <1.4.

La Clasificacion Internacional de Trastornos del Suefio considera, por consenso, el
diagnostico de SAHOS en nifios cuando hay uno o mas eventos respiratorios por hora de
suefio [61]. En Espafia, el Grupo Espafiol de Suefio ya publico, en el afio 2005, el
Documento de Consenso Nacional estableciendo los criterios diagndsticos de SAHOS en
nifios [15,58] y se aceptd un indice de apneas-hipopneas obstructivas (IAHo) entre 1y 3
eventos/h como punto de corte de normalidad [15]. Actualmente, es necesaria la valoracién
de los eventos respiratorios, apneas, hipopneas y RERAs definidos segun la AASM [62]
para la indicacion del tratamiento. En relacion con la gravedad del SAHOS, segun la PSG,

ésta se clasifica en [60]:

- SAHOS leve: 1 <IAH <5 eventos/h.
- SAHOS moderado: 5 <IAH <10 eventos/h.
- SAHOS grave: IAH >10 eventos/h.

En un anélisis sistematico de la literatura acerca de la validez, fiabilidad y utilidad
clinicade laPSG [65], para la caracterizacion de la respiracion durante el suefio en los nifios,
se concluye que ésta es una metodologia clinicamente util en el diagnostico y abordaje de
los TRS, requiriéndose para su confirmacion, la integracion de los hallazgos
polisomnograficos con la valoracion clinica. De hecho, en el Documento de Consenso
Esparfiol del SAHOS en nifios, revisado en 2011 [12,66], en el cual se recoge una estrategia
diagnostico-terapéutica, se tiene en cuenta no sélo los valores de PSG, si no también, la

clinica y comorbilidad o consecuencias demostradas del SAHOS.

Limitaciones de la PSG

Uno de los problemas que surge ante la realizacion de la PSG hospitalaria, es que el
nifio tiene que dormir en la Unidad de Suefio, fuera de su entorno habitual. Para evitar este
inconveniente, hay autores que han analizado la validez de la PSG realizada en el propio
domicilio del paciente [67]. En esta linea de investigacion, Brockmann et al [68] han
sefialado que los registros realizados mediante PSG domiciliaria fueron validos en el 93%

de los nifios, no reportando diferencias entre la PSG hospitalaria y la PSG domiciliaria.

No obstante, es necesario buscar técnicas diagnosticas alternativas a la PSG, debido
a que ésta es una metodologia compleja, particularmente intrusiva para los nifios, costosa y

gue no se encuentra al alcance de todos los centros. De hecho, en el documento de Consenso
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Espafiol [12] se indica que los objetivos a corto plazo en cuanto al diagndstico del SAHOS
pediatrico deberian ser, entre otros, incrementar el poder de sospecha diagndstica en
asistencia primaria, facilitando métodos de cribado y aproximacién diagnostica. En este
Consenso, se reconoce el interés en el desarrollo de herramientas méas simples, quedando
reservadas las técnicas mas complejas y/o costosas para aquellos en que las més sencillas
no aporten un diagnostico de certeza o para aquellos en los que puedan condicionar la terapia
como, por ejemplo, la ventilacion no invasiva frente al tratamiento quirdrgico [12]. De esta
forma, los autores que desarrollan este consenso proponen analizar la metodologia
diagndstica del SAHOS en dos compartimentos tedricos, el correspondiente a Atencion
Primaria y el correspondiente a asistencia hospitalaria [12], superponiéndose Yy

complementandose en muchas ocasiones ambos estratos.

1.6.5.2. Poligrafia respiratoria nocturna

Los sistemas portéatiles de PR, son dispositivos mas sencillos, disefiados inicialmente
para su utilizacién en el domicilio del paciente, por lo que son técnicas no vigiladas que no
permiten intervencidn durante su realizacion. Tipicamente, incluyen la medida de variables
cardiorrespiratorias, pero no de variables neurofisioldgicas. A continuacién, se enumeran

las sefiales registradas en una PR:

- Flujo oronasal: medido con termistor y/o canula nasal.
- Esfuerzo respiratorio: toracico y/o abdominal.

- SpO:y frecuencia cardiaca mediante pulsioximetria.

- Posicion corporal.

- Ronquido.

Los criterios de analisis de los registros deberan ser los mismos en todos los

poligrafos en cuanto a las variables recogidas y siguiendo los criterios de la AASM [62].

La limitacion principal de la PR es su carencia de sefiales neurofisioldgicas, por lo
que no permite conocer la estructura del suefio, la diferenciacion entre el suefio y vigilia o
la identificacion de hipopneas asociadas con arousals. Por ello, es importante conocer su
principal indicacion: estudio de pacientes con alta o baja probabilidad de padecer SAHOS.
Los pacientes con probabilidad media y aquellos con comorbilidad asociada deberan
realizarse una PSG completa, al igual que aquellos con resultados negativos en la PR pero

con alta sospecha clinica de padecer la enfermedad [12].
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En el afio 2008, Alonso-Alvarez et al [69] validaron la PR en un estudio realizado a
53 nifios con sospecha clinica de SAHOS, a los cuales se les realiz6 simultdneamente PSG
y PR en el laboratorio de suefio. Consideraron diagnostico de SAHOS un IAHo >3 eventos/h
en PSG y un IAR >3 eventos/h en PR, obteniéndose una Acc del 84.9% con un coeficiente
de correlacion intraclase (CCI) de 0.894 (intervalo de confianza del 95% (IC 95%) 0.824 -
0.937, p <0.001). También se valoraron como puntos de corte diagndstico de SAHOS los
valores de IAH0 >1, >3 y >5 eventos/h, calculandose las curvas ROC para cada uno de ellos,
siendo 4.6 el mejor IAR para los tres valores de IAHo considerados, con un AUC superior
al 85% y una Sp del 91.7%, lo que permitiria descartar los casos falsos positivos. Por tanto,
estos autores concluyen que la PR hospitalaria es una alternativa valida para el diagndstico
del SAHOS en el nifio. No obstante, el inconveniente sigue siendo la necesidad de realizar
el registro en un medio hospitalario, con los gastos y la generacidn de estrés que ello supone

para el nifio y para su familia.

Para evitar esta desventaja, mas recientemente (2015), Alonso-Alvarez et al [70]
estudiaron la validez de la PR domiciliaria en el diagnostico del SAHOS infantil, realizando
un estudio comparativo entre la PR en el domicilio y la PR realizada en el laboratorio de
suefio de forma simultanea a la PSG, que fue la técnica considerada como gold standard.
Estos autores encontraron muy buena concordancia entre ambas técnicas (PR en laboratorio
y en domicilio), con un ICC >0.80. Para un IAH >3 eventos/h respecto del TST en PSG, el
punto de corte optimo para la PR se estableci6 en >5.6 eventos/h, con una Se del 90.9% y
una Sp del 94.1% [70]. En base a estos resultados, los autores concluyen que la PR
domiciliaria emerge como una herramienta potencialmente Util para el diagndstico de
SAHOS en nifios, requiriéndose, no obstante, mas investigaciones para el diagnéstico de los

casos leves.

Al comparar la PR domiciliaria con la PSG hospitalaria, algunos autores han
observado, al igual que ocurre en el adulto, que hay una infraestimacion significativa del
IAH con la PR [71], lo cual es particularmente importante en nifios con SAHOS leve-
moderado (1 <IAH <10 eventos/h respecto al TST), ya que podria afectar en la toma de
decisiones [70,72]. Abordando este mismo aspecto, un meta-analisis reciente sobre la PR
domiciliaria en nifios, mostré una Se del 76%, una Sp del 77% y un AUC de 0.88. Utilizando
un punto de corte de IAH >1 evento/h, la Se fue del 88%, manteniéndose una Sp igual al
71%, concluyendo que la PR domiciliaria es una buena herramienta para predecir la

presencia y la gravedad del SAHOS en nifios, sobre todo en los casos de enfermedad leve-
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a-moderada [73]. Scalzitti et al [71], no obstante, observaron también que con la PR
domiciliaria (Embletta) se obtuvieron mas fallos de captura de sefial de SpO- con respecto
a la PSG. Estos autores sefialaron que la PR domiciliaria alcanzé una Se del 83% y Sp del
80% para un IAH >1 evento/h, siendo mejor en la segunda noche sobre todo en nifios
mayores de 6 afios. Por tanto, podria ser Util para nifios mas mayores sin poder sustituir

completamente a la PSG.

Ademas, se ha utilizado la PR como herramienta de seguimiento del SAHOS infantil
[74], demostrando ser util para el control de la eficacia del tratamiento quirtrgico
(adenoamigdalectomia) y la deteccion de SAHOS residual en nifios con hipertrofia-
adenoamigdalar [75].

Por tanto, la PR realizada en el hospital ha demostrado ser un método valido para el
diagnostico de SAHOS pediatrico [70,74,76]. Ademas, la PR realizada en el propio
domicilio del paciente se ha propuesto recientemente como una alternativa de bajo coste y
valida cuando no hay disponibilidad de PSG [13,70]. Sin embargo, con la PR también se
colocan varios sensores que miden flujo aéreo, movimientos respiratorios, posicion del
cuerpo, frecuencia cardiaca y SpO., siendo todavia una herramienta molesta para lactantes
y nifios pequefios. Ademas, precisa de un analisis manual [77] realizado por técnicos o
médicos especialistas en suefio que requiere tiempo para su interpretacién, aunque es menor

si se compara con la PSG.

Las evidencias cientificas acumuladas por todas las investigaciones desarrolladas en
el contexto de la efectividad de la PR, han supuesto el reconocimiento de las técnicas de
poligrafia en el diagndéstico y seguimiento de los pacientes con SAHOS, incorporandose a
Consensos Nacionales e Internacionales y contribuyendo a sustentar una practica clinica ya
muy extendida en algunas Unidades de Suefio o Servicios de Pediatria. La Normativa de la
Sociedad Espafiola de Neumologia y Cirugia Toracica (SEPAR) sobre Diagndstico y
Tratamiento del SAHS [66] reconoce la utilidad diagnostica de la PR, siempre que sea
realizada en Unidades de Suefio debidamente acreditadas y con poligrafos validados en
poblacién infantil. Igualmente, en el Documento de Consenso para Diagndstico y
Tratamiento del SAHS pediatrico [12], se acepta la PR como técnica de diagnostico,
pudiendo utilizarse en nifios con sospecha de enfermedad y de esta forma disminuir el
infradiagnostico. No obstante, son necesarios estudios multicéntricos para valorar el

rendimiento diagnostico de esta metodologia, sobre todo, a nivel domiciliario.
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1.6.5.3. Oximetria Nocturna

En los Gltimos afios ha habido un interés creciente por la oximetria nocturna debido
a su gran disponibilidad universal y bajo coste, habiendo sido estudiada principalmente en
adultos y, en menor medida, en nifios. Su utilidad es mayor al permitir realizar el estudio en

el domicilio, lugar donde el paciente duerme habitualmente.

Se trata de una técnica espectrofotométrica que utiliza las diferencias de absorcion
de la luz por diferentes tipos de hemoglobina. El principio de la oximetria se basa en la ley
de Beer-Lambert, mediante la cual la concentracion de un soluto disuelto en un solvente
puede ser conocido mediante la determinacion de la absorcion de la luz. Cada forma de
hemoglobina tiene su propio espectro de absorcion [78,79].

Debido a su sencillez, es mas econdmica que la PR [77]. No obstante, es una técnica
que tiene sus limitaciones, ya gque, al no disponer de sefiales de esfuerzo respiratorio (bandas
torécicas y/o abdominales), no puede diferenciar entre episodios de apneas obstructivas,
centrales y mixtas. De manera similar, hay enfermedades respiratorias, como las
enfermedades neuromusculares, que podrian influir en el rendimiento de esta técnica, ya
que pueden condicionar por si mismas alteraciones en la sefial de SpO2 y no ser secundarias

a eventos apneicos.

Su utilidad en el contexto del SAHOS infantil se debe a que, generalmente, los
eventos respiratorios que aparecen en esta enfermedad se acompafian de desaturaciones. No
obstante, no hay consenso en la definicion del evento de desaturacion y tampoco esta claro
cudl de los indices de desaturacion es mas (til, si el del 3% o el del 4%. En este contexto,
Saito et al [80] y Scholle et al [81] han estudiado los valores normales de oximetria en nifios,
mostrando que el percentil 90 del indice de desaturacion del 3% (ID3) fue de 2.2 eventos/h
durante el segundo afio de vida, menor de 1.2 eventos/h para una edad comprendida entre 2
y 10 afios y menor de 0.5 eventos/h para nifios de entre 11 y 18 afios de edad. Uno de los
principales problemas de la oximetria es que los valores mas altos del indice de desaturacion
(ID) en nifios sanos (dentro del limite de la normalidad), se superponen a los nifios que
tienen SAHOS leve, lo que reduce su precision diagnoéstica. Para superar este problema, se
han utilizado clusters de eventos de desaturaciones [82-85]. En algunos estudios se propone
considerar SAHOS si en los registros de oximetria nocturna con una duracion de al menos
6 horas se observan al menos 3 clusters de eventos de desaturacion y al menos 3 caidas de
SpO: inferiores a 90% [82], desarrollandose la puntuacion de McGill de oximetria (MOS)
[83] y su implementacion con ciertas modificaciones realizadas por otros autores [84].
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A continuacion, se analiza de forma exhaustiva el estado del arte de la utilidad de
técnicas simplificadas como método de ayuda al diagnostico del SAHOS infantil, prestando
especial atencion a los estudios centrados en el analisis automatico de la sefial de SpO-

procedente de la oximetria nocturna.

1.7. Ayuda al diagnostico del SAHOS infantil mediante técnicas

simplificadas. Estado del arte.

1.7.1. Oximetria nocturna

Diferentes autores han mostrado interés en potenciar el valor de la oximetria
nocturna. Esta metodologia fue inicialmente propuesta como una herramienta de screening
de SAHOS en nifios sintomaticos, sobre todo ante casos mas severos, al evidenciar eventos
de desaturaciones de oxihemoglobina mas frecuentes [20,82-84,86,87]. Nixon et al [83]
demostraron que podria ser una técnica valida para estimar la severidad del SAHOS,
permitiendo acortar los tiempos en el diagndstico y tratamiento en pacientes con enfermedad
mas severa, siendo de ayuda a los clinicos para priorizar la adenoamigdalectomia y los

cuidados perioperatorios [83].

Ya en el afio 2000, Brouillette et al [82] sefialaron que un grafico de tendencia
positiva de oximetria nocturna tenia un PPV del 97%, de manera que la oximetria podria
ser una forma répida y econémica de identificar a los nifios con una historia que sugiriera
trastorno respiratorio del suefio, realizdndose PSG so6lo en aquellos casos que precisaran
dilucidar el tipo y la gravedad de la enfermedad. Por otra parte, indicaron que un resultado

negativo de la oximetria no podria utilizarse para descartar SAHOS [82].

En 2013, Velasco-Suérez et al [84] estudiaron la presencia de dos 0 mas clusters de
desaturaciones >4%, asi como episodios de desaturaciones por debajo de 90%, mediante el
analisis visual de los registros de oximetria nocturna, valorando el rendimiento diagndstico
de esta metodologia frente a la PSG en 167 registros. Estos autores reportaron una Se del
86.6% Yy una Sp del 98.9% para esta técnica en la deteccion del SAHOS infantil [84].

De forma similar, Van Eyck et al [88] y Villa et al [89] también analizaron el
rendimiento diagnostico de clusters de desaturaciones en este contexto. En el estudio
liderado por Van Eyck [88], se alcanzé una Acc entre el 68% y el 78% tomando un punto

de corte de 2 eventos/h como umbral diagnéstico de SAHOS. Para mejorar el rendimiento
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diagnostico, Villa et al [89] combinaron clusters de desaturaciones con datos de la historia
clinica, logrando una Acc del 85.8% y del 69.4% para los puntos de corte de 1 y 5 eventos/h,

respectivamente.

Sahadan et al [90] analizaron las series temporales de frecuencia cardiaca procedente
de la oximetria portatil no supervisada como herramienta de ayuda al diagndstico de
SAHOS infantil (IAH >1 evento/h). La mayor precision diagndstica se obtuvo al objetivarse

un incremento de la frecuencia cardiaca de 15 latidos Ipm (18% Se, 97% Sp).

Kirk et al [91] analizaron una poblacién compuesta por 57 nifios con sospecha de
SAHOS y estudiaron la utilidad del ID4 procedente de la oximetria nocturna no supervisada
como herramienta diagnostica de esta enfermedad (se consideré SAHOS un IAH >5
eventos/h). EI modelo propuesto alcanzd una Se del 66.7% y una Sp del 60.0% para un

punto de corte de ID4 >5 eventos/h.

En 2013, Tsai et al [86] reportaron que el 1D podia ser una buena herramienta para
predecir tanto la presencia como la severidad de SAHOS en nifios. Para ello, estudiaron de
forma retrospectiva a 148 nifios, todos ellos roncadores con sospecha previa de esta
enfermedad. EI ID4 tuvo la mayor correlacion con el IAH (r =0.886, p <0.001) y su punto
de corte 6ptimo para predecir al menos SAHOS leve (IAH >1 eventos/h) fue 2.05
desaturaciones/h, alcanzando un PPV del 98.1%. Los puntos de corte Optimos para predecir
SAHOS leve, moderado y severo fueron: 2.05 (Se 77.7%, Sp 88.9%), 3.50 (Se 83.8%, Sp
86.5%) y 4.15 (Se 89.1%, Sp 86.0%), respectivamente. Recientemente, Jing-Ru et al [92]
analizaron la validez de una pulsera de pulsioximetria (pulse oximetry watch, POW) como
herramienta diagndstica de SAHOS pediatrico utilizando también el 1D4. Para ello, se
estudio una poblacién compuesta por 32 nifios roncadores. Se realizé una PSG hospitalaria
y una oximetria portatil mediante el dispositivo POW de forma simultanea durante la misma
noche. No hubo diferencias estadisticamente significativas entre el ID4 de la PSG y el ID4
obtenido del POW. Sin embargo, teniendo en cuenta los puntos de corte habituales en la
clasificacion de SAHOS leve (IAH >1), moderado (IAH >5) y severo (IAH >10), el ID4
derivado de la oximetria portatil mostré un bajo rendimiento diagnostico, con una AUC
<0.80 y sensibilidades <65%. El mayor rendimiento diagnéstico se obtuvo para un punto de
corte elevado (20 eventos/h), obteniendo una Se del 83.3%, Sp del 92.3% y AUC de 0.929.

De forma similar, también es resefiable el interés por disefiar una metodologia que
combine sintomas del paciente con el ID. En este contexto, Chang et al [20] analizaron una
poblacién compuesta por 141 nifios en la que la media del ID4 en el grupo SAHOS fue
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mayor de forma estadisticamente significativa con respecto al grupo no SAHOS. Ademas,
la presencia de apnea observada durante el suefio fue un factor predictivo positivo
independiente de SAHOS (Sp 95%, PPV 84% y LR+ 4.31). Estos autores, asimismo,
observaron que la combinacion del 1D4 junto con la presencia de apnea observable durante
el suefio, respiracion bucal y suefio inquieto se correlaciond con el IAH, por lo que
propusieron un interesante algoritmo de manejo segun la puntuacién obtenida conforme los
nifios presentaban las variables previamente mencionadas: (i) si se observaban apneas, se
proponia directamente realizar PSG para obtener un diagndstico definitivo y pautar el
tratamiento mas adecuado; (ii) si no se objetivaban apneas, se asignaba la siguiente
puntuacion: respiracion bucal: 1 punto; suefio inquieto: 1 punto; 1 <ID4 <3: 1 punto; ID4
>3: 2 puntos. Para una puntuacion >3, la Sp, LR+ y PPV fueron de 0.86, 4.22 y 0.84,
respectivamente. Para una puntuacion >2, la Se, LR- y NPV fueron 0.92, 0.2 y 0.80,
respectivamente. De esta forma, con una puntuacion total de 0 a 1, el nifio podia ser
considerado normal, debiendo ser supervisado; con una puntuacién de 2, no se podia
determinar el resultado y el nifio debia ser referido a un laboratorio de suefio especializado
para el diagndstico polisomnografico; con una puntuacién total de 3 o 4 basado en la
combinacion de sintomas e ID, el nifio era diagnosticado de SAHOS vy referido para

valoracién de un especialista.

Un trabajo reciente [93], ha demostrado que la presencia de desaturaciones <90%,
>2 grupos de desaturaciones >4% y un ID4 >2.2 episodios/h son inusuales en nifios sin
SAHOS. Sin embargo, >3 grupos de eventos y >3 desaturaciones <90% en una oximetria
nocturna son indicativos de SAHOS moderado-severo. Ademas, un ID4 >2 episodios/h
combinado con sintomas de la enfermedad presenta un PPV elevado para un IAH >1
evento/h. Asimismo, los nifios sin grupos de eventos tienen bajo riesgo de complicaciones
respiratorias mayores post-adenoamigdalectomia. Por lo tanto, la oximetria nocturna
también se perfila como una herramienta valiosa que puede facilitar las decisiones de

tratamiento cuando la PSG no esté disponible [93].

En 2013, el grupo de trabajo de Pavone [85] analizo la variabilidad noche-a-noche
de la pulsioximetria nocturna domiciliaria en 148 nifios con sospecha de SAHOS. Para ello,
se compard un método de andlisis de oximetria, la puntuacién de MOS, de dos registros
consecutivos de pulsioximetria nocturna domiciliaria, siendo los dos registros similares.
Esta metodologia mostro una excelente similitud en las dos noches en los nifios con SAHOS

con respecto a los no concluyentes, con un coeficiente de correlacion de Spearman de 0.90.
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Un analisis mas detallado, segun la severidad de la enfermedad, demostré igualmente muy
buena concordancia (coeficiente de correlacién de Spearman =0.91). No obstante, se
observo una mayor variabilidad en nifios menores de 4 afios de edad en comparacion con
nifilos mayores. Segun los resultados obtenidos, estos autores concluyen que la PSG seria
Unicamente necesaria para valorar SAHOS si la oximetria de una noche no fuera
concluyente [85]. En 2017, este mismo autor utilizé de nuevo la puntuacion de MOS para
evaluar la severidad del SAHOS en nifios que se hicieron adenoamigdalectomia frente a los
que no, observando que los nifios con una puntuacion de MOS andmala tuvieron 20 veces

mas probabilidades de adenoamigalectomia [94].

Kaditis et al [95] realizaron en 2016 una revision sobre el estado del arte de la
oximetria nocturna en nifios. Estos autores sefialan que es una herramienta util para el
diagnostico de SAHOS infantil presentando un alto PPV (rango 84-98%) y alta Sp (rango
60-99%). Ademas, la oximetria podria facilitar la toma de decisiones terapéuticas, asi como
ser predictor de complicaciones post-adenoamigdalectomia. Sin embargo, no todos los
autores estan de acuerdo y parece que la oximetria nocturna no es tan eficaz en ciertos
subgrupos de nifios. Por ejemplo, Van Eyck et al [88] observaron que esta herramienta como
unica metodologia no es suficiente para el diagnostico de SAHOS en nifios con obesidad
por presentar bajo valor predictivo. Ello podria atribuirse al hecho de que la grasa asociada
al sobrepeso y obesidad puede relacionarse con hipoxia durante el suefio en ausencia de
SAHOS [96]. De forma similar, en nifios con Sindrome de Down parece ser menos eficaz
debido a la variabilidad noche a noche comparado con otros nifios [97]. Estos autores
concluyen que, aunque la oximetria podria ser una promesa como herramienta de
diagnostico de SAHOS, por el momento, es insuficiente como una entidad por si misma
[88,97].

Recientemente, se han desarrollado técnicas de procesado automatico de sefial y de
reconocimiento de patrones que parecen mejorar notablemente la capacidad diagnostica de
un canal simple de SpO. [87,98,99]. Son herramientas que parametrizan cambios en el
registro de la sefial de oximetria nocturna debidos a episodios de apneas e hipopneas. A

continuacion, se describen de forma mas extensa, los estudios realizados en este ambito.
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1.7.1.1. Técnicas de procesado automatico de sefial y de reconocimiento de patrones

aplicadas a la oximetria nocturna

Las caracteristicas morfologicas, momentos estadisticos en el dominio del tiempo y
de la frecuencia, caracteristicas espectrales y metricas no lineales han demostrado tener
informacion relevante y ser complementarias a los IDs clésicos. Paralelamente, las técnicas
de reconocimiento automatico de patrones permiten incrementar el rendimiento diagndstico
de la oximetria [100]. En este contexto, estudios previos en el marco de la deteccion del
SAHOS pediatrico mediante oximetria, evaluaron los IDs convencionales
[86,87,91,98,101,102], estadisticos comunes en el dominio del tiempo [87,98,101],
caracteristicas espectrales en el dominio de la frecuencia [87,98] y medidas no lineales
[87,98]. Entre estos enfoques complementarios, los métodos no lineales, como son la
entropia aproximada (ApEn) [103], entropia muestral (SampEn) [104], medida de la
tendencia central (CTM) [105] y complejidad de Lempel-Ziv (LZC) [106] han demostrado
su utilidad para caracterizar desaturaciones vinculadas a episodios de apneas en adultos
[103,107-112] y nifios [87,98,99]. No obstante, en la poblacién infantil han sido poco

estudiados.

En cuanto al reconocimiento automatico de patrones, se han utilizado diferentes
clasificadores estadisticos aplicados a la oximetria nocturna con el objetivo de que los
clinicos puedan utilizar esta herramienta en su préactica diaria. En este ambito, el analisis
discriminante lineal (LDA) [87,101,114,115] y la RL [20,41,98,102] han sido previamente
utilizados como clasificadores binarios en el diagnostico de SAHOS infantil. De forma
similar, el andlisis discriminante cuadratico (QDA) también proporciona una alternativa
adecuada, pero ha sido menos evaluado en este contexto [116]. No obstante, una revision
exhaustiva revela que estudios previos no han analizado extensamente el rendimiento de

estos clasificadores utilizando diferentes puntos de corte en el diagnoéstico de SAHOS.

En 2017 Alvarez et al [98] realizaron un estudio inicial, cuyo objetivo fue doble: (1)
Disenar y evaluar una nueva metodologia de screening de SAHOS pediéatrico basado en el
andlisis automatizado de la SpO2 en domicilio; (2) Comparar su rendimiento diagndstico
con la PR domiciliaria, ya que es la herramienta de diagnostico no vigilada que sigue siendo
la alternativa preferida a la PSG hospitalaria. Se analizaron 50 nifios, con alta probabilidad
pre-test de padecer SAHOS, quienes se realizaron una PR nocturna domiciliaria y una PSG
hospitalaria (ésta Gltima como prueba gold standard en el diagndstico de SAHOS). Los

registros de SpO- procedentes de la PR domiciliaria se analizaron mediante la aplicacion de
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caracteristicas estadisticas, espectrales y no lineales. Se utilizaron modelos de RL que
fueron optimizados con algoritmos genéticos (GASs) para 3 puntos de corte de SAHOS: 1, 3
y 5 eventos/h. Se evaluaron: a) el rendimiento diagnostico de los modelos de RL; b) el IAHo
determinado de forma manual de la PR; c) el ID3 clasico de la oximetria. Para un punto de
corte de 1 evento/h, el modelo éptimo de RL super6 de forma significativa tanto al ID3
como al IAHo derivados de la PR, alcanzando una precision del 85.5% (IAHo 74.6%; 1D3
65.9%) y un AUC de 0.97 (IAH0 0.78; ID3 0.75). Para un punto de corte de 3y 5, el modelo
de RL alcanzo6 un rendimiento diagndstico similar al IAHo derivado de la PR, pero fue
significativamente mayor que el del ID3: para un punto de corte de 3 eventos/h, el modelo
de RL alcanzé una Acc de 83.4% (IAHo0 85.0%; ID3 74.5%) y un AUC de 0.96 (IAH0 0.93;
ID3 0.85). Para un punto de corte de 5 eventos/h, la oximetria alcanzé una Acc de 82.8%
(IAHo 85.1%); ID3 76.7%) y un AUC de 0.97 (IAHo0 0.95; ID3 0.84). De manera que, en
este estudio, los autores concluyen que el analisis automatico de los registros de SpOz en
domicilio proporcionan una deteccidon precisa de SAHOS en nifios con una alta probabilidad
pre-test. Asi, la oximetria nocturna domiciliaria podria ser una alternativa simple y eficaz a
la PR y PSG como método de diagndstico no supervisado [98]. No obstante, una de las
limitaciones mas importantes de este estudio es el pequefio tamafio muestral, siendo

necesario aplicarlo a una mayor poblacién para generalizar los resultados.

Posteriormente, Hornero et al [99] realiz6 un estudio multicéntrico en el que también
se analiz6 la utilidad de la oximetria como Unica herramienta de diagnéstico de SAHOS
pediatrico. Participaron un total de 13 unidades de suefio pediatricas de diferentes paises y
se evaluaron de forma prospectiva los registros de SpO. (procedentes de la PSG
hospitalaria) de un total de 4191 nifios roncadores habituales. Hasta el momento, esta es la
poblacién méas grande de nifios analizada en este contexto. Se desarrolld y validé un
algoritmo automatico basado en una red neuronal perceptron multicapa (MLP), con el
objetivo de estimar el 1AH, utilizando un conjunto inicial de registros de SpO. de 589
pacientes, aplicando 4 fases: preprocesado, extraccion de caracteristicas, seleccion de
caracteristicas mas relevantes y no redundantes (Unicamente dos caracteristicas: el ID3 y el
momento de tercer orden en el dominio de la frecuencia) y, finalmente, en la cuarta fase se
aplico el modelo de red neuronal MLP, entrenado para estimar el IAH. Ello es una novedad
en este ambito, ya que la mayoria de los estudios realizados hasta el momento se han
focalizado unicamente en realizar una clasificacion binaria determinando si el nifio tiene o

no tiene SAHOS. El IAH automatico estimado mostré una alta concordancia con el IAH de
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la PSG (CCI 0.785) tras ser validado en 3602 pacientes. Ademas, considerando los
diferentes puntos de corte de IAH, 1, 5 y 10 eventos/h, se observd un rendimiento
diagnostico incremental, con una Acc de 75.2% 81.7% y 90.2%, asi como un AUC de 0.788
0.854 y 0.913, respectivamente. De manera que, la metodologia bajo estudio propuesta por
estos autores, es mas eficaz cuando el TAH es >5 eventos/h, siendo éste un umbral
clinicamente relevante, asociado a mayor morbilidad y necesidad de tratamiento. Ademas,
se reduciria la realizacion de PSG en un 53% de casos, indicando tratamiento solo a un 6%
de los nifios roncadores que presentaron un IAH <1 evento/h en la PSG standard, mientras
que tan s6lo un 5.5% de los nifos con un IAH >5 eventos/h no se tratarian. Por lo tanto, de
este estudio multicéntrico se concluye que el analisis automatico basado en redes neuronales
procedente de registros de SpO. proporciona una precision diagnéstica adecuada de la
severidad de SAHOS en nifios habitualmente roncadores con alta probabilidad pre-test de
la enfermedad [99].

Estudiando la utilidad de nuevas técnicas de procesado de sefiales y su capacidad de
proporcionar informacion complementaria a las técnicas tradicionales, en un estudio llevado
a cabo por Vaquerizo-Villar et al [117] se evaluo el bispectrum como una alternativa a la
clasica densidad espectral de potencia (PSD). Bispectrum es capaz de detectar desviaciones
de linealidad, estacionariedad, gaussianeidad que presentan habitualmente las sefales
biomédicas. Estos autores han propuesto un modelo de red neuronal MLP entrenado con
informacidn procedente de variables antropométricas, ID3, PSD y bispectrum de la sefial de
SpO; alcanzando una Acc de 81.3% para la deteccion de SAHOS moderado-severo (IAH
>5 eventos/h) y de 85.3% para SAHOS severo (IAH >10 eventos/h). Asi mismo, VVaquerizo-
Villar et al en un trabajo reciente [118] estudiaron la utilidad de la transformada wavelet
por su adecuacion al procesado de sefiales no estacionarias, asi como por su capacidad de
analizar componentes de baja frecuencia en la sefial de SpO.. Para ello, evaluaron el
rendimiento diagndstico de un clasificador basado en maquinas vector soporte (SVM)
disefiado utilizando informacién procedente de la transformada wavelet, ID3, momentos
estadisticos y caracteristicas de la PSD de la sefial de SpO., alcanzando una Acc del 84.0%
(Se 71.9%, Sp 91.1%) en la deteccién de SAHOS moderado-a-severo (IAH >5 eventos/h).

1.7.2. Flujo aéreo

Recientemente Gutiérrez-Tobal et al han estudiado el uso de la sefial de flujo aéreo
como herramienta diagnostica de SAHOS en poblacion infantil [102]. Estos autores han
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analizado una poblacién formada por 50 nifios a los que se les realizé una PR domiciliaria
y una PSG hospitalaria (como prueba gold standard de diagndstico de SAHOS). De la PR
domiciliaria se obtuvo la sefial de SpO: y la de flujo aéreo. El ID3 se combino con el flujo
aéreo y mediante la aplicacion de un modelo de RL se alcanz6 una Acc de 86.3% (AUC
0.947) para un punto de corte de 3 eventos/h, mejorando significativamente el rendimiento
del ID3 y del flujo aéreo de forma individual [102]. En este contexto, Barroso-Garcia et al
[119] en una poblacion mayor, compuesta por 501 nifios, han analizado la irregularidad y
variabilidad de la sefial de flujo de aéreo, asi como la variabilidad de la frecuencia
respiratoria (RRV), obtenida de esta misma sefial, como metodologia para clasificar la
severidad del SAHOS. Los resultados mostraron que el SAHOS produce un aumento de la
irregularidad y disminucion de la variabilidad del flujo aéreo, asi como un incremento en la
RRV cuanto mayor es el IAH, sobre todo para un IAH >5 eventos/h. Se aplicaron modelos
de RL binaria, alcanzando precisiones diagndsticas del 60%, 76% y 80% para un punto de
corte de IAH de 1, 5 y 10 eventos/h, respectivamente. Por tanto, estos autores concluyen
que las medidas de irregularidad y variabilidad aplicadas a la sefial de flujo aéreo son Utiles

para caracterizar de forma automatica a nifios con SAHOS [119].

Hay estudios que han analizado la efectividad del ApneaLink, un dispositivo que
combina pulsioximetria y flujo oronasal. Esta herramienta ha demostrado tener una alta
concordancia con la PSG en los estudios realizados en adultos con sospecha de SAHOS,
pero son escasos los estudios realizados en nifios. En este contexto, Stheling et al [120] han
reportado una correlacion fuerte entre el I1AH obtenido mediante el analisis manual del
ApneaLink y el IAH de la PSG (r =0.89; p <0.001), una Se del 94% y una Sp del 61% para
un TAH de >5 eventos/h. Estos autores concluyen que el ApneaLink también podria ser una
buena herramienta de screening de SAHOS en nifios mayores de 10 afios [120]. Ademas,
en contraste con la oximetria, el ApneaLink ha demostrado alcanzar buenos resultados en
nifios obesos [121] (Se 100% y Sp 46.2% para un IAHo >1.5; Se 85.7% y Sp 83.3% para
un [AHo >5; Se 100% y Sp 90% para un IAHo >10).

1.7.3. Electrocardiografia y tiempo de transito de pulso

Ya en 1997, el grupo de Aljadeff propuso que la variabilidad de la frecuencia
cardiaca (HRV) medida mediante electrocardiograma (ECG) podria servir como
herramienta para identificar a los nifios con SAHOS [122]. Trabajos posteriores han
reforzado la validez de esta herramienta diagnoéstica [116,123]. De forma similar, los

29



Capitulo 1 Antecedentes

cambios en el tiempo de transito de pulso (secundarios a los esfuerzos respiratorios y
arousals) se han propuesto también como metodologia diagnostica de SAHOS [124]. Mas
recientemente se ha combinado el 1D4 con el tiempo de transito de pulso [125] como
indicador eficiente de la presencia de SAHOS infantil. De forma similar, Cohen y De Chazal
[101] combinaron la sefial de oximetria e informacion de la frecuencia cardiaca. Analizaron
los registros no supervisados de oximetria procedentes de 288 nifios. Estos autores también
implementaron un clasificador basado en caracteristicas temporales y espectrales de la sefial
de ECG para detectar y contabilizar de forma automatica eventos respiratorios, alcanzando
una Acc del 74.7%. No obstante, esta precision disminuyo a 66.7% cuando se incluyeron
en el modelo las caracteristicas oximétricas en el dominio del tiempo. En un estudio
realizado por Gil et al [114] se analizaron las sefiales de fotopletismografia (PPG) y tiempo
de transito de pulso y se aplico el clasificador binario LDA. Su modelo alcanz6 una Acc del
80% utilizando validacion cruzada dejando uno fuera. En un estudio similar posterior
realizado por el mismo grupo de trabajo [115], la Acc se incrementd hasta un valor de 86.7%
utilizando la sefial de frecuencia de pulso obtenida de la pulsioximetria para estimar el

tiempo de transito de pulso.

1.7.4. Otras sefiales biomédicas

Martinot et al [126] han analizado el patron de los movimientos mandibulares
relacionados con el esfuerzo respiratorio en el SAHOS pediatrico mediante un sensor
magnético de movimiento mandibular midsagittal. Estos autores indican que varios
patrones de movimientos mandibulares durante el suefio, en nifios con obstruccion de VAS,
se correlacionan con mayor esfuerzo respiratorio [126] (p <0.001). Solo en adultos se ha
estudiado la combinacion de movimiento mandibular y oximetria, con resultados

prometedores [127].

Hay autores que han analizado el uso del WatchPAT, un dispositivo que incorpora
pulsioximetria, actigrafia y sefiales que miden el ronquido, posicion corporal y el tono
arterial periférico, el cual se ve alterado por la activacion simpatica después de los episodios
de apneas. Ha sido previamente validado en adultos, pero son pocos los estudios realizados
en poblacion infantil. En este contexto, Serra et al [128] observaron que los nifios con un
IAH de WatchPAT >1 tuvieron un IAH de PSG de 2.2 + 2.0 y los nifios que tuvieron un
IAH de WatchPAT <1 mostraron un IAH de PSG de 0.5 £ 0.2 (p = 0.01). Los autores
concluyen que este dispositivo podria tener un papel importante en el diagnéstico de
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SAHOS infantil en un futuro [128].

El “Sonomat” es otro dispositivo que dispone de varios sensores que no precisan
contacto corporal. Se puede utilizar en el domicilio del paciente y ser colocado por
familiares que no estén familiarizados con el mismo. Norman et al [129] estudiaron su
validez en 76 nifios a los que se les realizo la PSG vy el estudio con Sonomat durante la
misma noche en el hospital. EI mejor rendimiento diagnostico se obtuvo para un IAH >5

eventos/h con una Se del 86%, una Sp del 96% y una Acc de 94%.

1.7.5. Biomarcadores

Las lineas de investigacion actual y de futuro se basan en la basqueda del adecuado
abordaje diagnostico-terapéutico y el conocimiento de la susceptibilidad individual a la
presencia o no de comorbilidad. Por ello, los estudios genéticos estan adquiriendo cada vez
mayor relevancia [130], al permitir el conocimiento de los diferentes fenotipos de SAHOS.
En esta linea, se estan desarrollando estrategias basadas en la utilizacion de biomarcadores
de dafio organico que permitan, no sélo dirigir el tratamiento de forma individualizada, si

no también, realizar un control del mismo [131].

Gozal et al han estudiado proteinas en orina como biomarcardores en el diagnostico
del SAHOS [132]. Estos marcadores han sido posteriormente ratificados por Becker et al
[133]. De la misma manera se han propuesto una variedad de biomarcadores en plasma en
nifios con esta enfermedad, asi como en poblaciones pediatricas de alto riesgo (nifios con
obesidad, Sindrome de Down) o para evaluar SAHOS residual después de la
adenoamigdalectomia [134,135]. En esta direccién, los niveles séricos de la PCR
disminuyen después de la adenoamigdalectomia, emergiendo como un potencial
biomarcador de SAHOS residual [136]. En este contexto, Erdim et al [137] han encontrado
un aumento significativo en los hematies, indice neutréfilo/linfocito y plaquetas en los nifios

con SAHOS moderado-severo con respecto a los nifios sin enfermedad.

1.7.6. Nuevas tecnologias en el diagnostico simplificado de SAHOS

Varios trabajos han validado una novedosa metodologia que consiste en la
combinacion de la pulsioximetria y los dispositivos moviles para incrementar la

accesibilidad diagnéstica [138-142]. Hoy en dia, los smartphones integran diferentes
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sensores que son capaces de grabar, almacenar e incluso analizar diferentes sefiales, como
son los ronquidos o los movimientos. Ademas, se han desarrollado accesorios capaces de
registrar diferentes sefiales biomédicas, como el ECG y la oximetria, que pueden conectarse
a un smartphone a través de sus puertos estandar. En este contexto, Behar et al [140] han
desarrollado una aplicacién movil, la SleepAp, como método de screening automatico de
SAHOS en adultos utilizando un smartphone y un pulsioximetro de mufieca NONIN. Estos
autores evaluaron, en 856 pacientes, el rendimiento diagnostico de un clasificador SVM
como predictor de SAHOS. EIl clasificador fue entrenado y validado con variables
demograficas (edad, IMC, HTA), del acelerémetro (posicion corporal), audio e ID derivado
de la PPG. La Acc obtenida en la poblacion de test fue de 92.3%, Se del 86.7% y Sp del
100% [140].

El uso de moviles es muy interesante también en el contexto de SAHOS infantil para
poder minimizar la intrusién de las técnicas convencionales. En este ambito, el Phone
Oximeter es un dispositivo que integra un sensor de pulsioximetria comercial (Masimo
SET® uSpO2 Pulse Oximetry Cable) con un smartphone (iPhone 4S o posterior) [138,139].
El sensor se conecta directamente al smartphone a través de un puerto estandar, permitiendo
la adquisicion portatil de la sefial, su monitorizacion y almacenamiento en cualquier
entorno, tanto hospitalario como domiciliario. Esta herramienta es capaz de obtener
caracteristicas oximétricas y de variabilidad de frecuencia de pulso (PRV) derivada de la
onda pletismogréafica para predecir la enfermedad. Con el objetivo de evaluar la efectividad
de esta metodologia para un IAH >5 eventos/h (SAHOS moderado-severo), Garde et al [87]
estudiaron 146 nifios que utilizaron el Phone Oximeter en el hospital. Se observo que la
variabilidad de la SpO; y la potencia espectral de SpO. en bajas frecuencias fue
significativamente mayor en nifios con SAHOS (p <0.01). El analisis de la PRV mostrd
también un aumento significativo de la actividad simpatica debido a la hipoxia intermitente
en los nifios con la enfermedad. Se entreng inicialmente un clasificador discriminante lineal
que posteriormente se validé mediante validacion cruzada interna y externa, obteniéndose
un alto NPV (92.6%), asi como una Se (88.4%) y Sp (83.6%) balanceadas. EI mayor
rendimiento diagndstico se obtuvo con la combinacién de SpO. y PRV, alcanzando una Acc
de 84.9% y un AUC de 0.88. Utilizando sdélo la SpO- la Acc fue de 78.5% y el AUC de
0.82.
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1.8. Tratamiento

Uno de los mayores problemas en nifios es a quién y cuéndo tratar, pues no todos

los niflos con IAH >1 evento/h desarrollan morbilidad.

Por el momento, no hay consenso internacional con respecto a los valores de corte
del 1AH para iniciar el tratamiento. La practica aceptada consiste en el uso de un punto de
corte arbitrario, igual a un IAH de 0.3 desviaciones estandar mas alla de la media del IAH
normal en nifios sanos [143]. No obstante, se han propuesto algunos algoritmos que
reconocen la importancia de no tratar solo los valores obtenidos del estudio de suefio, sino
al paciente en su conjunto [144,145]. De manera gque, ademas de la PSG, estos algoritmos
valoran factores como la gravedad de los sintomas, factores de riesgo y la presencia de
morbilidad relacionada con el SAHOS, proporcionando un enfoque méas coherente y
clinicamente aplicable al diagndstico y a la priorizacion del tratamiento [143]. Esté aceptado
que los nifios con SAHOS grave o con riesgo de serias complicaciones, como cor pulmonale
o fracaso del crecimiento, deben ser tratados siempre, requiriendo tratamiento urgente los
niflos que presenten fracaso cardiorrespiratorio o hipoxemia intensa, independientemente
de la edad [12]. También existe acuerdo en no tratar quirdrgicamente a los nifios con
ronquido habitual. Sin embargo, el tratamiento en los nifios con alteraciones

polisomnograficas leves es controvertido [143].

El tratamiento debe ser siempre individualizado y puede considerarse mas de una
opcidn terapéutica [12]. La educacion sanitaria en habitos dietéticos, la higiene de suefio y
la evaluacién ortoddncica deben ser la norma en todos los nifios que presenten esta patologia
[66]. Para valorar el SAHOS residual seria necesaria la realizacién de estudios de suefio tras
el tratamiento [74]. Otros instrumentos, como el Sleep Clinical Record (SCR), se han
mostrado Utiles en el seguimiento de nifios tras adenoamigdalectomia o expansion rapida
maxilar (ERM) [146]. En la Figura 1 se muestra el algoritmo de decisién en el SAHOS
infantil segun la Normativa SEPAR de Diagnostico y tratamiento del sindrome de apnea-
hipopnea del suefio [66]. A continuacion, se describen las principales opciones de

tratamiento para corregir esta enfermedad.

1.8.1. Tratamiento quirurgico

El tratamiento de eleccion del SAHOS en los nifios es la adenoamigdalectomia
cuando existe hipertrofia adenoamigdalar [2,8,15,147,148]. Consigue la normalizacion del
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cuadro respiratorio nocturno, de los sintomas diurnos, mejora la calidad de vida y revierte
en muchos casos las complicaciones cardiovasculares, alteraciones neurocognitivas, el
retraso en el crecimiento y la enuresis [8]. Su eficacia es del 78% [147]. No obstante, el
porcentaje de nifios obesos que tienen SAHOS residual post-cirugia es significativamente
mayor que en no obesos. Asi, el estudio prospectivo NANQOS, realizado en nifios obesos,
mostré que un 43.5% continuaban teniendo SAHOS residual [149]. También se ha
encontrado una mayor incidencia de complicaciones de la via respiratoria en el post-
operatorio en nifios de mayor riesgo [2]: edad menor de 3 afios, anomalias craneofaciales,
retraso de crecimiento, obesidad, parélisis cerebral, cor pulmonale o graves alteraciones en

el estudio polisomnogréfico previo a la intervencién quirurgica.

Sefalar que, ademas de la obesidad, son factores predictores de peor respuesta al
tratamiento el antecedente de asma, la severidad del SAHOS y una edad mayor o igual a 7
afios [150]. Otras opciones quirdrgicas incluyen la cirugia craneofacial y la cirugia de ERM,
indicadas Unicamente en casos especiales. Actualmente, la traqueotomia es raramente

necesaria.

1.8.2. CPAP

La CPAP constituye la segunda linea de tratamiento del SAHOS en la infancia
[2,12,28,66,148], ya que la mayoria de los nifios mejoran con la adenoamigdalectomia,
quedando un pequefio grupo de pacientes que requeriran tratamiento adicional o en los que

la CPAP sea la primera opcion. Esta recomendada en los siguientes casos [66]:

- Imposibilidad de tratamiento quirdrgico.

- Ante persistencia de SAHOS después de adenoamigdalectomia.

- En algunos casos de nifios con obesidad, alteraciones craneofaciales o
enfermedades neuromusculares, afiadidas a la hipertrofia amigdalar o sin

hipertrofia adenoamigdalar.
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Figura 1. Algoritmo de decision en el SAHOS infantil segln la normativa SEPAR de Diagndstico
y tratamiento del sindrome de apnea-hipopnea del suefio [66].
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La presion optima es la presion que mas efectivamente previene las consecuencias
adversas del SAHOS, requiriéndose para ello un estudio de titulacion de presion de CPAP
mediante PSG nocturna en el laboratorio de suefio. También es necesario un control y
vigilancia estrecha, tanto al inicio como durante el seguimiento. No es un tratamiento
curativo, lo que significa que su aplicacion debe ser continuada. Por ello, resulta
imprescindible obtener un adecuado cumplimiento [151,152].

1.8.3.Otras opciones terapéuticas
Medidas de higiene de suefio

En nifios obesos con SAHOS siempre es necesario indicar un tratamiento dietético
y reduccion ponderal, aunque igual que en el adulto, la pérdida de peso y la terapia

posicional son poco efectivas.
Oxigenoterapia

No se debe administrar oxigeno a los nifios con SAHOS si no es asociado a

monitorizacion cardiorrespiratoria 0 en presencia de soporte ventilatorio.
Tratamiento farmacologico

En el Documento de Consenso [12], se acepta que, tanto los corticoides tdpicos
nasales como el empleo de antileucotrienos [153], pueden ser un tratamiento en nifios con
SAHOS leve, con hipertrofia adenoidea moderada a intensa y predominio de sintomas
nasales, reconociéndose que los efectos a largo plazo aun no son bien conocidos, y poniendo

de manifiesto la necesidad de mas estudios en este ambito.
Tratamiento ortoddncico

Los tratamientos ortopédicos no obtienen resultados inmediatos, pero el tratamiento
ortodoncico puede ser Gtil en nifios con anomalias craneofaciales que constituyan factores
de riesgo de SAHOS [154]. Por tanto, ante un nifio con sindrome de apnea de suefio, se
necesita una adecuada exploracion esquelética y, en caso de existir anomalias esqueléticas

craneofaciales, se considerara la opcion de tratamiento ortodoncico-ortopédico [12].
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1.9. Relevancia conjunta de los articulos cientificos

El SAHOS en nifios es una enfermedad prevalente, que afecta al 1-5% de la
poblacion infantil segin la Academia Americana de Pediatria [6], pero infradiagnosticada
[17]. Sin un tratamiento adecuado puede ocasionar una morbilidad significativa, afectando
seriamente el desarrollo y la calidad de vida de los nifios [7-9]. Estas consecuencias
adversas, junto con una mayor utilizacion de recursos sanitarios y los costes asociados
[6,11,17], han llevado a realizar varias declaraciones de consenso y guias de diagndstico de
SAHOS [8,12,13], ya que la deteccion precoz es esencial para iniciar el tratamiento
oportuno. En este contexto, la Academia Americana de Pediatria enfatiza la necesidad de

realizar un screening de SAHOS a todos los nifios habitualmente roncadores [6].

El método diagndstico definitivo gold standard es la PSG hospitalaria, realizada en
una unidad de suefio [6,9,12,13,91,155]. Sin embargo, es una herramienta que tiene ciertos

inconvenientes:

- No esta siempre disponible [144,155,156], de hecho, es significativa la falta de
laboratorios pediatricos de suefio alrededor del mundo [9,121], siendo este
problema uno de los principales factores de infradiagnostico de la enfermedad
y de aumento de las listas de espera.

- Es particularmente compleja, ya que requiere de técnicos expertos para su
realizacion y de médicos especialistas en suefio para su interpretacion,
suponiendo su analisis una gran carga de trabajo.

- Resulta molesta para los nifios. Un nimero muy elevado de pacientes lloran de
forma significativa durante la noche ya que se requiere de la colocacién de
numerosos sensores y obliga a los padres a estar muy pendientes de los nifios,
sin olvidar que no es el lugar habitual de descanso del paciente, de manera que
genera cierta ansiedad asociada a dormir en una nueva habitacion [9,157].

- Conlleva altos costes.

Todos los inconvenientes descritos previamente limitan la efectividad de la PSG
hospitalaria convencional como técnica de screening de SAHOS en todos los nifios
sintomaticos, siendo, sin embargo, la metodologia gold standard que recomienda la
Academia Americana de Pediatria [8]. De hecho, no pueden ser implementadas en
numerosas ocasiones y la gran mayoria de nifios que se someten a adenoamigdalectomia

debido a SAHQOS, no han sido diagnosticados objetivamente mediante PSG [158].
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Estos hallazgos han llevado durante la pasada década a la busqueda de nuevas
aproximaciones diagnosticas simplificadas [6,13,17,69,70], mas sencillas, menos
laboriosas, que puedan realizarse en el domicilio del paciente (lugar de descanso habitual
del paciente), mas econdmicas, que generen menos intrusion y que permitan acortar tiempos
en el manejo del SAHOS pediétrico, incrementando la accesibilidad y la eficacia del
diagnostico de esta enfermedad. De hecho, las sociedades internacionales de suefio y
respiratorias [6,13] indican la necesidad de buscar estas alternativas sencillas para realizar
un diagnostico de SAHOS infantil precoz, recurriendo unicamente a la PSG en casos en los
que las técnicas simplificadas no proporcionen suficiente certeza o para determinar la
modalidad de tratamiento, por ejemplo, ventilacion no invasiva vs cirugia. Se han evaluado
diferentes metodologias, entre las que destacan los cuestionarios, PSG domiciliarias, PR
hospitalarias y domiciliarias, registros sencillos de un unico canal como la oximetria, el
flujo aéreo y el ECG, o combinados (validados fundamentalmente en el &mbito
hospitalario), asi como biomarcadores [8,70,72,76,95,131,144,159].

En este sentido, en adultos, la evidencia cientifica demuestra la alta capacidad de
screening del registro de un Unico canal de SpOz, sobre todo, en pacientes con alta sospecha
de padecer SAHOS [160]. No obstante, a pesar de que su utilidad en nifios ha sido menos
estudiada con respecto a adultos, se ha propuesto como una herramienta valida, muy simple,
facilmente disponible en todo el mundo y potencialmente atil y eficaz en el diagnostico del
SAHOS infantil [13,20,82,86,87,90,91,95,98].

Inicialmente los estudios se basaron en cohortes pediatricas relativamente pequefias
y esta herramienta parecia tener alta especificidad, aunque limitada sensibilidad [95].
Ademas, la relativa baja precision y baja concordancia inter-observador sobre el analisis
visual de SpO., asi como la incapacidad de estas herramientas en ofrecer una estimacion
precisa de la severidad del SAHOS, especialmente en el extremo inferior del espectro de
severidad, redujeron el entusiasmo para implementar de forma méas amplia la oximetria

nocturna.

Los indices clasicos de oximetria, como los IDs, han sido los mas utilizados para
caracterizar objetivamente la sefial de SpO2, observando que éstos y la presencia de clusters
de desaturaciones [20,84,86,88,89] proporcionan informacion relevante sobre el SAHOS en
nifos.

Uno de los Gltimos avances en la evaluacion de la oximetria es la incorporacion del
procesado automatico de sefial y técnicas de aprendizaje automatico, cuyo objetivo es
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incrementar la precision y promover la automatizacion del proceso diagnéstico del SAHOS
[87,98,99]. Sin embargo, todavia hay discrepancias en la eficacia de esta herramienta
simplificada en la deteccidon de esta enfermedad en la poblacion pediatrica. Ademas, la
mayor parte de las investigaciones se han realizado en el ambito hospitalario, por lo que son
necesarios mas estudios domiciliarios que validen la oximetria nocturna en el lugar habitual

en el que duerme el paciente.

En esta Tesis Doctoral, presentada como compendio de publicaciones, se incluyen
4 articulos que forman parte de una linea de investigacion comun. El hilo conductor que
coordina la investigacion realizada se basa en que el analisis automético de la SpO2 podria
mejorar el rendimiento diagndstico de la oximetria nocturna, pudiendo ser un método de
screening sencillo, mas practico y efectivo para el SAHOS pediatrico, ayudando a los

clinicos en el diagndstico y manejo de esta enfermedad.

Es interesante destacar el enfoque multicéntrico de la presente Tesis Doctoral,
debido a que se han analizado poblaciones de estudio compuestas por nifios derivados a
diferentes laboratorios de suefio: Section of Sleep Medicine, Department of Pediatrics of
The University of Chicago, Unidad Multidisciplinar de Suefio del Hospital Universitario de
Burgos y The British Columbia Children’s Hospital of Vancouver. Todos los nifios bajo
estudio han acudido a las Unidades de Suefio por mostrar sintomas comunes que hacian
sospechar SAHOS con una alta probabilidad. De acuerdo a la AASM, a todos los nifios se
les ha realizado una PSG hospitalaria nocturna por tratarse de la prueba gold standard de
diagnostico definitivo de SAHOS pediéatrico [57].

Se ha analizado el rendimiento diagndstico de la sefial de SpO2 como herramienta
de deteccion automatica del SAHOS pediétrico, extraida de la PSG hospitalaria, de la PR
domiciliaria y de un dispositivo portatil, el Phone Oximeter. Por tanto, se ha evaluado su
rendimiento diagndstico en diferentes contextos: oximetria hospitalaria, oximetria

domiciliaria y oximetria integrada en un smartphone.

La metodologia utilizada durante la investigacion, se ha centrado en el empleo de
herramientas de procesado automatico de sefial y técnicas de reconocimiento de patrones,
las cuales parametrizan cambios en el registro de SpO2 nocturno debidos a los episodios de
apneas. Es decir, caracterizan la dindmica de la oximetria, optimizando su capacidad y
precision diagndstica [87,98]. En los articulos que integran este compendio, las técnicas de
procesado automatico de la sefial se han centrado en el analisis no lineal. Concretamente, se
ha evaluado la utilidad de la entropia de multiples escalas (MSE) y la dindmica simbodlica,
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las cuales aportan nueva informacion relevante y complementaria a los indices clasicos de
oximetria, mejorando su rendimiento diagndstico. En cada uno de los trabajos se ha aplicado
seleccion automatica de caracteristicas y se ha evaluado el rendimiento de uno a varios

clasificadores binarios automaticos.

La implementacion del procesado de sefial y entrenamiento de los métodos de
aprendizaje automatico implica una laboriosa tarea. Sin embargo, el tiempo computacional
es despreciable una vez se han entrenado y optimizado los algoritmos. En la presente Tesis
Doctoral se ha utilizado una técnica metodologica estandarizada comun, basada en las tres
etapas basicas de analisis automéatico de sefiales biomédicas: extraccion, seleccion vy
clasificacion de caracteristicas. Inicialmente, se ha realizado una etapa de extraccion de
variables para caracterizar exhaustivamente la sefial de SpO2, aplicando métodos de
procesado de diferente naturaleza (dominio del tiempo y de la frecuencia; enfoque lineal y
no lineal). Después, se ha implementado una etapa de seleccion de caracteristicas partiendo
del conjunto completo de variables oximétricas, del cual se ha derivado automaticamente
un subconjunto éptimo orientado a maximizar la capacidad diagnostica de la sefial de SpO..
Finalmente, se ha evaluado el rendimiento diagnostico de cada subconjunto de
caracteristicas al ser aplicado como entrada a diferentes clasificadores automaticos binarios
(SAHOS positivo vs negativo), en funcion de diferentes umbrales de diagnoéstico clinico.

A continuacion, se muestran los enfoques abordados en los trabajos que integran
esta Tesis Doctoral por compendio de publicaciones. Juntos, proporcionan una visién muy
completa de la utilidad de la oximetria como técnica simplificada de deteccién de SAHOS

infantil:

- Para conocer la situacion actual de la utilidad de la oximetria nocturna, se ha
elaborado una revision del estado del arte de la oximetria como herramienta
simplificada en el diagndstico del SAHOS, tanto en adultos como en nifios.

- Se han disefiado y validado algoritmos avanzados de procesado automatico de
sefial y técnicas de reconocimiento de patrones de una Unica sefial, la SpO., que
alcanzan una elevada precision diagnostica y ofrecen informacion relevante y
complementaria a las técnicas de proceso de sefial clasicas.

- Se ha validado una tecnologia actual, novedosa y portatil, como es el Phone
Oximeter, que combina un pulsioximetro con un smartphone, lo que permite
disminuir la intrusividad al nifio e incrementar la accesibilidad al diagnostico vy,

por tanto, permitir un tratamiento precoz.
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- Se ha validado la oximetria tanto en el ambito hospitalario como en el
domiciliario (no supervisado), siendo éste ultimo el lugar habitual de descanso
del nifio, lo que evita las consecuencias de dormir en un laboratorio de suefio.

- Las poblaciones analizadas proceden de diferentes unidades del suefio, lo que
ha permitido validar de forma mas general la efectividad de la linea de la

investigacion.

Los 4 articulos han completado el proceso de revision en revistas indexadas en el
Journal Citation Reports. La autora de la presente Tesis Doctoral es la primera autora de
los dos primeros articulos y es segunda autora de los dos restantes. A continuacion, se

detalla la informacion bibliogréfica de estos trabajos:

1. Crespo A, Alvarez D, Kheirandish-Gozal L, Gutiérrez-Tobal GC, Cerezo-
Herndndez A, Gozal D, Hornero R, del Campo F. Assessment of oximetry-
based statistical classifiers as simplified screening tools in the management of
childhood obstructive sleep apnea. Sleep and Breathing 2018; 22(4): 1063-
1073.

2. Crespo A, Alvarez D, Gutiérrez-Tobal GC, Vaquerizo-Villar F, Barroso-Garcia
V, Alonso-Alvarez ML, Teran-Santos J, Hornero R, del Campo F. Multiescale
entropy analysis of unattended oximetric recordings to assist in the screening of

paedriatic sleep apnoea at home. Entropy 2017; 19: 284.

3. Alvarez D, Crespo A, Vaquerizo-Villar F, Gutiérrez-Tobal GC, Cerezo-
Hernandez A, Barroso-Garcia V, Ansermino JM, Dumont GA, Hornero R, del
Campo F, Garde A. Symbolic dynamics to enhance diagnostic ability of
portable oximetry from the Phone Oximeter in the detection of paediatric sleep
apnoea. Physiological Measurement 2018; 39(10): 104002.

4. Del Campo F, Crespo A, Cerezo-Hernandez A, Gutiérrez-Tobal GC, Hornero
R, Alvarez D. Oximetry use in obstructive sleep apnea. Expert Review of
Respiratory Medicine 2018; 12(8): 665-681.
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2. HIPOTESIS Y OBJETIVOS

2.1. Hipotesis

La hipotesis de la presente Tesis Doctoral es doble:

1. Lasefal de oximetria tiene suficiente informacion por si sola, pudiendo ser muy
util en el desarrollo de métodos simplificados de deteccion de SAHOS infantil.
2. Las técnicas de procesado de sefial y reconocimiento automatico de patrones
pueden ser muy eficaces para obtener informacion de la sefial de SpOg,
maximizando su rendimiento diagnostico y alcanzando un alto poder de

discriminacién de SAHOS infantil.

2.2. Objetivos

2.2.1 Objetivo principal

Disefiar y evaluar diferentes metodologias de ayuda al diagndstico de SAHOS
pediatrico basadas en el analisis automatico de la sefial de SpO- procedente de la oximetria

nocturna, aplicadas tanto en el hospital como en el domicilio del paciente.
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Hipotesis y objetivos

2.2.2 Objetivos secundarios

1.

Realizar una revision del estado de arte de la oximetria nocturna como técnica
simplificada de deteccién de SAHOS.
Disenar y evaluar diferentes clasificadores estadisticos binarios aplicados a la
oximetria nocturna utilizando los puntos de corte cominmente empleados en la
practica clinica para determinar SAHOS infantil.
Evaluar la utilidad de la entropia de multiples escalas como medida no lineal de
caracterizacion de la dinamica de los registros de oximetria nocturna, como
ayuda a la deteccién del SAHOS en nifios.
Evaluar la utilidad de la dindamica simbolica como medida no lineal de
caracterizacion de la oximetria nocturna en la deteccion del SAHOS pediétrico.
Estudiar la relevancia y complementariedad de nuevas variables extraidas de la
SpO2 mediante la busqueda de subconjuntos 6ptimos de oximetria que combinen
los nuevos métodos no lineales con los enfoques clasicos.
Evaluar su rendimiento diagnostico en diferentes contextos:

- Oximetria hospitalaria.

- Oximetria domiciliaria.

- Oximetria integrada en un smartphone.
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3.1. Poblacién bajo estudio y estudios de suefio

Todos los nifios bajo estudio han acudido a las Unidades de Suefio por mostrar
sintomas comunes que hacian sospechar SAHOS con una alta probabilidad, como el
ronquido y/o apneas objetivadas por los familiares durante el suefio. Se han excluido nifios
que tuvieran otras enfermedades graves, alteraciones psiquiatricas, otros trastornos no
respiratorios del suefio, asi como aquellos que precisaran de una intervencién quirdrgica

urgente.

Es interesante destacar el enfoque multicéntrico de la presente Tesis Doctoral,
debido a que se han analizado poblaciones de estudio compuestas por nifios derivados a
diferentes laboratorios de suefio: The Pediatric Sleep Unit at the University of Chicago
Medicine Comer Children’s Hospital (CCHC) [161], Unidad Multidisciplinar de Suefio del
Hospital Universitario de Burgos (HUBU) [162] y The British Columbia Children’s
Hospital of Vancouver (BCCH) [163]. EI comiteé de ética de cada centro aprobo el protocolo
del estudio y todos los familiares firmaron el consentimiento informado previo a participar
en el mismo. El rango de edad de los nifios bajo estudio fue de 1 a 17 afios, con una mediana

de 7 afios y rango intercuartil (IQR) (4, 10) afios en la poblacion del CCHC, 4 (4, 6) afios
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en la muestra procedente del HUBU y de 9 (5.3, 12) afios en la poblacion del BCCH.

De acuerdo a la AASM, a todos los nifios se les ha realizado una PSG hospitalaria
nocturna por tratarse de la prueba gold standard de diagndstico definitivo de SAHOS
pediatrico [57]. La PSG consistio en el registro de las sefiales de EEG, EOG, EMG (tibial y
submentoniano), ECG, flujo aéreo mediante termistor y canula nasal, banda abdominal y
torécica, sefial de oximetria, CO> transcutaneo, sefial de ronquido y posicién corporal. Todos
los estudios incluidos mostraron al menos 3 horas de TST. El analisis manual de las PSGs
fue llevado a cabo por técnicos especializados en trastornos respiratorios del suefio. De cada

registro de PSG se obtuvo un I1AH.

Las fases de suefio y los eventos respiratorios de los registros de PSG, realizados en
el HUBU y CCHC, fueron analizados segun la normativa de la AASM de 2012 [57,62,164]:
la apnea obstructiva fue definida como una disminucion >90% de la amplitud de la sefial de
termistor (flujo oronasal) durante al menos 2 ciclos respiratorios, con persistencia o
aumento del esfuerzo respiratorio durante el periodo de descenso del flujo oronasal; la
hipopnea fue definida como una disminucion >30% de la amplitud de la sefial de sonda de
presion nasal durante al menos 2 ciclos respiratorios, acompafiado de desaturacion >3% y/o

arousal.

El andlisis de los registros de PSG realizados en el BCCH se baso en los criterios de
la AASM de 2007 [57]: las apneas obstructivas fueron definidas como el cese completo del
flujo oronasal durante al menos 2 ciclos respiratorios, con persistencia 0 aumento del
esfuerzo respiratorio durante el periodo de cese del flujo oronasal. Las hipopneas se
definieron como una disminucion >50% de la amplitud de la sefial de sonda de presion nasal

durante al menos 2 ciclos respiratorios, acompaiado de desaturacion >3% y/o arousal.

En la presente Tesis Doctoral se ha analizado el rendimiento diagndstico de la sefial
de SpO2 como herramienta de deteccion automatica de SAHOS pediatrico, extraida de la
PSG hospitalaria (CCHC), de la PR domiciliaria (HUBU) y de un dispositivo portétil, el
Phone Oximeter (BCCH). A continuacion, se describen los principales datos de las

diferentes poblaciones bajo estudio.
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3.1.1. Base de datos del Pediatric Sleep Unit at the University of Chicago Medicine
Comer Children’s Hospital

Poblacion formada por 176 nifios, a quienes se les hizo una PSG hospitalaria

(Polysmith), de la cual fue extraida la sefial de SpO..

Para analizar esta base de datos, utilizaron varios umbrales diagnosticos en funcion
del IAH empleados habitualmente para el diagnostico de SAHOS infantil [6,70,98]: 1, 3y
5 eventos/h. No se encontraron diferencias estadisticamente significativas (p-valor >0.05)
entre los grupos bajo estudio en términos de edad, sexo e IMC. La Tabla 1 recoge los datos

sociodemogréficos y clinicos de estos sujetos.

3.1.2. Base de datos de la Unidad Multidisciplinar de Suefio del Hospital Universitario

de Burgos

Se analizaron 50 pacientes, a quienes se les realiz6 una PSG hospitalaria (Deltamed
Coherence® 3NT version 3.0) y una PR domiciliaria (eXim Apnea Polygraph) en noches

diferentes. Los registros de SpO- se obtuvieron de la PR domiciliaria no supervisada.

Se aplico un 1AHo de 3 eventos/h como punto de corte para determinar el
diagnostico de SAHOS, umbral que otros autores han utilizado con frecuencia en sus
estudios [70,98,102]. No hubo diferencias estadisticamente significativas (p-valor >0.05)
entre los grupos bajo estudio en términos de edad, sexo e IMC. La Tabla 2 recoge los datos

sociodemogréaficos y clinicos de esta poblacion.

3.1.3. Base de datos del British Columbia Children’s Hospital of Vancouver

Se han estudiado 142 sujetos, a quienes se les realiz6 una PSG (Embla Sandman
S4500 Polysomnograph) y una oximetria portatil de forma simultanea en el hospital. La
sefial de SpO> portéatil se obtuvo mediante el Phone Oximeter [138,139], un dispositivo
portatil que integra un Smartphone (iPhone mas reciente o igual al 4S) y un pulsioximetro
(Masimo SET®).

Es conocido que un IAH >5 eventos/h indica habitualmente adenoamigdalectomia
debido a que el SAHOS moderado-severo es menos probable que se resuelva de forma
espontanea [8,95]. Ademas, un IAH >5 eventos/h se relaciona con mayor riesgo
cardiovascular [95]. Por ello, en este trabajo se ha aplicado un punto de corte de 5 eventos/h
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formando un grupo de SAHOS moderado-severo (IAH >5 eventos/h) compuesto por 55
nifos (38.7%) frente al grupo sin SAHOS moderado-severo (IAH <5 eventos/h) constituido
por 87 nifios (61.3%). Nos se encontraron diferencias estadisticamente significativas (p-
valor >0.05) entre los grupos bajo estudio en términos de edad, sexo e IMC. La Tabla 3

recoge los datos sociodemograficos y clinicos de esta muestra.

Tabla 1. Caracteristicas demogréaficas y clinicas de la muestra reclutada en el CCHC empleando 3
umbrales diagnésticos comunes en el SAHOS infantil en funcion del IAH: 1, 3y 5 eventos/h.

IAH >1 evento/h IAH >3 eventos/h IAH >5 eventos/h

SAHOS SAHOS SAHOS SAHOS SAHOS SAHOS

negativo positivo negativo positivo negativo positivo
N°sujetos (%) 30(17.1) 146 (82.9) 79 (44.9%) 97 (55.1%) 105 (59.7%) 71 (40.3%)
N° nifios (%) 17 (56.7%) 79 (54.1%) 45 (57.0%) 51 (52.6%) 57 (54.3%) 39 (54.9%)
Edad (afios) 8.0 [5.0] 7.0 [5.0] 7.0 [5.5] 6.0 [6.0] 7.0 [5.3] 6.0 [6.0]
IMC (kg/m?) 17.7[6.6] 183[7.5] 18.1[6.9] 18.4[7.8] 183[6.4] 18.1[8.1]
IAH (e/h) 0.6 [0.4] 4.7 [8.9] 1.3[1.2] 9.3[125] 1.7[2.1] 11.2[12.1]

Los datos se proporcionan en términos de mediana [IQR] y n° (%). IAH: indice de apnea-hipopnea; IMC:
indice de masa corporal; SAHOS: sindrome de apnea-hipopnea obstructiva del suefio.

Tabla 2. Caracteristicas demograficas y clinicas de la muestra reclutada en el HUBU.

Caracteristicas Mediana [IQR]
N° de pacientes 50

Edad (afios) 4[4, 6]

N° de nifios (%) 27 (54.0%)
IMC (kg/m?) 16.42 [15.00, 17.53]
Tiempo de registro (h) 9.05 [8.40, 9.27]
IAHopsc (eventos/h) 3.56 [1.21, 17.28]
IAHowre (eventos/h) 5.15[1.27,9.79]
ID3nre (eventos/h) 1.89 [0.84, 6.03]
Prevalencia

IAHOpsc > 1 (eventos/h) 40 (80%)
IAHOpsc > 3 (eventos/h) 26 (52%)
IAHOpsG > S (eventos/h) 22 (44%)

Los datos se proporcionan en términos de mediana [IQR] y n° (%). IAHowre: indice de apnea-hipopnea
obstructivo derivado de la PR domiciliaria; IAHopss: indice de apnea-hipopnea obstructivo derivado de la
PSG hospitalaria; ID3nre: indice de desaturacion del 3% derivado de la PR domiciliaria; IMC: indice de masa
corporal; IQR: rango intercuartil.
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Tabla 3. Caracteristicas demogréficas y clinicas de los nifios participantes en el BCCH y division
en grupos empleando un punto de corte de diagndstico de 5 eventos/h.

Caracteristicas Todos Grupo IAH <5 Grupo IAH >5 p-valor
N° de pacientes (%) 142 87 (61.3%) 55 (38.7%) -
Edad (afios) 91[7] 10 [6] 8[8] N.S.
N° de nifios (%) 85 (59.9%) 47 (54.0%) 38 (69.1%) N.S.
IMC (Kg/m?) 18.4 [7.99] 17.57 [6.12] 20.07 [11.69] N.S.
IAH (eventos/h) 2.65 [8.30] 1.20 [1.58] 13.10 [17.85] p <0.01

Los datos se proporcionan en términos de mediana [IQR] y n® (%). IAH: indice de apnea-hipopnea; IMC:
indice de masa corporal; N.S.: diferencias no significativas.

3.2. Marco metodoldgico general

En la investigacion desarrollada durante la presente Tesis Doctoral se ha empleado
una metodologia basada en las tres etapas basicas de andlisis automatico de sefiales
biomédicas: extraccion, seleccion y clasificacion de caracteristicas. Ademas, segun sugiere
la AASM, previamente se ha aplicado una etapa de pre-procesado de la sefial de SpOo,
orientada a la deteccion y eliminacion de los artefactos presentes en cada registro,
principalmente debidos a los movimientos de los pacientes. En primer lugar, se ha
desarrollado una etapa de extraccion de variables para caracterizar exhaustivamente la sefial
de SpOs.. Para ello, se han aplicado métodos de procesado de diferente naturaleza (dominio
del tiempo y de la frecuencia; enfoque lineal y no lineal). Posteriormente, se ha
implementado una etapa de seleccion de caracteristicas partiendo del conjunto completo de
variables oximeétricas, del cual se ha derivado automaticamente un subconjunto éptimo
orientado a maximizar la capacidad diagnostica de la sefial de SpO». Para ello, se han
evaluado diferentes técnicas de reduccion de dimensionalidad. Finalmente, se ha evaluado
el rendimiento diagndstico de cada subconjunto de caracteristicas al ser aplicado como
entrada a diferentes clasificadores automaticos. El objetivo de los métodos de
reconocimiento automatico de patrones analizados ha sido implementar una clasificacion
binaria, es decir, diferenciar entre nifios sin SAHOS (SAHOS negativo) y pacientes con
SAHOS (SAHOS positivo), en funcién de diferentes umbrales de diagnéstico clinico de la
enfermedad. Para la validacion de los métodos automaticos de ayuda al diagnostico
propuestos, se ha aplicado un enfoque de bootstrapping, asegurando la generalizacion de
los resultados alcanzados. Todos los algoritmos de procesado automatico de la sefial han
sido implementados mediante la herramienta de desarrollo software Matlab® R2015a (The
MathWorks Inc., Natick, Massachusetts, USA).
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3.2.1 Etapa de pre-procesado

Se trata de una etapa comun en los estudios basados en el procesado de registros
biomédicos, siendo fundamental para la obtencion de resultados apropiados en etapas
posteriores. En la sefial de SpO- es habitual la presencia de artefactos debido a movimientos
del paciente. En esta Tesis Doctoral, los registros de SpO2 procedentes de la oximetria
nocturna fueron grabados y analizados offline en busca de muestras nulas y cambios
mayores de 4%/s en la amplitud de la sefial [165], ambos relacionados con pérdidas de

contacto con el sensor causadas por movimientos del paciente.

3.2.2 Etapa de extraccion de caracteristicas

3.2.2.1. Momentos estadisticos en el dominio del tiempo y de la frecuencia

Las desaturaciones tipicas de los eventos de apnea modifican las caracteristicas del
histograma de datos de la sefial de oximetria nocturna de los pacientes con SAHOS [110-
112]. Los momentos estadisticos de orden 1 a 4 centrados en la media (M1 — M4) permiten
parametrizar diferentes caracteristicas basicas de una distribucion de datos, lo que los hace
atiles para capturar las diferencias en el perfil nocturno de oximetria entre nifios con y sin
SAHOS. La media aritmética, varianza, skewness y kurtosis permiten cuantificar la
tendencia central, dispersion, asimetria y concentracion de los datos, respectivamente [166].
Para aplicar estos estadisticos a los registros de oximetria en el dominio del tiempo, se
construyo el histograma de amplitudes de SpO2 (%) a partir de las muestras de cada registro,
extrayendo las siguientes variables:

- Media (M1t), varianza (M2t), skewness (M3t) y kurtosis (M4t) en el dominio del

tiempo.

De forma similar, para calcular estas caracteristicas en el dominio de la frecuencia,
se construyo el histograma a partir de la amplitud de la PSD (W/Hz) en cada componente
frecuencial [110,111], calculando posteriormente las siguientes variables:

- Media (M1f), varianza (M2f), skewness (M3f) y kurtosis (M4f) en el dominio de

la frecuencia.

M1t-M4t y M1f-M4f se han aplicado con anterioridad dentro del contexto del
SAHOS en adultos [110-112]. En esta Tesis Doctoral estas variables se han empleado para
caracterizar exhaustivamente las variaciones de la sefial de SpO: en la ayuda al diagndstico
del SAHOS infantil [98,161-163].
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3.2.2.2. Anélisis espectral de la sefial de SpO2

La repeticion continuada de los episodios de apnea en enfermos con SAHOS
origina cambios en la amplitud de la sefial de oximetria con cierta periodicidad [167].
Estudios previos han demostrado que la banda de frecuencias comprendida entre 0.021 y
0.040 Hz se ve alterada por estos cambios repetitivos, por lo que el analisis en el dominio
de la frecuencia de la sefial de SpO. puede proporcionar informacion relevante para la
deteccion de la enfermedad en nifios [98].

Se ha aplicado el método de Welch para estimar la PSD de cada registro de
oximetria nocturna [168]. Posteriormente, se han extraido diferentes caracteristicas de la
PSD de cada sefial, tanto caracteristicas espectrales convencionales basadas en potencias y
amplitudes de pico, como otros pardmetros de cuantificacibn menos comunes en este
contexto, como la frecuencia mediana o la entropia espectral [98,161]:

- Potencia total de la sefial (Pr), calculada como el area bajo la funcion de la

PSD.

- Amplitud de pico del espectro en la banda de interés (AP), que representa la
potencia en valor absoluto asociada a la componente frecuencial dominante de
la sefial y viene determinada por el maximo del espectro en la banda de
frecuencias de interés.

- Area encerrada en la banda de frecuencias de interés del espectro (Pr), que
representa la potencia relativa en la regiéon de interés y viene dada por la
relacién entre la potencia en la banda de frecuencias de interés y la potencia
total de la sefial.

- Frecuencia mediana (FM), la cual se define como la componente espectral para
que la potencia total de la sefial se reparte al 50% a ambos lados de la misma
en el espectro de frecuencias. Permite caracterizar de forma global toda la
informacion espectral contenida en la PSD, asignando valores reducidos a
aquellas sefiales con la potencia espectral comprimida en bajas frecuencias,
mientras que cuando las componentes espectrales mas significativas se
encuentran en altas frecuencias, el valor de FM sera més elevado.

- Entropia espectral de Shannon (SE), comunmente empleada para cuantificar
en qué grado el espectro de frecuencias de la sefial muestra un perfil plano.
Valores elevados de SE implican un contenido espectral ensanchado (plano),
lo que se traduce en un rango amplio de componentes espectrales significativas

0, lo que es lo mismo, un mayor desorden en el dominio del tiempo.
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Pt, AP, Pgr, asi como FM y SE han sido empleadas con anterioridad dentro del
contexto del SAHOS en adultos [110-112,167,169]. En esta Tesis Doctoral, estas variables
se han empleado para caracterizar exhaustivamente las variaciones de la sefial de SpO- en
la ayuda al diagndstico del SAHOS infantil [98,161-163].

3.2.2.3. Anélisis no lineal

Las estrategias tradicionales de procesado de sefiales biomédicas se han basado
principalmente en algoritmos lineales, como el andlisis de Fourier o los momentos
estadisticos basicos. Estas técnicas extraen informacion muy valiosa, pero por si solas no
son capaces de representar por completo todas las actividades bioldgicas. Ademas, se deben
emplear con precaucion cuando las series temporales presentan épocas no estacionarias o
no lineales, como ocurre tipicamente en los registros biomédicos [103]. En los Gltimos afios,
se ha observado que la aplicacion de métodos no lineales derivados de la teoria del caos es
capaz de proporcionar informacion adicional sobre el comportamiento de las sefiales
biomédicas en general y de la sefial de SpO: en particular [107,109]. En la presente Tesis
Doctoral se ha estudiado la forma en que los eventos de apnea tipicos del SAHOS modifican
las caracteristicas no lineales del perfil nocturno de SpO2 en nifios con sospecha de padecer
esta enfermedad. Existen diferentes métodos no lineales que permiten evaluar los registros
bioldgicos desde distintos enfoques y profundizar en su naturaleza no lineal. A
continuacion, se detallan brevemente las principales caracteristicas de cada uno de los

métodos empleados en esta investigacion:

- Entropia Muestral (SampEn) [104]. Se trata de una familia de pardmetros
estadisticos que permite cuantificar la irregularidad en series temporales.
SampEn evallUa patrones dominantes y subdominantes, asignando un valor de
entropia mas elevado a las series de datos con mayor irregularidad.

- Medida de la Tendencia Central (CTM) [105]. Cuantificar la variabilidad de
una serie de datos mediante la representacion de diagramas de diferencias de
segundo orden. Valores pequefios de CTM implican mayor dispersion, es
decir, series de datos de mayor variabilidad.

- Complejidad de Lempel-Ziv (LZC) [170]. Cuantifica el niUmero de patrones
diferentes contenidos en una secuencia. El contador de complejidad se
incrementa en una unidad cada vez que se encuentra una nueva subsecuencia.

Tras normalizarlo, la medida de complejidad refleja la tasa de nuevos patrones.
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- Entropia de mudltiples escalas (MSE) [171]. MSE permite cuantificar la
complejidad de una sefial teniendo en cuenta las maltiples escalas temporales
inherentes a las sefiales biologicas, las cuales no son habitualmente
consideradas por las medidas de entropia tradicionales. El algoritmo se basa
en la aplicacién sucesiva de SampEn sobre diferentes versiones “de grano
grueso” de la senal original. Cada una de las sucesivas secuencias de grano
grueso caracteriza un estado dindmico del sistema en escalas temporales cada
vez mayores [171]. Si en la mayor parte de las escalas los valores de entropia
de una serie temporal a estan por encima de los de otra serie b, se considera
que la serie a es mas compleja que la serie b. Una vez construida la curva MSE,
que representa la evolucion de SampEn en las diferentes escalas, puede ser
parametrizada mediante el valor individual en escalas de particular relevancia
(SEn), pendientes (Slpn-m) Y &reas (Arn-m) entre diferentes rangos de escalas, asi
como el valor de la escala para el que se alcanza un determinado hito (z), como
la entropia méaxima o la maxima diferencia [162].

- Dinémica simbdlica [172,173]. La dindmica simbdlica se basa en la particion
del rango de valores de la serie de datos (50%-100% en el caso de la amplitud
de la sefial de SpO2) en un numero finito de regiones no solapadas para
cuantificar los cambios de amplitud de la sefial. Cada una de estas regiones se
representa mediante un simbolo, de forma que cada muestra de la sefial se
mapea en el correspondiente simbolo, transformando la serie original en una
secuencia de simbolos. Posteriormente, éstos se agrupan formando palabras y
se construye el histograma de palabras para cuantificar la frecuencia de
aparicion de cada una de ellas. Para cuantificar la dindmica de la secuencia de
simbolos y, por consiguiente, de la sefial original, es posible extraer los
siguientes parametros del histograma [163]: la probabilidad relativa de
palabras de especial relevancia (PWisss}); el nimero de “palabras prohibidas”
(FW), que representa las subsecuencias de simbolos que menos se repiten; o
la entropia de simbolos (SymbEn), que se mide como la entropia de Shannon
del histograma, con el objetivo de determinar si existen palabras dominantes

(que se repiten significativamente mas que el resto).

Los métodos no lineales SampEn, CTM y LZC, asi como MSE y la dinamica
simbolica han sido empleados con anterioridad dentro del contexto del SAHOS en adultos
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[110-112,174-179]. En esta Tesis Doctoral, estos métodos se han empleado para
caracterizar exhaustivamente los cambios en la dinamica no lineal de la sefial de SpO: en la
ayuda al diagnostico del SAHOS infantil [98,161-163].

3.2.2.4. Indices de oximetria clasicos

En la investigacion desarrollada en la Tesis Doctoral, se han incorporado al conjunto
de partida de caracteristicas de oximetria diferentes indices oximétricos cominmente
utilizados en la préactica clinica debido a su facil interpretacion. De hecho, a pesar de que la
evidencia cientifica demuestra que infraestiman el diagnostico de SAHOS, han demostrado
aportar informacion util en el screening de esta enfermedad [20,86,91]. Ademas, estos
indices de oximetria convencionales se han empleado como modelos de referencia para
evaluar la calidad de los resultados alcanzados por las metodologias de reconocimiento
automatico de patrones propuestas [98,161-163]. Concretamente, se han calculado de forma
automatica las siguientes caracteristicas:

- Satmin, saturacion de oxigeno media (Satavs) durante el tiempo de registro y
CT95.

- Indice de desaturacion del 2% (ID2), ID3 e ID4. Para cuantificar estos indices
se ha empleado la definicion de desaturacion utilizada en el estudio
desarrollado por Magalang et al [165]: se ha considerado desaturacion a un
descenso en la amplitud de la sefial de SpO> de al menos la cantidad prefijada
(2%, 3% 0 4%) respecto a un umbral, durante al menos 10 segundos y a una
tasa superior o igual a 0.1 puntos porcentuales por segundo (%/s), retornando
a un entorno del 1% del valor inicial en menos de 60 s. El umbral es igual a la
saturacion media en el minuto anterior, sin considerar los periodos de
desaturacion, y se actualiza cada minuto. El valor inicial del umbral es igual
al valor medio de SpO2 en los 3 primeros minutos. Finalmente, para obtener
el ID, el nimero total de eventos se pondera por el nimero total de horas de

registro.

3.2.3 Etapa de seleccion de caracteristicas
Tras la etapa de extraccion de caracteristicas, la informacion contenida en cada
registro de SpO2 queda parametrizada mediante un conjunto de variables e indices de

oximetria. Estas variables se pueden agrupar en un vector o patron de caracteristicas que
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representa a cada sujeto de la poblacion bajo estudio. Cada patrén se utiliza como entrada a
una etapa posterior de reconocimiento de patrones, cuyo objetivo serd determinar la
presencia o0 ausencia de la patologia. Al utilizar de forma conjunta todas las caracteristicas
obtenidas de un mismo registro de SpO-, se pretende incrementar la capacidad diagndstica
de la oximetria. Sin embargo, es posible aumentar el rendimiento de la etapa de
reconocimiento de patrones implementando una etapa intermedia de seleccion de
caracteristicas o reduccién de dimensionalidad. El objetivo de la seleccion de caracteristicas
es identificar, partiendo de un conjunto inicial de variables, el subconjunto de las mismas
que maximiza el rendimiento (a través de un estadistico o métrica de capacidad predictiva)
del clasificador automatico seleccionado [112,180]. A pesar de reducir la informacion de
entrada al sistema de reconocimiento de patrones, la seleccidn de caracteristicas proporciona
importantes ventajas [112]:
- Permite eliminar informacion redundante, es decir, variables con un grado
elevado de informacion compartida (correlacion).
- Permite detectar las caracteristicas mas relevantes para el problema bajo
estudio, asi como aquellas que mejor se complementan entre si.
- Reduce la complejidad del método de reconocimiento de patrones y, como
consecuencia, reduce el riesgo de overfitting (sobre-entrenamiento), con lo que

la capacidad de generalizacién del clasificador se incrementa.

En esta Tesis Doctoral se evaluaron dos enfoques diferentes de seleccién de
caracteristicas [161-163]: (i) filter, que determina el conjunto dptimo independientemente
del clasificador empleado en etapas posteriores; (ii) embedded, que realiza la seleccion de
forma simultanea a la configuracion/optimizacion del clasificador. A continuacion, se

describen las metodologias empleadas:

- Fast correlation-based filter (FCBF) [181]. FCBF es un algoritmo de
seleccion de caracteristicas independiente de la técnica de reconocimiento de
patrones empleada en etapas posteriores. Se basa en la symmetrical
uncertainty (SU), que mide el grado de relacion entre dos variables. SU toma
valores entre 0 y 1. Un valor de SU igual a 0 indica que las variables son
independientes. Por el contrario, un valor de SU igual a 1 implica que el
conocimiento de una variable equivale a poder predecir completamente la otra
[181]. FCBF consta de dos fases: analisis de relevancia y analisis de

redundancia. En la primera fase, se mide la relacion entre cada una de las
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caracteristicas extraidas y una variable objetivo representativa del problema
bajo estudio. En esta Tesis Doctoral, esta variable es el IAH. Por lo tanto, un
mayor valor de SU en esta primera etapa indicard mayor relacion entre la
variable y el SAHOS infantil, lo que permite establecer un ranking de variables
en funcion de su relevancia para el problema bajo estudio. En la segunda fase,
se calcula la SU entre cada par de caracteristicas, empezando por las mas
relevantes. Cuando la SU entre dos caracteristicas supera el valor de SU entre
la de menor ranking y la variable objetivo, entonces se considera que la
caracteristica de menor ranking es redundante y seré descartada. EI conjunto
Optimo de caracteristicas sera el formado por aquellas variables que no hayan
sido descartadas tras ambas etapas de filtrado.

Forward stepwise logistic regression (FSLR) [182]. Se trata de un
procedimiento iterativo que permite evaluar la capacidad discriminatoria de
un grupo de variables como entrada a un modelo de RL. Mediante esta
metodologia, las variables entran y salen del modelo de RL de una en unay de
modo secuencial, creando diferentes subconjuntos anidados. Para determinar
cudles de las caracteristicas son significativas y deben mantenerse en el
modelo o cudles proporcionan informacion redundante y deben ser eliminadas
del mismo en cada iteracion, se comparan dos modelos de RL que se
diferencian en un grado de libertad (uno que incluye la variable bajo analisis
y otro sin ella) mediante la prueba de la LR [182]. De esta forma, la
importancia de una variable se define en términos del p-valor arrojado por este
test estadistico. El algoritmo FSLR comprueba si las variables independientes
son significativas y decide su inclusion o eliminacion del modelo en funcién

de sendos umbrales de significacion predefinidos por el investigador.

Finalmente, es importante indicar que, en los estudios realizados, los métodos de

seleccién de caracteristicas se han implementado bajo un enfoque de bootstrapping. El

método de reduccion de dimensionalidad empleado en cada caso (FCBF o FSLR) se ha

repetido de forma iterativa 1000 veces sobre sendos subconjuntos de entrenamiento o

réplicas de bootstrap (bootstrap replicates) [161-163]. Tras cada iteracion, se han

almacenado las caracteristicas seleccionadas automaticamente, de forma que finalmente,

solo han pasado a formar parte del subconjunto Optimo final aquellas variables

seleccionadas un numero de veces superior al umbral determinado por el investigador.
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3.2.4 Etapa de clasificacion de caracteristicas

En esta Tesis Doctoral, la etapa de reconocimiento automético de patrones o
clasificacion de caracteristicas tiene como objetivo determinar la presencia o ausencia de
SAHOS en cada sujeto de la poblacion de estudio en funcion de las caracteristicas obtenidas
de la sefial de SpO,. De forma particular, en el trabajo de Alvarez et al [163], estos indices
oximétricos se han complementado mediante variables antropométricas y clinicas, como el
IMC o la edad. El patron formado por el subconjunto 6ptimo de caracteristicas determinado
en la etapa anterior ha sido utilizado para clasificar a cada paciente. En la literatura, existen
diferentes métodos de clasificacion de patrones que pueden ser aplicados para implementar
esta tarea. En esta Tesis Doctoral se han validado algunos de los clasificadores estadisticos
méas ampliamente utilizados en el contexto de la ayuda al diagnostico automatico del
SAHOS infantil: LDA [87,101,114,115] y RL [20,41,98,162,174]. Ademas, también se ha
evaluado el modelo de clasificacién binaria QDA, que es una alternativa menos restrictiva
que LDA, aunque ha sido utilizado de forma marginal en el contexto de ayuda al diagnéstico
del SAHOS [116]. A continuacion, se describen brevemente estos tres algoritmos
[161,183]:

- Anadlisis discriminante lineal (LDA). Las reglas de clasificacion basadas en el
andlisis discriminante modelan cada funcion de densidad condicional de la
clase como una distribucién normal multivariante [183]. En el caso mas
simple, el clasificador LDA asume igualdad de las matrices de covarianzas,
estableciendo una frontera de decisién lineal. Bajo la asuncion de normalidad
y homocedasticidad, el discriminante lineal minimiza la funciéon de error.

- Andlisis discriminante cuadratico (QDA). En un caso méas general en el que
no es posible asumir homocedasticidad, la regla de decisién de Bayes que
minimiza la funcion de error de clasificacion, se convierte en una frontera de
decision cuadréatica [183].

- Regresion logistica (RL). Los clasificadores basados en regresion logistica no
asumen a priori condiciones de normalidad ni homocedasticidad. RL modela
la funcién de densidad de probabilidad como una distribucion de Bernuilli y
emplea la razon de méaxima verosimilitud para determinar los coeficientes del

modelo de clasificacion [183].
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3.2.5 Andlisis estadistico

Para realizar el andlisis estadistico, tanto de los datos clinicos como de los resultados
obtenidos durante la investigacion, se ha empleado el software de analisis matematico
Matlab® R2015a (The MathWorks Inc., Natick, Massachusetts, USA) y el software de
estadistica IBM SPSS Statistics 20 (IBM Corp., Armonk, New York, USA). Se han
empleado los test de Kolmogorov-Smirnoff y de Levene para evaluar la normalidad y la
homocedasticidad de las distribuciones de datos, respectivamente. En los diferentes
estudios, se ha comprobado que los datos no seguian una distribucién normal y no habia
igualdad de varianzas. De acuerdo con ello, el analisis descriptivo de las variables se ha
realizado en términos de su mediana y rango intercuartil. De forma similar, se ha aplicado
el test no paramétrico de Mann-Whitney para valorar la existencia de diferencias
estadisticamente significativas entre los grupos de pacientes con y sin SAHOS, de acuerdo
a los grupos obtenidos tras aplicar los diferentes umbrales de diagndstico clinico bajo
estudio. Se ha considerado que existian diferencias significativas para un umbral de
significacion de p-valor <0.05.

Para validar de forma apropiada la generalizacion de las metodologias propuestas,
se ha empleado un enfoque de bootstrapping. Concretamente, se ha implementado el
conocido bootstrap 0.632, que es particularmente Util para estimar métricas de rendimiento
diagnostico en conjuntos pequefios de datos [98,102,184]. Dado un conjunto inicial de datos
(instancias) de tamafio N, el método de bootstrap 0.632 emplea remuestreo de instancias
con reemplazamiento para construir M nuevos conjuntos denominados “réplicas de
bootstrap”, cada uno de ellos compuesto también por N instancias. Para cada réplica m; (1
<i <M), cada instancia del conjunto de datos original puede ser seleccionada multiples veces
con igual distribucion de probabilidad (uniforme), es decir, todas las réplicas contendran
instancias repetidas. Como consecuencia, para cada réplica de bootstrap existiran una serie
de instancias del conjunto original que no habran sido elegidas. En cada iteracion i (1 <i
<M) del algoritmo de validacion, el conjunto (réplica) m; se emplea para entrenar la
metodologia, mientras que las instancias que no han sido seleccionadas como parte de la
réplica y que, por tanto, no han intervenido en el entrenamiento de los modelos, se emplean
como conjunto independiente de validacion. Para obtener una estimacion eficiente del 1C
95%, se aconseja fijar un nimero de réplicas de bootstrap de M =1000 [184]. De acuerdo
con el método de bootstrap 0.632, las métricas de rendimiento diagnéstico en cada iteracion
se obtienen como la suma ponderada de dos contribuciones, tanto en las réplicas de

entrenamiento (0.632 veces el valor de la métrica en el conjunto de entrenamiento) como

58



Capitulo 3 Material y métodos

en su correspondiente par de test (0.368 veces su valor en el conjunto de test). Finalmente,
el valor final de cada métrica se obtiene promediando los valores obtenidos en las M
iteraciones de bootstrap.

Como medidas de rendimiento diagndstico, se han empleado las métricas
comUnmente proporcionadas por las matrices de confusion de 2 clases (clasificacion
binaria): Se, que representa la tasa de verdaderos positivos, es decir, el porcentaje de nifios
con SAHOS correctamente clasificados; Sp, que representa la tasa de verdaderos negativos,
es decir, los nifios sin SAHOS correctamente detectados; el PPV, que mide cuantos de los
pacientes clasificados como positivos (nifios con SAHOS) tienen realmente la enfermedad,;
NPV, que mide cuantos de los nifios clasificados como negativos (no SAHOS) no presentan
realmente la patologia; LR+, que calcula la relacion entre la tasa de verdaderos positivos
(Se) y la tasa de falsos positivos (1-Sp); LR-, que calcula la relacion entre la tasa de falsos
negativos (1-Se) y la tasa de verdaderos negativos (Sp); y Acc, que calcula la proporcion
global de sujetos correctamente clasificados. Ademas, se han construido curvas ROC vy se

ha calculado el AUC como métrica de rendimiento global de los métodos propuestos.
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4. ARTICULOS CIENTIFICOS

En el presente capitulo se muestran los articulos publicados en esta Tesis Doctoral
presentada mediante el formato de compendio de publicaciones. Los 4 articulos han
completado el proceso de revision de revistas indexadas en el Journal Citation Reports.
Cada articulo viene precedido de su informacion bibliografica bésica (titulo, autores,
revista, afio de publicacion, volumen y paginas) y contiene un resumen en castellano. El
resto de produccion cientifica realizada durante el desarrollo de la presente Tesis Doctoral

se enumera en el Anexo A.
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4.1. Assessment of oximetry-based statistical classifiers as
simplified screening tools in the management of childhood

obstructive sleep apnea

Andrea Crespo'?, Daniel Alvarez!?, Leila Kheirandish-Gozal®, Gonzalo C. Gutiérrez-
Tobal?, Ana Cerezo-Hernandez!, David Gozal®, Roberto Hornero?, Félix del Campo*?

IServicio de Neumologia, Hospital Universitario Rio Hortega, ¢/ Dulzaina 2, 47012 Valladolid, Spain.
’Biomedical Engineering Group, University of Valladolid, Paseo de Belén 15, 47011 Valladolid, Spain.
3Section of Sleep Medicine, Department of Pediatrics, Pritzker School of Medicine, Biological Sciences
Division, The University of Chicago, Chicago, IL 60637, USA.

Resumen

Objetivo. Se proponen una variedad de modelos estadisticos basados en la oximetria
nocturna para simplificar la deteccion de nifios con sospecha de sindrome de apnea
obstructiva del suefio (SAOS). A pesar de la utilidad reportada, son necesarios mas analisis
comparativos exhaustivos. Este estudio tiene como objetivo evaluar modelos habituales de
clasificacion binaria basados en la oximetria para la deteccién de SAOS infantil.

Métodos. Se adquirieron registros de oximetria nocturna procedentes de la polisomnografia
hospitalaria de 176 nifios remitidos por sospecha clinica de SAOS. Para la optimizacion de
los modelos y su validacion independiente se crearon aleatoriamente multiples conjuntos de
datos de entrenamiento y test mediante bootstrapping. La saturacion de oxigeno en sangre
(SpO3) de cada nifio se parametriz6 mediante 17 caracteristicas. Se aplic el algoritmo fast
correlation-based filter (FCBF) para buscar las caracteristicas optimas. Se evalud el poder
discriminatorio de tres algoritmos estadisticos de reconocimiento de patrones: analisis
discriminante lineal (LDA), andlisis discriminante cuadratico (QDA) y regresion logistica
(RL). El rendimiento de cada modelo automaético fue evaluado para los tres puntos de corte
habituales de diagnostico polisomnografico de SAOS pediétrico: 1, 3 y 5 eventos/h.
Resultados. Los mejores rendimientos de screening se obtuvieron al aplicar el punto de
corte de 1 evento/h para SAOS infantil leve-a-severo. EI modelo RL alcanz6 una precision
del 84.3% (1C95% 76.8-91.5%) y una AUC de 0.89 (1C95% 0.83-0.94), mientras que QDA
alcanzd un PPV de 96.5% (1C95% 90.3-100%) y AUC de 0.91 (1C95% 0.85-0.96). Ademas,
los modelos RL y QDA alcanzaron precisiones diagnosticas del 82.7% (1C95% 75.0-89.6%)
y del 82.1% (1C95% 73.8-89.5%) para un punto de corte de 5 eventos/h, respectivamente.
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Conclusiones EIl anélisis automatico de la oximetria nocturna podria ser utilizado para
desarrollar herramientas de screening eficaces y precisas en el diagnéstico de SAOS
infantil.
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ABSTRACT

Purpose. A variety of statistical models based on overnight oximetry has been proposed to simplify
the detection of children with suspected obstructive sleep apnea syndrome (OSAS). Despite the
usefulness reported, additional thorough comparative analyses are demanded. This study was
aimed at assessing common binary classification models from oximetry for the detection of
childhood OSAS.

Methods. Overnight oximetry recordings from 176 children referred for clinical suspicion of
OSAS were acquired during in-lab polysomnography. Several training and test datasets were
randomly composed by means of bootstrapping for model optimization and independent validation.
For every child, blood oxygen saturation (SpO2) was parameterized by means of 17 features. Fast
correlation-based filter (FCBF) was applied to search for the optimum features. The discriminatory
power of three statistical pattern recognition algorithms was assessed: linear discriminant analysis
(LDA), quadratic discriminant analysis (QDA) and logistic regression (LR). The performance of
each automated model was evaluated for the three common diagnostic polysomnographic cut-offs
in pediatric OSAS: 1, 3 and 5 events/h.

Results. Best screening performances emerged using the 1 event/h cut-off for mild-to-severe
childhood OSAS. LR achieved 84.3% accuracy (95% CI 76.8%-91.5%) and 0.89 AUC (95% ClI
0.83-0.94) while QDA reached 96.5% PPV (95% CI1 90.3%-100%) and 0.91 AUC (95% CI 0.85%-
0.96%). Moreover, LR and QDA reached diagnostic accuracies of 82.7% (95% CI 75.0%-89.6%)
and 82.1% (95% ClI 73.8%-89.5%) for a cut-off of 5 events/h, respectively.

Conclusions. Automated analysis of overnight oximetry may be used to develop reliable as well

as accurate screening tools for childhood OSAS.

Keywords. Pediatric obstructive sleep apnea syndrome; overnight oximetry; unattended oximetry;
automated signal processing; pattern recognition.
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Introduction

Childhood obstructive sleep apnea syndrome (OSAS) is a prevalent yet relatively under-
diagnosed condition [1]. According to the American Academy of Pediatrics, OSAS affects 1% to
5% of children in the general pediatric population [2]. Untreated OSAS has been associated with
adverse consequences affecting multiple organ systems in infants and young children, reducing
overall health and quality of life while increasing healthcare use and associated costs [1, 2]. Thus,
it is important to screen for the presence of the disease in children showing symptoms in order to
perform early and timely diagnosis and treatment, an issue that has been recently re-emphasized
by the American Academy of Pediatrics [2]. In-laboratory polysomnography (PSG) is the gold
standard test for OSAS [2, 3]. However, the availability and accessibility of specialized sleep
laboratories is too limited to match clinical needs [4, 5]. In addition, PSGs are onerous and also
intrusive and relatively inconvenient for children and caretakers, which hampers their widespread
implementation [6].

The aforementioned drawbacks have led to an extensive search for screening tools over the
last decade [1, 2, 7, 8]. Overnight oximetry has emerged as a potentially useful screening approach
due to their simplicity and suitability in children [3, 9-14]. In this context, the oxygen desaturation
index (ODI) is the most widely used oximetry marker [5, 10, 12]. Nevertheless, besides the number
of desaturations, there is a lot of additional information present in the oximetric recordings. In this
regard, automated signal processing and pattern recognition techniques are able to optimize the
diagnostic capability of oximetry leading to a more reliable and effective approach [9, 14]. A recent
multicenter study evaluating more than 4,000 overnight oximetry recordings indicated that
machine-learning approaches enable accurate identification of children with OSAS [15].

In the framework of automated pattern recognition, statistical classifiers model the
characteristics of the problem under study, leading to automated tools able to assist physicians in
their daily practice. Particularly, linear discriminant analysis (LDA) [9, 16-18] and logistic
regression (LR) [10, 14, 19, 20] have been previously used with relative success for binary
classification of children suspected of suffering from OSAS. Similarly, quadratic discriminant
analysis (QDA) also provides a suitable alternative, but has been marginally assessed in this context
[21]. Nevertheless, a thorough review reveals that no previous studies have extensively assessed
the performance of these classification approaches when using different cut-off criteria for the
diagnosis of childhood OSAS. We hypothesized that a comprehensive comparative analysis could
provide essential information that would enable widespread use of automated processing of

overnight oximetric recordings as a screening tool for pediatric OSAS. Therefore, the aim of this
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study was to design and assess several statistical binary classifiers based on overnight oximetry
using different clinically used cut-offs for pediatric OSAS.
Materials and methods
Participants

A total of 176 consecutive otherwise healthy children (97 boys and 79 girls) ranging from 1
to 13 years of age composed our dataset. All children were referred by pediatricians to the Pediatric
Sleep Unit at the University of Chicago Medicine Comer Children’s Hospital (Chicago, IL, USA)
for evaluation of habitual snoring and suspected OSAS. Enrolment criteria included habitual
snoring and/or witnessed breathing pauses during sleep as reported by their parents or caretakers.
The Institution’s Ethical Review Committee approved the study protocol (#IRB14-1241) and

informed consent was obtained from all caretakers prior to the enrolment.

Sleep studies

Children’s sleep was monitored using a digital polysomnography system (Polysmith; Nihon
Kohden America Inc., CA, USA) [22]. Blood oxygen saturation (SpOz) recordings using pulse
oximetry were acquired during overnight PSG (sampling frequency 25 Hz) and subsequently
exported for offline processing.

All PSGs were manually scored by trained sleep technologists to derive the apnea-hypopnea
index (AHI). The 2012 American Academy of Sleep Medicine scoring rules for children were used
to quantify sleep and cardiorespiratory events [23]. In order to extensively assess the screening
ability of the proposed classification models, we used several AHI cut-off values routinely used for
establishing the diagnosis of OSAS [2, 8, 14], namely 1, 3, and 5 events/h. Table 1 summarizes the
main characteristics of the dataset.

Automated processing of oximetric recordings

Three signal processing stages were implemented: feature extraction, feature selection, and
pattern recognition.
Feature extraction

The aim of this stage was to exhaustively characterize oximetry dynamics in every child. To
conduct this critical initial step, several oximetric indices were computed:

I.  Desaturations due to apneic events modify the shape and thus the characteristics of the
oximetric data distribution. Conventional first- to fourth-order statistical moments, i.e.,
mean (M1t), variance (M2t), skewness (M3t), and kurtosis (M4t), are suitable as well as
simple measures able to parameterize these changes in the histogram of SpO. amplitudes
[14, 24].
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ii. The power spectral density (PSD) function is able to reflect the occurrence of
(pseudo)periodic desaturations at each frequency [9, 14]. The PSD of each SpO> signal was
parameterized by means of first- to fourth-order statistical moments (M1f-M4f). In addition,
the median frequency (MF) and spectral entropy (SE) were computed to quantify the degree
of flatness of the power distribution [14]. Similarly, the total signal power (P7), as well as
the peak amplitude (PA) and relative power (Pr) in a common apnea frequency band for
children (0.021 — 0.040 Hz) were computed to measure changes in the PSD function due to
desaturations [14, 24, 25].

iii.  In the framework of long-term overnight oximetric recordings, nonlinear measures have
widely demonstrated to provide complementary information to conventional spectral
techniques. Particularly, sample entropy (SampEn), central tendency measure (CTM), and
Lempel-Ziv complexity (LZC) were computed due to their ability to quantify slight changes
in irregularity, variability and complexity of nocturnal SpO> [14, 26].

iv.  Finally, the conventional 3% oxygen desaturation index (ODI3) was automatically scored
and included in the initial feature space in order to quantify the number of drops per hour
of recording greater than or equal to 3% from baseline [12].

Feature selection

For each child, all 17 features derived from the oximetry signal were jointly used to
characterize the presence of pediatric OSAS. This initial feature set gather valuable information
able to detect the disease. Nevertheless, an improved as well as reduced feature subset can be
derived by applying a feature selection algorithm. Previous works have shown that feature selection
and dimensionality reduction algorithms enhances the prediction ability of oximetric features in
the context of OSAS diagnosis [24, 26, 27]. In this study, the fast correlation-based filter (FCBF)
was applied. FCBF is a filter methodology for feature selection independent of the classifier used
in the subsequent classification stage [28]. FCBF automatically inspect the original feature space
to search for the most relevant as well as non-redundant variables. In order to guide this search, the
symmetrical uncertainty (SU) is used [28]. SU is a measure of predictability between two variables
based on the information shared between them, i.e. it quantifies the amount of knowledge we can
infer about the first variable using the information present in the second one. The higher the SU the
higher the predictability, i.e., the information shared between variables. In the context of pediatric
OSAS, we considered that a variable is more relevant for characterizing the disease if it shares as
much information as possible with the AHI, which is the clinical index used by physicians to
establish the presence of the disease and characterize its severity.
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FCBF implements two consecutive filtering stages [28]: firstly, a relevance analysis and
secondly, a redundancy-based variable selection. In order to measure the degree of relevancy of
every variable from the original feature space, the association between each oximetric feature and
the severity of the disease was estimated: the SU; between each oximetric feature (Xi) and the actual
AHI from standard PSG (Y) was computed. Subsequently, all the variables from the original feature
space are ranked in decreasing order of SU;, i.e., in decreasing order of relevancy for the problem
under study. In this research, all the oximetric features were considered potentially relevant.
Finally, the redundancy filtering stage is implemented as follows: (i) SUi, (i, j) is computed between
each pair of features according to the previous relevancy-based ranking so that feature i is ranked
higher (more relevant) than feature j; (ii) if SUi;j > SUj, then feature j is removed because it is highly
correlated with feature i and its valuable information linked with OSAS is smaller and can be
derived from feature i. Therefore, the feature subset built by means of FCBF was composed of the
most relevant and non-redundant variables from the proposed oximetric feature space.

In order to increase the generalizability of our results, a bootstrap procedure was embedded
within the feature selection stage [29]. Accordingly, several datasets were composed by means of
resampling with replacement, so that the FCBF method was repeated 1000 times. At each iteration
of the proposed bootstrap approach, the variables automatically selected by FCBF were saved.
Finally, only those features selected a number of times significantly higher (>90%) than the
remaining ones composed our optimum feature subset from oximetry.

Feature classification

In this comparative study, the performance of LDA, LR and QDA binary classifiers is
extensively assessed in the context of pediatric OSAS diagnosis. In order to decrease the model
complexity and improve the performance, these widely known statistical classifiers assume that
the probability density function of the classes under study (OSAS-negative vs. OSAS-positive) is
known a priori [30]:

i.  LDA assumes both data normality (Gaussian or normal distribution) and homoscedasticity
(equal variances) to model each class-conditional density function for an input feature
pattern and each class. Under these assumptions, a linear decision threshold minimizes the
classification error.

ii. QDA does not presume homoscedasticity. Then, the Bayes classification rule that
minimizes the classification error function establishes a quadratic decision boundary

between classes in the feature space.
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iii. In a more general context, LR does not assume a priori neither normality nor
homoscedasticity of the probability distribution of variables involved in the model. A binary

LR classifier models the probability density function as a Bernoulli distribution.

Statistical analysis

Matlab R2015a (The MathWorks Inc., Natick, MA, USA) was used to implement the
proposed signal processing methods, as well as to perform both statistical and performance
analyses. Descriptive analysis of variables was presented in terms of their median and interquartile
range. The non-parametric Mann-Whitney U test was applied to search for statistical differences
between groups and p <0.05 was considered statistically significant. A separate analysis was carried
out to assess statistical differences between the three classification approaches under study. The
Bonferroni correction was applied to manage multiple comparisons and a p-value <0.05 was
regarded as significant.

The common bootstrap 0.632 was applied for performance assessment [14, 19, 31]. Given an
original dataset of size N, resampling with replacement is applied to build m; (1<i<M) bootstrap
replicates of size N. For each replicate, every oximetric pattern from the original dataset may be
selected several times with equal probability (uniform distribution). Therefore, all bootstrap
replicates mi will likely contain repeated instances, whereas a number of cases from the original
dataset are not selected. According to bootstrap 0.632, the replicates m; are used for training,
whereas instances not included in m; are used for validation. At each iteration i (1<i<M), a
performance metric is obtained as the contribution of both the training replicate m; (0.632 times the
metric in the training dataset) and its corresponding validation set (0.368 times the test dataset)
[31]. Finally, each metric is estimated as the average of the M bootstrap values. The following
diagnostic performance metrics were computed: sensitivity (Se), specificity (Sp), positive
predictive value (PPV), negative predictive value (NPV), positive likelihood ratio (LR+), negative
likelihood ratio (LR-), accuracy (Acc), and area under the receiver operating characteristics (ROC)
curve (AUC). The AHI from in-lab PSG was the gold standard for evaluation. The 95% confidence
interval (95% CI) was provided per each performance metric. In order to obtain a proper estimation
of the 95% CI, the number of bootstrap replicates was set to M = 1000 [31].

Results

Table 2 summarizes the main polysomnographic and oximetric characteristics of the cohort
based on the proposed PSG-derived AHI cut-off values used for establishing the presence of OSAS.

Table 3 shows the optimum features automatically selected from FCBF using the proposed
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bootstrap procedure. For each cut-off, LDA, QDA, and LR models were optimized in each training
bootstrap replicate and subsequently assessed in the remaining validation instances according to
bootstrap 0.632. Fig. 1 shows the influence of each variable in every model for each diagnostic
AHI cut-off. Axes represent the dimensions of the optimum feature space for each cut-off whereas
vertices of each polygon are proportional to the absolute value of each coefficient in the optimized
models, i.e., the overall influence of each oximetric variable.

Table 4 summarizes the performance metrics of the models involved in this comparative
study for all the AHI cut-offs. Using an AHI >1 event/h for OSAS, LR achieved the highest
diagnostic accuracy of the three models, with 84.3% Acc and a highly unbalanced sensitivity-
specificity pair (93.9% Se, 37.8% Sp). Similarly, for an AHI cut-off of 3 events/h, the LR model
achieved 77.7% Acc (74.6% Se, 81.7% Sp). Finally, using the AHI cut-off of 5 events/h, both LR
and QDA reached similar high accuracy, with 82.7% Acc (70.0% Se, 91.4% Sp) and 82.1% Acc
(62.3% Se, 95.5 % Sp). It is noteworthy that QDA achieved significantly high PPV and LR+ values
regardless of the cut-off point for OSAS. Regarding the performance of the conventional ODI3,
our analyses showed a significant imbalance between sensitivity and specificity using fixed cut-
offs for the ODI3 (>1, 3, and 5 desaturations per hour of recording) for all the clinical thresholds
under study. In this regard, the higher specificity commonly reported in the literature was also
confirmed.

Fig. 2 depicts the average ROC curves for all the models under study from the bootstrap
approach. We can observe that differences between the different approaches in this comparative
study decreases as the cut-off for positive pediatric OSAS increases. It is important to note that the
QDA model reached the highest AUC using the most restrictive clinical threshold for mild OSAS
(AHI >1 event/h), achieving an area of 0.91. For a cut-off of 3 events/h, both LR and ODI3 achieved
an AUC equal to 0.88. Considering a cut-off of 5 events/h for moderate-to-severe childhood OSAS,
LR reached the highest AUC (0.89), similar to QDA (0.88) and ODI3 (0.87). A statistical analysis
was carried out to assess differences between the ROC curves of the four classification approaches.
Using a clinical threshold of 1 event/h for positive OSAS, significant statistical differences (p
<0.05) were found between LDA and all the remaining classifiers (QDA, LR, and ODI3),
suggesting a real dependence on the classification model. In addition, visual differences observed
between ROC curves of QDA and ODI3 led to slight differences (p <0.05 and p = 0.21 before and
after the Bonferroni correction, respectively). Regarding the cut-offs of 3 and 5 events/h, no

significant differences were found neither between the models nor with the conventional ODI3.
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Discussion

This prospective study provides a comparative assessment of the most frequently employed
analytical techniques, namely LDA and LR, for determination of suitability of overnight oximetry
in the context of OSAS screening in children. In addition, an alternative approach in the framework
of statistical classifiers, the QDA binary classifier, was also evaluated due to its potential
advantages when compared to LDA or LR. Our results provide additional and important support to
the conceptual framework that automated overnight oximetry is a consistent, unbiased, and
effective method as an abbreviated screening tool for pediatric OSAS [32], and further confirm the
validity of a recent multicenter study that examined 4,191 overnight oximetry recordings [15].

Conventional statistical classifiers are commonly proposed as automated tools to assist in the
detection of both adult and pediatric OSAS. They allow clinicians to combine different sources of
medical information and they have demonstrated their usefulness to maximize the diagnostic ability
of oximetry by merging several oximetric features. In the present study, a thorough assessment of
the diagnostic performance of LDA, QDA, and LR has been performed. We found that differences
among these classifiers decreased when the clinical threshold for positive childhood OSAS
increased. LR showed a more stable behavior than LDA and QDA. Moreover, LR reached the
highest diagnostic accuracy for all the thresholds under study. Nevertheless, QDA stands out for
reaching PPV values greater than 90% regardless the cut-off, which increases its usefulness as
screening test for pediatric OSAS in the clinical practice. In fact, oximetry is commonly proposed
as a simplified screening test for OSAS due to its simplicity and availability as portable recording
technique at home. Therefore, despite the higher overall performance of LR, QDA showed the best
screening capability, particularly for a cut-off of AHI >1 event/h, where a PPV of 96.5% was
reached while maintaining AUC of 0.91 and fair sensitivity and specificity pair. Regarding
common indexes from oximetry, statistical binary classifiers outperformed the conventional ODI3
in terms of diagnostic accuracy. When using common cut-offs for classification (ODI3 >1, 3, and
5 events/h), the ODI3 reached a highly unbalanced sensitivity-specificity pair leading to poor
accuracy. Furthermore, regarding the ROC curves, the ODI3 showed higher instability when
varying the cut-off, which minimizes its usefulness in the clinical practice.

Some methodological issues deserve comment. First, all the variables composing the various
models were automatically selected using unbiased data processing and all of the measures were
identified regardless of the classification technique, a feature that expands their generalizability. In
the present comparative study, M1t, M4t, PA, Pr, SampEn, and ODI3 demonstrated unique
robustness in characterizing OSAS because they were selected as optimum features a number of

times significantly higher (>90% of bootstrap replicates) than the remaining variables (<50% of
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bootstrap replicates). As shown in Fig. 1, the influence of each oximetric variable in every optimum
model illustrates this important attribute of machine classification of the retained measures. When
using them jointly, automated multivariate classifiers are able to maximize the diagnostic capability
of oximetry. On the other hand, we can observe that M1t and M4t did not show a completely stable
behavior, i.e. the sign of their weights (the model coefficients) changed as the clinical cut-off for
the disease varied. The remaining optimum features (PA, Pr, SampEn, and ODI3) showed different
weight and sign for the different statistical approaches but a stable behavior as the cut-off changed.
It is also important to note that PA and ODI3 showed the largest weights regardless the model and
the cut-off, which highlights their significance in the characterization of oximetry in the context of
pediatric OSAS.

In regard to the physiological and clinical interpretation of the optimum features, it is
noticeable that all signal processing approaches were included in the optimum feature subset, i.e.,
time and frequency domains as well as linear and nonlinear methods. Similarly, advanced signal
processing methods demonstrated their complementarity with ODI3. Conventional ODIs just
account for the number of the desaturations along the overnight recording. Nevertheless, M1t, M4t,
PA, Pr, and SampEn provide additional information linked with the depth, duration, and repetition
of the desaturations. M1t accounts for the overall influence of the desaturations in the average
saturation level while M4t quantifies how SpO- values are distributed in a narrow (higher M4t) or
in a broader (lower M4t) range according to a higher severity and number of desaturations.
Similarly, both PA and Pr account for the pseudo-periodicity and depth of the desaturations along
the overnight recording so that greater and repetitive desaturations (higher PA and Pr) are linked
with a higher severity of the disease. Finally, SampEn quantifies the entropy, i.e., the disorder, in
the overnight saturation profile due to changes caused by the desaturations so that the higher the
severity of the disease the higher the irregularity (higher SampEn).

Changes in the dynamics of oximetric profiles due to apneic events are smaller in children
than in adults thereby making oximetry-based screening tools for pediatric OSAS particularly
challenging. The best screening ability emerged when using the cut-off of 1 events/h for detection
of mild-to-severe OSAS. QDA and LR models showed higher generalization capability than LDA.
Common assumptions such as normal distribution, homoscedasticity, linearity or stationarity are
not always consistent in real-world pattern classification problems. Therefore, our results suggest
that more general modelling approaches such as LR and QDA, which both assume less restrictive
conditions in the data distribution and implement a nonlinear combination of input dependent

features, perform better than conventional LDA in the context of detection of childhood OSAS
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from oximetry. Notice that QDA reached excellent AUC (>0.90) for the lowest cut-off.
Furthermore, a real dependence on the classification model was found.

Both dependence and intercorrelation of the input variables affects the way coefficients are
fitted in statistical models. Intercorrelation may lead to significant coefficients with high values,
although these models could not fit properly the problem under study. FCBF is a feature selection
methodology able to minimize this issue since it removes redundant features before the
classification stage, i.e., the variables with likely high intercorrelation. However, the selected non-
redundant features could still show high intercorrelation. Regarding our optimum feature subset
from oximetry, we observed that M1t, PA, SampEn, and ODI3 were significantly correlated (p
<0.05), whereas M4t and Pr showed no significant correlations. This issue could affect the
consistence and generalization of the models. Similarly, dependence of oximetric features should
also be considered due to they are all derived from the same signal and common statistical
classifiers assume independent input variables.

Overfitting is also an important problem in the framework of automated pattern recognition,
particularly when the size of the training dataset is small. In addition, some classifiers are more
affected by overfitting than others. Particularly, QDA is more flexible in fitting the classes on the
training data due to its quadratic characteristic, which increases the risk of overfitting. In this study,
we compared the average accuracy computed in the training and in the test bootstrap replicates in
order to assess whether the performance of the proposed statistical models was affected by
overfitting. We observed that differences between training and test values were lower than 5%
regardless the model and the cut-off. This slight difference fits with the common expected decrease
between training and test stages, suggesting there is no overfitting affecting our results. In addition,
bootstrap 0.632 accounts for both the training and the test contributions when computing every
performance metric, which minimizes these differences.

It is important to assess whether statistical models provided additional value compared to the
simple ODI3. According to our results, differences in performance between the statistical
automated models and with the conventional ODI3 were maximal for AHI >1 event/h. In addition,
ROC curves of LDA, QDA, and LR were smooth while the curves for the ODI3 showed marked
changes in the slope regardless the clinical diagnostic threshold for the disease. This characteristic
reveals higher irregularity of ODI3 when the cut-off for classification changes. Using standard
classification cut-offs for the ODI, i.e., ODI3 >1, 3, and 5 desaturations per hour of recording, this
conventional index reached a diagnostic accuracy significantly lower than the statistical models, as
well as sensitivity vs. specificity pairs highly unbalanced (Se <10%). On the other hand, QDA
reached PPV >90% and LR+ >5 with fair sensitivity and specificity balance (Se around 60%). Both
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characteristics are essential for screening purposes, which is probably the main advantage of
statistical models over ODI3. Therefore, our results suggest that automated modelling of overnight
oximetry by means of QDA provides further and relevant information on the dynamics of oximetry
compared to the conventional ODI3, particularly when AHI >1 event/h is used as the clinical cut-
off for the disease.

As previously mentioned, the QDA model reached notably high PPV and LR+ values
regardless of the cut-off for positive OSAS. Particularly, 96.5% PPV and 8.77 LR+ were reached
using a threshold of 1 event/h. This agrees with previous studies reporting that oximetry is able to
achieve high PPV values for the detection of an AHI >1 event/h [14, 32]. Most sleep laboratories
use a clinical threshold of 1 event per hour during interpretation of PSG [2], which increases the
usefulness of these automated techniques for screening purposes. Inspecting false positive cases
using QDA, we observed that 2 no-OSAS (actual AHI <1 event/h) children were misclassified as
OSAS-positive a number of times notably higher than the remaining patients throughout the 1000
iterations of the bootstrap algorithm. One of these children (actual AHI and ODI from PSG equal
to 0 events/h) showed mean SpO: significantly lower (92%) than the average for the OSAS-
negative group (97%), a feature characteristic of severe OSAS. The other one (actual AHI and ODI
from PSG equal to 0.4 and 0 events/h, respectively) showed no sleep time with a saturation in the
range 90-100%, which could suggest that other factors may be specifically detracting from the
validity of the classifiers in these children, e.g., underlying parenchymal lung disease or skin color
artefacts in oximetry readouts. Considering a cut-off of 3 events per hour, 3 no-OSAS (actual AHI
<3 events/h) were significantly more frequently misclassified as OSAS-positive by the oximetry-
based QDA model throughout the bootstrap samples. Two of them (actual AHI from PSG equal to
1.3 and 1.8 events/h) showed an ODI greater than 13 events/h and lowest SpO: significantly lower
(74% and 56%, respectively) than the average for the OSAS-negative group (91%), while the other
one was borderline (actual AHI equal to 2.98 events/h) and also showed significantly higher ODI
(7.1 events/h) and lower minimum SpO- (81%) than the average for the no-OSAS population.
Similarly, 3 children were wrongly classified as suffering from the disease by the QDA model
using the cut-off of 5 events/h for positive OSAS. Two of them were also misclassified using a
clinical threshold of 3 events/h (subjects with actual AHI equal to 1.3 and 1.8 events/h,
respectively), whereas the other one (actual AHI equal to 4.0 events/h) showed an ODI of 7.6
events/h and minimum SpO- equal to 78%, which both are values characteristic of OSAS-positive
children.

Table 5 shows previous studies using these statistical classifiers in the context of childhood
OSAS diagnosis using pulse oximetry. LDA [9, 16-18] and LR [10, 14, 19, 20] were predominantly
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used. Nevertheless, to the best of our knowledge, there are no proper and extensive comparisons
among these a priori effective techniques in the framework of automated pediatric OSAS detection.
In the study by Gil et al. [16], photoplethysmographic and pulse transit time recordings were
parameterized and LDA was applied. An accuracy of 80% was reached using leave-one-out cross-
validation. In a later similar study by the same group [17], the performance increased up to 86.7%
using the pulse rate signal from oximetry to compute the pulse transit time. Garde et al. [9] analyzed
SpO2 and pulse rate portable recordings. LDA achieved 84.9% accuracy using 4-fold cross-
validation. In an epoch-based classification scheme, Cohen and De Chazal [18] built two LDA
models using features from SpO, and ECG. A maximum accuracy of 74.7% was reached using a
leave-one-out cross-validation approach.

Regarding LR, Chang et al. [10] reported 71.6% accuracy combining questionnaire-based
variables and conventional oximetric indices. The model was optimized and validated using the
same population. Similarly, Wu et al. [20] built a LR model with clinical history, demographic,
and other relevant variables, reaching 78.2% accuracy in an independent test set. In a recent study
by our group [14], the accuracy of different LR models from unattended oximetry ranged 82.8% to
85.5% in a bootstrapping validation scheme. Similarly, a LR model composed of spectral features
from airflow portable recordings and the ODI3 achieved 86.3% accuracy [19]. In the present study,
our analyses further validate the efficacy of oximetry-based classification models aimed at
screening for OSAS in children and attest to their robustness and high predictive ability.

Despite the favorable screening capability of the proposed oximetry-based models, some
limitations should be taken into account. The population cohort under study should be expanded to
increase the generalization of our results such as to include different types of oximeters, and enable
comparisons across diverse populations such as those with craniofacial or genetic syndromes, as
well as in infants. However, when compared with similar previous studies in the context of pediatric
OSAS, the cohort included herein was quite extensive, and included implementation of an
appropriate bootstrap approach for independent optimization and further validation of the models
using several datasets. Similarly, a larger dataset would lead to a more balanced OSAS-negative
and OSAS-positive groups and thus to a more accurate parameter estimation.

Our results suggest that oximetry is able to provide relevant and useful information in the
context of pediatric OSAS. On the other hand, using the proposed oximetric features, differences
among the statistical classifiers under study decreased as the cut-off for the disease increased.
Therefore, additional features from signal processing methods as well as advanced pattern
recognition techniques, such as ensemble learning, or more complex approaches for classification,

such as deep neural networks, would be needed to maximize the screening ability of oximetry in
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moderate-to-severe cases. In addition, it is understood that the ultimate goal of simplified tools
such as overnight oximetry is to carry out abbreviated screening tests at home. Therefore, the
validity of the proposed models needs to be reproduced in an unattended setting. Finally, despite
its usefulness for the screening of mild (96.5% PPV for AHI >1 event/h) and moderate-to-severe
(90.8% PPV for AHI >5 events/h) childhood OSAS, there is still room for improvement regarding
the effectiveness of oximetry to classify no-OSAS children (AHI <1 event/h). Such limitations will
likely require more than a single step modelling approach and incorporate additional screening
stages whereby a fail/pass no-OSAS decision by the proposed oximetry-based model will then
undergo a second scrutiny using an alternative classifier. If we want to screen for no-OSAS children
to minimize the number of complete in-lab PSGs, an alternative classifier aimed at maximizing the
negative predictive value should be implemented. In this regard, as oximetry is characterized by a
high specificity, other sources of information would be needed, such as history and clinical data or
additional biomedical recordings, e.g. airflow or pulse rate. On the other hand, additional useful
information could be derived from the same sensor so that the simplicity of our proposal as
abbreviated screening test for pediatric OSAS is not compromised. Pulse oximetry devices are able
to provide information from both oxygen saturation and heart rate. In the present study, we used
just the SpO2 signal. Nevertheless, previous researchers demonstrated the usefulness of the pulse
rate derived from the photoplethismographic signal to derive relevant information about the
presence of pediatric OSAS [9, 16, 17]. Therefore, features derived from different signals but
acquired using a single device could be used to improve the performance of automated classifiers
without increasing the intrusiveness of the proposal for children.

In summary, automated analysis of SpO2 recordings from nocturnal oximetry emerges as a
simple as well as reliable alternative to complete PSG in the screening of children with high pre-
test probability of OSAS. Our results provide additional insights on the effectiveness and
limitations of statistical modelling of overnight SpO- recordings as an abbreviated screening tool
for childhood OSAS.
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Tables

Table 1 Demographic and clinical characteristics of the cohort using 3 different AHI cut-off

values
AHI 21 event/h AHI 23 events/h AHI 25 events/h
OSAS OSAS OSAS OSAS OSAS OSAS
negative positive negative positive negative positive
No. (%) 30 (17.1) 146 (82.9) 79 (44.9%) 97 (55.1%) 105 (59.7%) 71 (40.3%)
No. males (%) 17 (56.7%) 79 (54.1%) 45 (57.0%) 51 (52.6%) 57 (54.3%) 39 (54.9%)
Age (years) 8.0 [5.0] 7.0 [5.0] 7.0 [5.5] 6.0 [6.0] 7.0[5.3] 6.0 [6.0]
BMI (kg/m?) 17.7 [6.6] 18.3[7.5] 18.1[6.9] 18.4[7.8] 18.3[6.4] 18.1[8.1]
AHI (e/h) 0.6 [0.4] 4.7[8.9] 1.3[1.2] 9.3 [12.5] 1.7[2.1] 11.2 [12.1]

Data are provided as median and interquartile range and n (%). AHI: apnoea-hypopnea index; OSAS: obstructive sleep

apnoea syndrome; BMI: body mass index.
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Table 2 Summary of the main polysomnographic and oximetric variables for the whole cohort

using 3 defined AHI cut-off for positive OSAS designation

Cut-off AHI 21 e/h Cut-off AHI 2 3 e/h Cut-off AHI 25 e/h
OSAS OSAS p- OSAS OSAS p- OSAS OSAS p-
negative positive  value™  negative positive  value™  negative positive  valuef
TRT (min) 464.8 [79.8] 481.8[60.8] 0.194 472.5[69.5] 485.0 [62.0] 0.118 479.0 [68.0] 485.0 [60.3] 0.219
TST (min) 414.8[80.1] 423.0[70.0] 0.218 413.5[82.5] 429.5[69.5] <0.05 416.0[74.5] 427.5[76.3] 0.158
WASO (min) 18.3[36.0] 18.8[34.6] 0.430 17.5[355] 22.0[345] 0.323 17.5[33.5] 20.5[41.5] 0.358
Sleep eff. (%) 87.4[11.6] 88.8[8.7] 0647 87.7[9.7] 89.6[89] 0.165 88.1[9.8] 889[9.1] 0.388

Sleep onset lat. (min) 17.5[32.8] 18.8[28.9] 0.381 21.0[30.3] 13.5[27.0] 0.122 21.0[31.0] 125[27.3] 0.166
REM onset lat. (min) 109.5 [69.8] 127.5[79.0] 0.122 124.0[84.5] 123.5[79.0] 0.774 124.0[88.0] 123.5[75.0] 0.724

Awakenings (n) 25[2.8] 3.0[40] 0780 30[40] 3.0[40] 0432 3.0[40] 3.0[40] 0257
Supine (min) 46.3[56.6] 43.3[45.0] 0.703 426[45.6] 45.6[49.3] 0.401 39.4[505] 52.3[46.4] 0.113
Prone (min) 33[18.7] 3.9[253] 0425 35[21.1] 4.2[254] 0491 55[24.3] 3.0[22.6] 0.729
N1 (%) 17[24] 34[41] <005 25[27] 38[47] <005 25[27] 44[58] <0.05
N2 (%) 50.3[18.3] 49.2[11.4] 0599 51.4[13.4] 485[114] 0713 51.0[12.1] 46.9[11.7] 0.313
N3 (%) 29.4[11.3] 27.4[105] 0.650 27.9[11.9] 27.4[9.8] 0413 27.7[10.7] 27.2[10.4] 0.636
REM (%) 19.2[9.6] 183[7.9] 0412 185[9.9] 183[75] 0988 185[9.5] 18.6[6.9] 0.868
AHI (e/h) 06[04] 47[89] <005 13[12] 93[125] <005 17[21] 112[121] <0.05
REM AHI (e/h) 03[14] 75[187] <005 18[38] 133[282] <0.05 24[45] 225[30.9] <0.05

NREM AHI (e/h) 03[05] 3.6[68] <005 11[12] 6.8[94] <005 14[19] 8.8[109] <0.05
Supine AHI (e/h) 04[09] 51[9.0] <005 11[23] 7.6[106] <005 17[32] 11.3[13.1] <0.05

Prone AHI (e/h) 00[00] 00[54] <005 00[07 21[10.2] <005 00[14] 11[14.9] <0.05
Side AHI (e/h) 02[06] 36[92] <005 08[16] 84[13.7] <005 11[21] 10.4[14.3] <0.05
ODI3 (e/h) 05[14] 42[78 <005 13[21] 7.7[102] <005 1.8[28 92[12.8] <0.05
REM ODI (e/h) 08[24] 75[162] <005 24[44] 13.0[236] <0.05 3.0[6.1] 189[30.2] <0.05

NREM ODI (e/h) 05[15] 3.1[62] <005 1.1[1.8] 50[7.6] <005 14[23] 75[11.2] <0.05
Supine ODI (e/h) 09[22] 51[94] <005 19[26] 8.4[12.6] <005 23[3.8] 10.2[15.0] <0.05

Prone ODI (e/h) 00[11] 07[55] <005 00[15] 09[9.3] <005 00[2.2] 00[14.6] 0.068
Side ODI (e/h) 08[22] 42[96] <005 1.4[30] 63[133] <005 17[3.7] 10.0[151] <0.05
Mean SpO: (%) 97.0[1.0] 96.0[2.0] <0.05* 97.0[1.0] 96.0[2.0] <0.05 97.0[1.0] 96.0[2.0] <0.05

Lowest SpO2 (%)  92.0[3.5] 87.0[10.0] <0.05 91.0[40] 850[12.0] <0.05 91.0[50] 83.0[115] <0.05
90-100 SpO2 (%)  99.0[4.0] 98.0[6.0] 0.112 99.0[4.0] 98.0[7.0] <0.05% 99.0[4.0] 97.0[8.0] <0.05

Data are provided as median and interquartile range. AHI: apnea hypopnea index; OSAS: obstructive sleep apnea
syndrome; OSAS-negative: OSAS-negative group; OSAS-positive: OSAS-positive group; PSG: polysomnography;
TRT: total recording time; TST: total sleep time; WASO: wakefulness after sleep onset; sleep eff: sleep efficiency;
sleep onset lat: sleep onset latency; REM: rapid eye movement; REM onset lat: REM onset latency; N1: N1 sleep
stage; N2: N2 sleep stage; N3: N3 sleep stage; NREM: no REM sleep; ODI3: 3% oxygen desaturation index; SpOa:

blood oxygen desaturation. : non-parametric Mann-Whitney U test; #: p-value >0.01.
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Table 3 Optimum features automatically selected using FCBF and bootstrap as well as median
values for each AHI cut-off point under study

AHI >1 event/h

AHI >3 events/h

AHI >5 events/h

Optimum No. times OSAS OSAS OSAS OSAS OSAS OSAS

Features selected negative positive negative positive negative positive
M1t 950 97.7[1.1]  97.3[19]  97.7[11] 96.9 [1.9] 97.7[1.2] 96.7 [1.8]
M4t 921 2.83[2.76] 2.18[1.70] 2.23[1.93] 2.21[1.72] 2.24[1.76] 2.17 [2.06]
PA 966 4.03[2.45] 855[15.09] 4.90[3.38] 11.38[19.27] 5.49[4.06] 18.02[29.78]
Pr 981 0.17[0.05] 0.18[0.07] 0.17[0.06]  0.19[0.08]  0.17[0.06]  0.20 [0.07]
SampEn (x10°%) 994 244[0.99] 4.06[2.99] 2.74[1.29] 4.84 [2.88] 2.86 [1.55] 5.19 [4.24]
oDI3 1000 0.49[1.36] 4.24[7.99] 1.34[2.14] 7.68[10.33] 1.82[2.76]  9.22 [12.86]

Data are provided as median and interquartile range. AHI: apnea hypopnea index; OSAS: obstructive sleep apnea

syndrome; OSAS negative: OSAS negative group; OSAS positive: OSAS positive group; M1t: mean of SpO, overnight
profile in the time domain; M4t: kurtosis of SpO, overnight profile in the time domain; PA: peak amplitude in the

frequency band of interest; Pg: relative power in the frequency band of interest; SampEn: sample entropy; ODI3:
oxygen desaturation index of 3%.
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Table 4 Performance metrics of each optimum statistical model and the ODI3 from oximetry for
each AHI cut-off value for positive OSAS

Cut-off AHI >1 event/h

Se (%) Sp (%) PPV (%) NPV (%) LR+ LR- Acc (%)
LDA 70.2 63.0 90.5 30.3 231 0.51 69.0
(54.0, 84.6) (31.7,96.7) (81.8,99.1) (16.1, 46.2) (1.15, 6.23) (0.28,0.97) (57.5,9.1)
QDA 61.3 88.6 96.5 32.0 8.77 0.45 65.8
(47.6,76.0) (69.6, 100) (90.3, 100) (19.4,45.7) (4.53, 14.80) (0.29, 0.61) (55.1, 76.8)
LR 93.9 37.8 88.1 59.0 1.62 0.18 84.3
(84.8,99.8) (10.3,67.1) (81.3,94.5) (28.9,96.2) (1.06, 2.78) (0.01, 0.55) (76.8,91.5)
ODI >1 9.7 100 100 18.5 N.D.T 0.90 25.1
(3.4,17.4) (100, 100) (100, 100) (11.6, 25.6) ) (0.83,0.97) (17.0, 33.8)
Cut-off AHI >3 event/h
Se (%) Sp (%) PPV (%) NPV (%) LR+ LR- Acc (%)
LDA 59.4 88.2 86.6 63.9 7.53 0.46 72.3
(45.4,73.7) (70.1, 99.5) (71.2,99.3) (52.3, 75.6) (2.20, 28.15) (0.30, 0.64) (62.6, 81.4)
QDA 575 93.8 92.3 64.3 15.00 0.45 73.8
(41.8,73.3) (83.9, 100) (81.6, 100) (52.8,75.9) (4.65, 33.07) (0.30, 0.62) (64.3,82.7)
LR 74.6 81.7 83.9 725 5.18 0.31 7.7
(59.8, 89.4) (57.4,95.5) (68.0,95.2) (59.4,85.2) (1.97, 14.24) (0.16, 0.48) (68.5, 85.5)
ODI >3 4.9 100 100 46.1 N.D.T 0.95 47.6
(0.8,12.2) (100, 100) (100, 100) (36.7,55.1) ) (0.88, 0.99) (38.0, 56.5)
Cut-off AHI >5 event/h
Se (%) Sp (%) PPV (%) NPV (%) LR+ LR- Acc (%)
LDA 63.7 90.1 82.0 78.6 8.61 0.40 79.4
(48.1,79.1) (77.6,99.3) (64.3,98.3) (68.5, 87.6) (3.02, 26.99) (0.23,0.58) (70.9, 87.4)
QDA 62.3 95.5 90.8 78.9 19.83 0.40 82.1
(46.5,77.9) (87.3, 100) (76.3, 100) (69.0, 87.8) (6.44, 46.42) (0.24,0.57) (73.8, 89.5)
LR 70.0 91.4 85.1 81.9 10.60 0.33 82.7
(55.1, 84.1) (80.3,99.3) (70.1, 98.4) (72.3,90.5) (3.89, 30.85) (0.18, 0.49) (75.0, 89.6)
ODI >5 2.9 100 100 60.3 N.D.T 0.97 60.8
(0.0, 10.8) (100, 100) (100, 100) (51.2,69.1) ) (0.89, 1.00) (51.6, 69.6)

Data are presented as mean and 95% confidence interval from a bootstrap procedure of 1000 iterations. AHI: apnea-
hypopnea index; LDA: linear discriminant analysis; QDA: quadratic discriminant analysis; LR: logistic regression; Se:
sensitivity; Sp: specificity; PPV: positive predictive value; NPV: negative predictive value; LR+: positive likelihood

ratio; LR-: negative likelihood ratio; Acc: accuracy.

TN.D.: not defined due to division by zero.
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Table 5 Summary of the studies using statistical binary classifiers from overnight oximetry to

assist in the detection of childhood OSAS

Author Dataset (n) Gold standard Proposed Variables Classification Se Sp Acc
(year) (cut-off) technique (%) (%) (%)
Gil et al. 21 children with In-lab PSG PPG and PTT from Time-frequency Linear 75.0 85.7 80.0
(2010) [16] suspected OSAS (AHI >5 pulse oximetry and analysis discriminant
events/h) ECG
Changetal. 141 children In-lab PSG Questionnaire and  Presence of mouth Logistic 60.0 86.0 71.6
(2013) [10] with suspected  (AHI>5 oximetry breathing, restless regression
OSAS events/h) sleep, ODI4
Garde et al. 146 children In-lab PSG Portable oximetry ~ Time and spectral: Linear
(2014) [9] with suspected  (AHI>5 (attended) - Sp02 discriminant ~ 80.0 83.9 78.5
OSAS events/h) - Sp02 +PR 88.4 83.6 84.9
Lazaroetal. 21 children with In-lab PSG PPG and PTT from T-F maps Linear 100 71.4 86.7
(2014) [17]  suspected OSAS (AHI >5 pulse oximetry discriminant
events/h)
Gutiérrez- 50 children with In-lab PSG Airflow + oximetry Spectral features from Logistic 85.9 87.4 86.3
Tobal et al. suspected OSAS (AHI >3 from HRP airflow + ODI3 regression
(2015) [19] events/h)
Cohen & De 288 infants (<27 At-home PSG  Portable pulse T-F maps ECG Linear 39.6 76.4 74.7
Chazal (2015) weeks) with (epoch-based  oximetry + ECG Time SpO2 + T-F discriminant ~ 58.1 67.0 66.7
[18] suspected OSAS classification)  (unattended) maps ECG
Alvarez etal. 50 children with In-lab PSG Port. oximetry from Time (statisticsand ~ Logistic
(2017) [14]  suspected OSAS AHI >1 events’/h HRP nonlinear) and regression 89.6 715 855
AHI >3 events/h (unattended) spectral features 82.9 84.4 834
AHI >5 events/h 82.2 83.6 828
Wu et al. 311 children In-lab PSG Diagnostic scale History, demographic Logistic 94.8 25.0 78.2
(2017) [20]  with suspected ~ AHI >5 events/h and anthropometric  regression

OSAS

AHI: apnoea-hypopnea index; OSAS: obstructive sleep apnea syndrome;

PSG: polysomnography; PPG:

photoplethysmography; PTT: pulse transit time; ECG: electrocardiogram; HRP: home respiratory polygraphy; ODI3:

oxygen desaturation index >3%; T-F: time-frequency maps; Se: sensitivity; Sp: specificity; Acc: accuracy.
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Figure captions

a Cut-off AHI >1 event/h b Cut-off AHI >3 event/h c Cut-off AHI >5 event/h
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Fig. 1 Optimum models for each AHI-derived diagnostic cut-off for OSAS: a) AHI >1 event/h; b)
AHI >3 events/h; ) AHI >5 events/h. For each statistical multivariate model, polygon vertices are
proportional to the influence (weight) of each oximetric variable. For the sake of better
representation within the same figure, the magnitude of the coefficients are proportional to their

influence within the same model but not between models
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Fig. 2 ROC curves of each optimum statistical model from oximetry and the ODI3 from the
bootstrap procedure for each cut-off for positive OSAS: a) AHI >1 event/h; b) AHI >3 events/h;

c) AHI >5 events/h
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Capitulo 4 Articulos cientificos

4.2. Multiscale entropy analysis of unattended oximetric
recordings to assist in the screening of paediatric sleep
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Resumen

El sindrome de apnea obstructiva del suefio (SAOS) pediatrico no tratado puede
afectar gravemente el desarrollo y la calidad de vida de los nifios. La polisomnografia
hospitalaria (PSG) es el gold standard para un diagndstico definitivo, aunque es
relativamente poco accesible y especialmente molesta. La oximetria nocturna portétil ha
surgido como una técnica eficaz para el screening de SAOS. No obstante, se necesitan mas
evidencias cientificas. Nuestro estudio tiene como objetivo evaluar la utilidad de la entropia
multiescala (MSE) para caracterizar los registros oximétricos. Nuestra hipdtesis se basa en
que la MSE podria proporcionar informacion relevante sobre la dinamica de la saturacién
de oxigeno en sangre (SpOz) en la deteccion de SAQOS infantil. Para alcanzar este objetivo,
se analiz6 una base de datos compuesta por registros no supervisados de SpO2 de 50 nifios
con sospecha clinica de SAOS. La SpO: fue parametrizada mediante MSE e indices
oximétricos clasicos. Se obtuvo un subconjunto éptimo compuesto por 5 caracteristicas
derivadas de la MSE y 4 indices clinicos clasicos utilizando seleccion automatica de
caracteristicas paso a paso bidireccional. Se utilizd regresion logistica (RL) para la
clasificacion. Nuestro modelo RL optimo alcanzd una precision del 83.5% (84.5%
sensibilidad y 83% especificidad). Nuestros resultados sugieren que la MSE proporciona
informacidn relevante sobre la oximetria que es complementaria a la obtenida mediante
enfoques clasicos. Por lo tanto, la MSE podria ser util para mejorar la capacidad diagnostica
de la oximetria no supervisada como test de screening simplificado de deteccién de SAOS

infantil.
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Abstract: Untreated paediatric obstructive sleep apnoea syndrome (OSAS) can severely affect the
development and quality of life of children. In-hospital polysomnography (PSG) is the gold standard
for a definitive diagnosis though it is relatively unavailable and particularly intrusive. Nocturnal
portable oximetry has emerged as a reliable technique for OSAS screening. Nevertheless, additional
evidences are demanded. Our study is aimed at assessing the usefulness of multiscale entropy (MSE)
to characterise oximetric recordings. We hypothesise that MSE could provide relevant information of
blood oxygen saturation (SpO;) dynamics in the detection of childhood OSAS. In order to achieve this
goal, a dataset composed of unattended SpO, recordings from 50 children showing clinical suspicion
of OSAS was analysed. SpO, was parameterised by means of MSE and conventional oximetric indices.
An optimum feature subset composed of five MSE-derived features and four conventional clinical
indices were obtained using automated bidirectional stepwise feature selection. Logistic regression
(LR) was used for classification. Our optimum LR model reached 83.5% accuracy (84.5% sensitivity
and 83.0% specificity). Our results suggest that MSE provides relevant information from oximetry
that is complementary to conventional approaches. Therefore, MSE may be useful to improve the
diagnostic ability of unattended oximetry as a simplified screening test for childhood OSAS.

Keywords: paediatric obstructive sleep apnoea syndrome; unattended oximetry; multiscale entropy;
automated pattern recognition

1. Introduction

Paediatric obstructive sleep apnoea syndrome (OSAS) is a sleep-related breathing disorder
characterised by intermittent and repetitive episodes of partial or complete collapse of the child’s
upper airway while sleeping [1]. Recurrent apnoeic events lead to gas exchange abnormalities and
sleep disruption [2], which may cause major long-term adverse consequences in several body systems,
such as neuropsychological and cognitive deficits, cardiovascular and metabolic dysfunction, and
growth impairment [1-3]. Consequently, this condition severely affects health, development and
quality of life of infants and young children [4]. In addition, untreated OSAS increases healthcare
utilization and associated costs [5]. Therefore, early detection is essential in order to initiate treatment.
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In this regard, a recent report of the American Academy of Paediatrics re-emphasised the need for
OSAS screening in every habitually snoring child [2].

The prevalence of OSAS is estimated to range 1% to 5% of children in the general paediatric
population [2]. Despite its major negative consequences, childhood OSAS is considered a relatively
under-diagnosed condition [6]. Overnight polysomnography (PSG) in a supervised sleep laboratory
is the gold standard technique for a definitive diagnosis [2,4]. One of the most important factors
responsible for this under-diagnosis is the limited availability of paediatric sleep units in most
countries [4,7]. An additional major limitation is the intrusiveness of PSG for children, who showed
high aversion to spend the whole night in the sleep unit with several sensors attached [4,8]. These
drawbacks limit the effectiveness of conventional PSG as a screening technique for OSAS in every
symptomatic child as suggested by the international medical community. Therefore, during the last
decade, it has emerged a great demand for novel and simplified screening tools for the disease [9-11].

In the context of simplified alternatives to PSG, attended respiratory polygraphy (RP) has become
a reliable method for OSAS detection in clinical settings [11-13]. In addition, unattended RP at
home has been recently proposed as a feasible approach in low resource settings when in-lab PSG is
not available [10,11]. Nevertheless, RP, which measures airflow (thermistor and/or nasal pressure),
respiratory movements (chest and abdominal effort), body position, pulse rate and blood oxygen
saturation (SpQO,), also manage several sensors, being still potentially intrusive for infants and young
children. In this regard, recording of single-channel SpO, from overnight oximetry has been also
proposed as a highly simple as well as effective screening technique for paediatric OSAS due to its
suitability for children [10,14,15]. Moreover, automated processing of oximetric recordings has been
proposed to enhance the diagnostic performance of overnight oximetry as a single screening test for
childhood OSAS [16-19].

Several automated signal processing methods have been applied during the last years to
parameterise changes in the overnight SpO, profile due to apnoeic events. Previous studies in
the framework of paediatric OSAS detection by means of oximetry assessed conventional desaturation
indexes [16-21], common statistics in the time domain [16,17,19], spectral features in the frequency
domain [16,19] and nonlinear measures [16,19]. Among these complementary approaches, nonlinear
methods have been marginally explored. Approximate entropy (ApEn) [22], sample entropy
(SampEn) [23], central tendency measure [24], and Lempel-Ziv complexity [25] have demonstrated
their usefulness to characterise desaturations linked to apnoeic events both in adults [26-32] and
children [16,19]. Nevertheless, we hypothesise that different nonlinear metrics could gain insight into
the dynamics of oximetry leading to additional and essential information. Furthermore, common
apnoeic events in children with OSAS lead to slight fluctuations in SpO, recordings compared with
deeper desaturations commonly present in adult patients. Consequently, screening for paediatric
OSAS using only information from nocturnal oximetry is more challenging and thus more powerful
methods are needed to thoroughly characterise all the changes linked with the disease. In the present
paper, we propose the multiscale entropy (MSE) as a method able to exhaustively inspect nonlinear
dynamics of SpO; recordings.

MSE is a nonlinear measure of complexity previously applied in different medical frameworks
to quantify entropy changes in biomedical recordings over time scales [33]. In this regard, MSE
has demonstrated to be useful to characterise differences in the heart rate dynamics due to age [33],
obesity [34] and cardiac disease [35] or to analyse human gait [36], as well as to quantify changes
in the complexity of the electroencephalogram (EEG) background activity in Alzheimer’s disease
patients [37] and EEG changes due to pharmacological intervention in schizophrenia [38]. Similarly,
MSE has been applied to cerebral oxygenation signals from infrared spectroscopy in order to study
mortality and brain injury in preterm infants [39]. In the context of OSAS, MSE has been recently
used to analyse heart rate dynamics in adult patients. Particularly, in the study by Pan et al. [40], MSE
was applied to estimate the deterioration in autonomic and vascular regulatory function linked with
increasing OSAS severity and the subsequent improvement after continuous positive airway pressure
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treatment. Similarly, MSE has demonstrated to be useful in the analysis of speech signals in order to
quantify disorderliness in vocal patterns indicative of sleep apnoea [41]. In a previous study by our
group [42], MSE was also applied to characterise the dynamics of heart rate variability time series in
order to derive new patterns able to detect adult OSAS.

The aim of this study was two-fold: (i) firstly, to accomplish a comprehensive analysis of oximetry
dynamics by means of MSE in order to characterise differences between non-OSAS children and
paediatric patients suffering from the disease; (ii) and second, to assess the usefulness of MSE-derived
features in order to compose an optimum model from unattended oximetry able to accurately screen
for paediatric OSAS at home.

2. Methodology

2.1. Dataset and Sleep Studies

The population under study was composed of 50 children referred to the Respiratory Sleep
Disorders Unit of the University Hospital of Burgos (Spain). All children showed common symptoms
linked with clinical suspicion of OSAS, i.e., habitual snoring and / or witnessed breathing pauses during
sleep reported by their parents or caretakers. According to our recruitment protocol, children referred
to the sleep unit were randomly selected to participate in the study in order to avoid potential bias
linked with the inclusion process. In addition, children suffering from serious chronic medical and/or
psychiatric additional conditions, those showing symptoms indicative of sleep disorders other than
OSAS, and those children who required urgent interventions were excluded. Sleep studies consisted
of unsupervised RP at children’s home and a subsequent in-hospital PSG. Table 1 summarises the
socio-demographic and clinical features of the dataset. The Ethical Review Committee of the hospital
approved the protocol (#CEIC 936) and informed consent to participate in the study was obtained
from all caretakers prior to the enrolment.

Table 1. Demographic, anthropometric, polysomnographic, and oximetric characteristics of the
paediatric population under study using a cut-off of 3 events/h for positive OSAS.

All Children OSAS-Negative OSAS-Positive p-Value
No. Subjects (%) 50 24 (48.0%) 26 (52.0%) -

Age (years) 414, 6] 4514, 6] 414, 6] N.S.
No. Males (n) 27 (54.0%) 11 (45.8%) 16 (61.5%) N.S.
BMI (kg/m?) 16.42[15.00,17.53] ~ 16.42[15.61,17.42]  16.38 [14.57,17.70] NS.

OAHI (events/h) 3.56 [1.21,17.28] 1.18 [0.54, 1.87] 15.88 [6.72,23.49] <<0.05
Recording time (h) 9.05 [8.40, 9.27] 9.0[8.74,9.22] 9.08 [8.28, 9.56] N.S.

ODI3 (events/h) 1.89 [5.19] 0.87 [1.48] 5.90 [7.26] <<0.05
Satym (%) 90 [4] 91[2] 89 [3] <0.05
Satayg (%) 97 2] 97 [1] 97 [2] N.S.
CT95 (%) 0.82 [3.00] 0.36 [1.10] 1.62 [6.61] <0.05

OSAS: obstructive sleep apnoea syndrome; BMI: body mass index; OAHI: obstructive apnoea—hypopnoea index;
ODI3: oxygen desaturation index of 3%; Satyn: minimum SpO, during the whole recording; Satayg: average
SpO; during the whole recording; CT95: percentage of time with a SpO, below 95%; N.S.: non-significant statistical
differences (p > 0.05)

According to the American Academy of Sleep Medicine (AASM), in-lab PSG was used as
gold standard for a definitive diagnosis of paediatric OSAS [43]. In-lab supervised PSG was
conducted from 22:00 to 08:00 using a digital polysomnograph Deltamed Coherence® 3NT version 3.0
(Diagniscan, S.A.U., Group Werfen, Paris, France). The following signals were recorded and
stored for subsequent manual scoring: EEG, right and left electrooculogram, tibia and submental
electromyogram, electrocardiogram, airflow (thermistor and nasal cannula), chest and abdominal
movements (effort bands), oximetry, continuous transcutaneous carbon dioxide (PtcCO2), snoring
and body position. The 2012 AASM rules for children were used to perform sleep staging and score
apnoeic events [43]: an obstructive apnoea was quantified when a drop in the peak signal excursion
>90% from pre-event baseline of oronasal thermal sensor occurred during at least the duration



Entropy 2017, 19, 284 4 0f 18

of two breaths while maintaining the presence of respiratory effort throughout the entire period
of airflow cessation. On the other hand, hypopnoea was quantified when peak signal excursions
in the nasal pressure recording drop by >30% of pre-events baseline lasting at least two breaths,
accompanied by a desaturation >3% or an electroencephalographic arousal. After manual scoring, the
standard obstructive apnoea-hypopnoea index (OAHI) was computed, which measures the number
of obstructive apnoeas and hypopnoeas per hour of sleep. There is a great controversy regarding the
clinical cut-off used to confirm childhood OSAS [2,4,10,15]. In order to address this issue, a common
OAHI cut-off point of 3 events/h was used in the present study [11,18,19]. According to this clinical
threshold, a positive diagnosis was confirmed in 26 children (OSAS prevalence 52%). Table 1 shows
the clinical and oximetric characteristics for the OSAS-negative and the OSAS-positive groups.

Unattended RP was carried out at children’s home by means of a portable polygraphy equipment
(eXim Apnea Polygraph by Bitmed, Sibel S.A., Barcelona, Spain). Unsupervised SpO; recordings
from RP were acquired using a high sampling rate of 100 Hz in order to assist with artefact rejection.
As suggested by the AASM, a pre-processing stage was implemented to remove artefacts due to
patient’s movements. Then, a non-overlapping time-averaging moving window of 1 s was applied,
which is lower than the maximum acceptable signal averaging time of 3 s recommended by the
AASM [44]. Every oximetric recording was downloaded as a single European Data Format (EDF) file
for subsequent automated processing by means of MSE. Figure 1 depicts representative at-home SpO,
portable recordings from our dataset. It is important to note that even the SpO; overnight profile of
a child with moderate OSAS (OAHI > 5 events/h) showed small fluctuations. Furthermore, all the
desaturations of the oximetric recording from a severe OSAS-positive patient (OAHI > 10 events/h) are
comprised in the range 90%-100%, making it difficult to search for differences between OSAS-negative
and OSAS-positive children just using the nocturnal oximetry profile.

100

—— OSAS-negative (OAHI = 1.03 events/h)
90 1 1

SpO,(%)

moderate OSAS (OAHI = 6.70 events/h)
1 1 1

0 1 2 3 4 5 6 7 8 9
(b)

SpO, (%)
[(e]
a

severe OSAS (OAHI = 14.47 events/h)

1 1 1 1 1 1 1

0 1 2 3 4 5 6 7 8 9
(c) time (h)

Figure 1. Representative nocturnal oximetric profiles for: (a) a children suspected of suffering from
OSAS with OAHI < 5 events/h; (b) an OSAS-positive patient with 5 < OAHI < 10 events/h (moderate
OSAS); and (c) an OSAS-positive patient with OAHI > 10 events/h (severe OSAS).

2.2. Automated Signal Processing

An automated signal processing scheme composed of three stages was accomplished. Firstly,
every oximetric recording was analysed by means of MSE. MSE curves were parameterised to
thoroughly characterise the complexity of overnight desaturations. In addition, conventional oximetric
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indexes were used to account for additional information linked with the number and the severity of
desaturations. After the feature extraction stage, an initial feature set composed of 21 variables was
built. Secondly, an automated feature selection stage was conducted to identify the optimum feature
subset composed of the most relevant as well as complementary variables. The widely known forward
stepwise logistic regression (FSLR) algorithm was used to accomplish feature selection [45]. Finally,
a binary logistic regression (LR) model aimed at discerning among OSAS-negative and OSAS-positive
children was composed using the optimum features.

2.2.1. Multiscale Entropy

MSE is a nonlinear method proposed by Costa et al. [46] aimed at quantifying the complexity of
a time series taking into account entropy changes along multiple time scales. As complex temporal
fluctuations are inherent to physiological dynamics, MSE is able to provide additional and useful
information that conventional entropy-based measures cannot. Despite its validated usefulness,
traditional single-scale entropies do not account for the a priori relevant information linked with the
dynamical structure of the signal on scales other than the shortest one [33,46]. In order to overcome
this issue, MSE estimates the entropy of consecutive coarse-grained versions of the original time series
so that each coarse-grained sequence characterises the system state on increasing time scales.

Regarding the algorithm proposed by Costa et al. [46], given a one-dimensional discrete time
series x(i) of length N (i =1, ... , N), the coarse-grained versions for a time scale factor T are computed
as follows:

N N
WO =- Y x@r<i< o (1)
i=(j—1)T+1

For T = 1, the sequence y is really the original time series, whereas elements of each
coarse-grained sequence are the average of the original samples within non-overlapping segments of
length 7. Therefore, the length of each coarse-grained sequence is the original length N divided by the
scale factor T. Accordingly, MSE analysis is performed by computing the single-scale entropy measure
for each coarse-grained time series plotted as a function of 7, from the original signal (T = 1) to the
highest time scale [46].

Approximate entropy (ApEn) and sample entropy (SampEn) are commonly used as single-scale
entropy measures to compute MSE [36,42,46]. Similarly, both the Tsallis and the Rényi entropies have
been also proposed [34]. Nevertheless, the use of SampEn has several major advantages [23,33]: it is
less dependent of the sequence length so it can be applied to relatively short and noisy biomedical
recordings, and it shows relative consistency over a broader range of input model-dependent
parameters. In addition, SampEn reduces the bias caused by self-matching inherent to the ApEn
algorithm [23]. Therefore, SampEn was used in the present research.

Briefly, SampEn (m, r, N) is aimed at quantifying irregularity of one-dimensional time series,
assigning larger values to sequences showing larger degree of disorder, i.e., higher entropy [23].
SampEn is computed as follows [23]:

m
SampEn(m,r,N) = —ln{gm((:))} (2)
where A™ and B™ are the average number of segments X,,,(i) (1 <i < N — m + 1) of length m and m+1,
respectively, such that the distance between every pair of segments X, (i) and X;;(j) is less than or equal
to a tolerance r according to the following equation:

d[Xm (i), Xm(j)] = max 1(|x(i—i—k) —x(j+k)|),withl <j< N-—mandj#i 3)

k=0,...,m—

There is not a consensus to set the highest time scale in MSE analyses though it depends on
the problem under study, as well as on the characteristics of the signal and the single-scale measure



Entropy 2017, 19, 284 6 of 18

of entropy [37,42]. In the present study, overnight oximetric recordings had a median duration of
9.05h, i.e., & 21° samples after pre-processing and time-averaging. As a proper estimation of SampEn
requires at least 10" samples [23], we set a conservative maximum scale factor of T = 50 in order to
inspect oximetry dynamics. Regarding the input parameters of SampEn, the values of m and r are
critical in the estimation of entropy and thus in the performance of MSE analyses. In the present
study, we used m = 1 and r = 0.25 times the standard deviation (SD) of the original recording, which
have demonstrated to be optimal in previous analysis of oximetry by means of SampEn [19,27,31].
As recommended by Costa et al. [33], r was not normalised for time scales T > 1 because changes
of variance in the coarse-grained versions of the signal have information about the whole original
time series. As in similar studies [37,42], MSE curves were parameterised by means of slopes and
single-entropy values for the time scales showing the most significant visual differences among the
groups under study. Similarly, the area under the MSE profile for these scales and the time scale where
the MSE function is maximum were used to characterise each curve.

2.2.2. Conventional Oximetric Indexes

Information linked with the number and severity of desaturations is commonly used in clinical
settings in the context of childhood OSAS due to its readiness and easy interpretation. In fact, despite
evidences showing their inherent underestimation, conventional oximetric indexes have demonstrated
to be useful in OSAS screening [1,20,21]. Therefore, the following indices were included in our initial
feature space to account for this relevant data: the oxygen desaturation index > 3% (ODI3), which
measures the number of desaturations greater than or equal to 3% from baseline per hour of recording;
the minimum (Satyn) and the average (Satayg) saturation values along the whole recording; and the
cumulative time spent with a saturation below 95% (CT95) as a percentage of the total recording time.

2.2.3. Feature Selection and Classification

The well-known binary logistic regression (LR) algorithm was involved both in feature selection
and classification stages. Regarding dimensionality reduction, bidirectional forward stepwise logistic
regression (FSLR) is a widely applied method for LR model optimization [29,31,42,47]. FSLR is able to
find the simplest as well as still representative feature subset conducting an efficient and robust iterative
process [45]. Briefly, bidirectional FSLR selects the most relevant variables (forward selection) and
simultaneously removes the redundant ones (backward elimination) in terms of statistically significant
differences between the current model and a candidate one. In the present study, a bootstrapping
approach was implemented to obtain an optimal feature space independent of a particular dataset.
Bootstrapping is particularly useful to estimate statistics in small-sized datasets [48]. Hence, the FSLR
feature selection algorithm was applied 1000 times to different bootstrap replicates derived from the
original dataset. In order to gather as much relevant information as possible, as well as maintain a
moderate number of variables, a conservative threshold for feature selection was set: all variables
automatically selected at least 10% of the runs composed the optimum feature space. Finally, a LR
model aimed at classifying OSAS-negative and OSAS-positive children was built using our optimum
feature subset.

2.2.4. Statistical Analyses

Matlab R2015a (The MathWorks Inc., Natick, Massachusetts) was used to perform statistical
analyses as well as to implement automated pattern recognition stages. The Kolmogorov-Smirnoff’s
normality test and the Levene’s homoscedasticity test revealed that the oximetric features involved
in our study were not normally distributed and variances were unequal. Accordingly, a descriptive
analysis of every feature was carried out by means of the median and interquartile range. Similarly,
significant statistical differences (p < 0.05) between the groups under study (OSAS-negative vs.
OSAS-positive) were assessed using the non-parametric Mann-Whitney U test.
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The common bootstrap 0.632 approach was applied in order to validate our proposal since it is
particularly useful to estimate performance metrics in small-sized datasets [18,19,48]. Given an original
dataset of size N, bootstrap 0.632 applies resampling with replacement to build M new datasets, the
so-called bootstrap replicates, each one composed of N instances. For each replicate m; (1 <i < M),
every instance from the original dataset can be selected several times with equal (uniform) probability,
i.e., all replicates will contain repeated instances. Consequently, for each bootstrap replicate, a number
of instances from the original dataset are not selected. At each iteration, a dataset m; is used for training
purposes, whereas instances not involved in the replicate are used for validation. In order to obtain a
proper estimation of the 95% confidence interval (CI95%), the number of bootstrap replicates was set to
M =1000 [48]. According to bootstrap 0.632, every statistic or performance metric must be computed
as a contribution of both the training replicate and its corresponding test dataset as follows [48]:

metric™) = 0.632 - metric(T"E’gT +0.368 - metric%’%m (4)

Finally, the estimation of each performance metric is obtained as the average across all the M
bootstrap replicates.

The performance of the LR classifier was assessed by means of sensitivity (Se), specificity (Sp),
positive predictive value (PPV), negative predictive value (NPV), positive likelihood ratio (LR+),
negative likelihood ratio (LR—), accuracy (Acc), and area under the receiver operating characteristics
(ROCQ) curve (AUC).

3. Results

Figure 2 plots individual SampEn values as a function of T for every overnight oximetric recording
in the population under study, as well as the average for the whole OSAS-positive and OSAS-negative
groups. Despite the inherent variance, OSAS-positive patients showed greater averaged entropy, i.e.,
irregularity, than OSAS-negative children due to desaturations caused by apnoeic events for every time
scale. We performed a visual inspection of the averaged MSE profiles to properly parameterise each
curve. Regarding the smaller time scales, it is important to note that SampEn values of OSAS-positive
patients increased with a substantially higher slope than for the OSAS-negative group from scales T = 1
to T = 6. Then, SampEn values increased monotonically for both groups until reaching a similar slope.
In addition, we can observe that there was a maximum difference between both MSE averaged profiles
for time scale T = 14. In order to gather this information, the following parameters were derived from
the MSE profile of each oximetric recording;:

i Slope of the MSE curve between scale T = 1 and scales 7 =2 (Slp1.2), T =3 (Slp1.3), T =4 (Slp1.4),
T =5 (Slp1-5) and T = 6 (Slp1.¢). It is estimated as the slope of the straight-line connecting the
MSE values of the time scales under study. Higher slope accounts for a larger entropy increase
between the original signal (T = 1) and coarse-grained versions in consecutive short time scales
(T =2to 6), i.e., the control mechanisms regulating peripheral blood oxygen saturation on such
short time scales are the most affected by recurrent apnoeic events.

ii. Individual SampEn values from scale T = 1 to scale T = 6 (SE; to SE;). Single-scale SampEn is a
measure of entropy or disorderliness and thus larger individual values are linked with more
complex underlying mechanisms governing the dynamics of the oximetric signal for these
time scales.

iii. SampkEn single value in the scale reaching the maximum margin between MSE curves of the
groups under study, i.e., T = 14 (SE;;;4¢). This feature quantifies the irregularity of the oximetric
recording for the time scale where the maximum difference between the classes under study
(OSAS-negative vs. OSAS-positive) is expected.

iv. Area enclosed under the MSE curve between scale T = 1 and scales T =2 (Ary»), T =4 (Ar14)
and T = 6 (Ar1.6). MSE curves allow us to compare the relative complexity of time series [33].
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Higher area is achieved when SampEn values are higher for the majority of the time scales,
suggesting that the time series is more complex.

V. Area enclosed under the MSE curve between scale T = 1 and the scale reaching the maximum
margin (7 = 14) between the averaged MSE curves (Arq_yy). After time scale T = 14, the MSE
curves of OSAS-negative and OSAS-positive groups monotonically increase with a similar
slope, showing almost equal behaviour. From short time scales to scale T = 14, the MSE curves
of both groups show the greatest differences regarding shape and individual entropy values.
Thus, this feature gathers the contribution of the time scales showing the maximum differences
in the dynamics of nocturnal oximetry between the groups under study.

vi. Time scale where the maximum SampEn value is reached (7). This feature is related to the
level of depth of changes in the underlying complexity of the signal, i.e., it shows the time scale
up to which entropy increases.

0.9 T T T T T T T

—— OBSAS negative children

== mean OSAS negative group

08 0SAS positive children 1
= mean OSAS positive group

07 . ]

1 Maximum visual differences in slope: A
\ scales ranging 1to 6 / SAY F
i D

1 f L

Figure 2. MSE curves for every overnight oximetric recording in the population set. Averaged MSE
profiles along each time scale are also plotted for the whole OSAS-negative (blue) and OSAS-positive
(red) groups.

Table 2 summarises the median and interquartile range (IQR) of all these MSE-derived parameters
for the OSAS-negative and the OSAS-positive groups. It is noticeable that almost all features achieved
statistically significant differences between groups (p < 0.05). On average, OSAS-positive patients
showed significantly higher slopes (Slp;.; to Slp1.4), higher irregularity (SE; to SE;), and higher area
under the MSE curve (Ar;.; to Ary) in the smaller time scales than OSAS-negative children. Similarly,
OSAS-positive patients also showed significantly higher area under the MSE curve between time scales
1 and the maximum-margin scale (7 = 14) as well as higher entropy in such a maximum-margin scale
than OSAS-negative children.

Table 3 summarises the diagnostic performance of every entropy-based parameter derived from
MSE analysis. Almost all features under study showed balanced sensitivity and specificity values, as
well as moderate diagnostic accuracy. Regarding slope-based MSE features, accuracy ranged 71.4%
to 73.4% and both Slp;3 and Slp;4 reached the maximum AUC (0.80). Similarly, the accuracy of
area-based MSE features ranged 71.3% to 72.3% and Ar;.», Ary.4 and Ary_ reached 0.80 AUC. In regard
to SampEn values at individual time scales, accuracy ranged 68.1% to 73.4% and both SE; and SE3
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achieved 0.81 AUC. Finally, Ty reached poor accuracy (Acc = 55.8%) and poor area under the ROC
curve (AUC = 0.60). Table 4 shows the performance of every conventional oximetric index involved in
the study. Accuracy ranged 58.8% to 74.5% and all indices showed balanced sensitivity and specificity.
It is important to highlight that ODI3 performed notably higher than the remaining conventional
features, reaching 74.5% Acc (71.9% Se and 77.6% Sp) and 0.85 AUC.

Table 2. Descriptive analysis (median and interquartile range) of each MSE-derived feature for each
patient group under study.

MSE Features OSAS-Negative OSAS-Positive p-Value
Slp1 0.015 [0.017] 0.031 [0.041] <<0.05
Slp13 0.028 [0.031] 0.057 [0.070] <<0.05
Slp1-4 0.038 [0.044] 0.079 [0.094] <<0.05
Slp15 0.049 [0.059] 0.096 [0.111] <<0.05
Slp1-6 0.058 [0.073] 0.110[0.128] <0.05

SE; 0.016 [0.019] 0.039 [0.055] <<0.05
SE; 0.032[0.036] 0.071 [0.097] <<0.05
SE3 0.045 [0.050] 0.097 [0.126] <<0.05
SEy4 0.055 [0.063] 0.118[0.149] <<0.05
SEs 0.067 [0.078] 0.135[0.166] <<0.05
SE¢ 0.075[0.092] 0.147[0.175] <<0.05
SEnax 0.129 [0.147] 0.229 [0.216] <0.05
Ari 0.048 [0.055] 0.110 [0.152] <<0.05
Ariy 0.151 [0.168] 0.324 [0.427] <<0.05
Arie 0.292 [0.338] 0.599 [0.767] <<0.05
AT max 1.164 [1.382] 2.114 [2.463] <<0.05
Tinax 48.000 [3.500] 48.000 [5.000] N.S.

MSE: multiscale entropy; Slp;.,: slope of the MSE curve between scale T = 1 and scale 7 = x; SE,: Sample entropy
value in the scale T = x; SE;;4x: Sample entropy value in the scale reaching the maximum margin between MSE
curves of the groups under study; Ary.,: Area enclosed under the MSE curve between scale T = 1 and scale T = x;
Arimax: Area enclosed under the MSE curve between scale T = 1 and the scale reaching the maximum margin
between MSE curves; Tyuy: Scale where the maximum sample entropy value is reached; N.S.: non-significant
statistical differences (p > 0.05).

Figure 3 shows the number of times each variable was selected after FSLR feature selection
using the bootstrapping approach proposed to improve model generalization. A total of nine features
(five from MSE analysis and four conventional indices) were above the specified threshold (10% of
total runs): Slp1.2, Slp1-6, SE1, SEmax, Tmax, ODI3, Satyn, Satayg and CT95. Using these features,
an optimum LR model was composed. Figure 4 shows the ROC curves during the training stage of the
bootstrapping procedure (average across all bootstrap replicates) for each feature subset under study,
i.e., MSE-derived features (MSE), conventional oximetric indices (OX), all features together without
feature selection (MSE-OX) and the optimum feature subset from FSLR (OPT). We can observe that the
feature subsets using MSE-derived features and oximetric indices jointly achieved notably higher AUC
than each single approach individually, which supports our initial hypothesis of complementarity
between both approaches.

Table 5 summarises the diagnostic performance of all approaches involved in the study. A LR
model composed of all the MSE-derived features reached 75.2% Acc (75.7% Se, 75.3% Sp) and 0.79 AUC,
whereas a LR model built with all the oximetric indices reached 76.0% Acc (74.7% Se, 77.7% Sp) and
0.82 AUC. Similarly, a LR model composed of all the MSE and oximetric variables under study reached
comparable performance, achieving 79.0% Acc (79.4% Se, 79.3% Se) and 0.80 AUC. Interestingly, our
optimum LR model composed of features automatically selected by FSLR performed significantly
better, reaching 83.5% Acc (84.5% Se, 83.0% Sp) and 0.86 AUC.
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Table 3. Diagnostic performance using a bootstrap approach for each feature derived from the MSE

profile of nocturnal oximetric recordings.

Se (%) Sp(%) PPV (%) NPV (%) LR+ LR— Acc (%) AUC

Sipr 75.6 67.8 72.5 726 2.83 0.37 71.8 0.79
2 (47.7,983) (36.6,96.3) (50.5,96.8) (48.3,97.7) (1.30,6.71) (0.03,0.77) (56.8,86.5) (0.62,0.94)

SIprs 78.1 68.1 73.1 74.9 2.89 033 732 0.80
(49.4,98.5) (384,95.8) (51.2,964) (49.7,98.0) (1.34,6.71) (0.02,0.72) (58.8,88.2) (0.63,0.94)

Sipr 78.6 68.0 732 75.1 2.94 032 73.4 0.80
(50.6,98.5) (37.6,96.2) (51.4,96.5) (49.6,98.1) (1.36,7.07) (0.02,0.72) (57.7,88.6) (0.64,0.95)

SIprs 76.1 66.6 71.8 72.6 271 037 714 0.78
S (487,984) (357,957) (48.7,96.2) (46.9,97.6) (1.26,6.10) (0.03,0.81) (55.2,86.4) (0.61,0.94)

Slpre 76.6 66.5 71.8 72.8 2.72 0.36 71.6 0.77
(45.8,97.6) (35.7,95.6) (48.8,95.9) (47.6,97.1) (1.23,6.33) (0.03,0.81) (55.2,87.4) (0.60,0.92)

SE; 752 70.2 74.0 73.0 3.10 0.36 72.7 0.81
(474,98.6) (36.0,96.9) (51.4,97.3) (483,98.0) (1.35,7.43) (0.02,0.76) (57.6,88.6) (0.65,0.95)

SE, 75.0 68.7 73.0 72.6 2.92 0.37 71.9 0.80
(484,98.7) (36.6,96.6) (50.9,96.8) (483,98.1) (1.34,6.99) (0.02,0.77) (56.8,87.2) (0.64,0.95)

SE; 76.9 68.9 733 74.0 2.96 0.34 72.9 0.81
(49.1,98.3) (39.1,96.3) (51.4,96.7) (48.6,97.8) (1.34,6.92) (0.02,0.74) (58.0,88.2) (0.64,0.94)

SE, 77.3 69.4 739 74.6 3.06 033 734 0.80
(50.1,98.5) (36.6,96.5) (51.7,96.8) (48.7,97.9) (1.35,7.14) (0.02,0.74) (57.6,88.2) (0.64,0.95)

SEs 76.4 67.9 72.8 733 2.88 0.35 72.2 0.79
(49.1,98.7) (36.1,96.1) (50.5,96.6) (48.3,98.1) (1.30,6.81) (0.02,0.76) (56.8,87.0) (0.63,0.94)

SE, 75.8 67.1 72.0 723 2.79 0.37 71.5 0.78
(49.9,97.7) (36.2,96.1) (48.6,96.5) (47.9,97.2) (1.25,6.63) (0.03,0.82) (55.2,87.0) (0.61,0.93)

SE 743 61.6 68.3 70.7 2.26 042 68.1 0.75
max - (394,987) (31.7,96.0) (46.0,95.7) (43.4,97.8) (1.13,549) (0.02,095) (52.3,83.6) (0.58,0.91)

A 74.8 68.8 73.1 72.5 2.94 0.37 71.8 0.80
12 (48.4,987) (34.8,96.7) (50.7,96.8) (48.3,98.1) (1.31,7.03) (0.02,0.78) (55.2,87.2) (0.64,0.95)

Ares 76.1 68.5 73.0 734 2.92 035 72.3 0.80
(49.1,98.6) (36.6,96.5) (51.3,96.8) (483,98.0) (1.33,7.07) (0.02,0.76) (57.8,87.2) (0.64,0.95)

o 75.1 68.7 73.0 72.5 2.94 0.37 71.9 0.80
-6 (49.2,98.6) (36.9,96.5) (50.5,96.8) (47.9,98.0) (1.30,7.05) (0.02,0.78) (55.5,87.2) (0.64,0.94)

A 75.5 67.1 72.0 72.3 2.75 0.37 71.3 0.78
Tmax (474 983) (35.0,96.2) (49.1,96.3) (47.8,97.3) (1.26,647) (0.03,0.82) (55.2,86.4) (0.61,0.93)

. 57.0 55.0 58.3 56.6 147 0.81 55.8 0.60
max o (212,983) (20.3,89.2) (31.9,84.0) (29.0,96.8) (0.64,359) (0.04,1.94) (39.6,71.8) (0.51,0.76)

Se: sensitivity; Sp: specificity; PPV:

positive predictive value; NPV: negative predictive value;

LR+: positive

likelihood ratio; LR- negative likelihood ratio; Acc: accuracy; AUC: area under the receiver operating characteristic
curve; Slpi.: slope of the MSE curve between scale T = 1 and scale T = x; SE,: SampEn in the scale T = x; SEux:
SampEn in the scale reaching the maximum margin between MSE curves of the groups under study; Ar;_,: Area
enclosed under the MSE curve between scale T = 1 and scale T = x; Ary_,,: Area enclosed under the MSE curve
between scale T = 1 and the scale reaching the maximum margin between MSE curves; T, Scale where the
maximum sample entropy value is reached.

Table 4. Diagnostic performance using a bootstrap approach for each oximetric variable involved in

the model development.

Se (%) Sp(%) PPV (%) NPV (%) LR+ LR- Acc (%) AUC
ODI3 71.9 77.6 79.7 72.6 3.97 0.36 74.5 0.85
(44.9,97.6) (40.7,100) (55.1,100) (49.7,97.3) (1.50,11.20) (0.03,0.70) (58.5,88.9) (0.70,0.97)
satypy 542 64.2 64.8 58.4 1.96 0.72 58.8 0.62
(20.3,97.8) (21.2,98.2) (34.7,97.3) (30.8,96.1) (0.72,5.62) (0.05,1.44) (42.9,73.6) (0.51,0.79)
satge . B4 66.8 69.8 68.1 241 0.46 68.1 0.70
(342,96.7) (39.5,95.9) (45.1,95.6) (42.1,96.0) (1.07,540) (0.05,0.94) (49.9,82.9) (0.52,0.88)
j— 66.8 69.3 72.0 66.4 2.63 0.49 67.8 0.75
(34.2,96.3) (35.9,98.6) (48.3,98.2) (42.3,95.4) (1.14,8.02) (0.06,0.97) (52.3,83.0) (0.57,0.92)

Se: sensitivity; Sp: specificity; PPV: positive predictive value; NPV: negative predictive value;

LR+: positive

likelihood ratio; LR- negative likelihood ratio; Acc: accuracy; AUC: area under the receiver operating characteristic
curve; ODI3: oxygen desaturation index of 3%; Satyyn: minimum SpO, during the whole recording; Satay: average
SpO, during the whole recording; CT95: percentage of time with a SpO, below 95%.
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Figure 3. Histogram summarising the number of times each variable from the initial feature space

is selected after forward stepwise logistic regression (FSLR) feature selection using the proposed

bootstrapping approach with 1000 bootstrap replicates.
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Figure 4. Receiver operating characteristics (ROC) curves of the proposed logistic regression (LR)

models from training. Each curve is the average of all the bootstrap training replicates.
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Table 5. Diagnostic performance using a bootstrap approach for all the binary LR models under study
using a cut-off of 3 events/h for positive OSAS.

Se (o/o) Sp (o/o) PPV (o/o) NPV (0/0) LR+ LR- Acc (o/o) AUC
LRyse 75.7 75.3 77.5 744 5.95 0.38 75.2 0.79
(49.0,100) (43.4,100) (53.6,100) (48.7,100) (1.78,13.41) (0,0.93)  (57.0,90.0) (0.58,0.95)
LRox 74.7 77.7 79.7 74.2 4.76 0.35 76.0 0.82
(47.3,98.8) (44.4,1)  (55.9,1) (49.9,98.7) (1.62,12.92) (0.01,0.75) (58.8,90.4) (0.64,0.97)
LRysE.OX 79.4 79.3 80.8 78.4 6.65 0.34 79.0 0.80
(549,1)  (55.3,1)  (62.1,1)  (585,1) (256,14.39) (0,092) (63.1,92.8) (0.62,0.95)
84.5 83.0 84.7 83.3 7.81 0.23 83.5 0.86
LRopr

60.1,1)  (542,1) (61.6,1)  (58.7,1) (1.58,15.05) (0,0.70)  (63.2,96.1) (0.65,0.99)

Se: sensitivity; Sp: specificity; PPV: positive predictive value; NPV: negative predictive value; LR+: positive
likelihood ratio; LR— negative likelihood ratio; Acc: accuracy; AUC: area under the receiver operating characteristic
curve; LRysg: LR model composed of all the MSE-derived features; LRox: LR model composed of all the oximetric
features; LRysg-ox: LR model composed of all the MSE-derived and oximetric features; LRopt: LR model composed
of the optimum features derived from FSLR.

4. Discussion

In this study, we analysed the usefulness of MSE in the context of screening for paediatric
OSAS by means of overnight unattended oximetry at home. Nocturnal oximetry has emerged as a
reliable technique for simplified OSAS detection in children. The present research gains additional
insight into the diagnostic capability of portable oximetry. Our results showed that MSE is able to
provide relevant and complementary information to conventional oximetric indices commonly used
by physicians. MSE profiles of oximetric recordings showed a consistent behaviour, with significant
differences between OSAS-negative and OSAS-positive children, particularly for lower time scales.
In addition to single-scale entropy measures from scales T = 1 to T = 6, where maximum visual
differences were found, all the proposed slope- and area-based parameters derived from the MSE
curve achieved statistically significant differences between groups. According to these MSE-measures,
OSAS-positive patients showed significantly higher average irregularity than non-OSAS children due
to desaturations linked with OSAS along all the time scales. Regarding the diagnostic performance,
individual MSE-based parameters reached moderate accuracy (maximum Acc of 73.4%), similar to that
achieved by conventional ODI3 (74.5% Acc). A multivariate analysis showed that putting all this data
together led to a notably overall performance increase, which demonstrated that MSE is able to provide
additional as well as complementary information. A LR model composed of all features under study
reached 79.0% Acc (79.4% Se, 79.3% Sp) and 0.80 AUC. Furthermore, our novel LR model fed with an
optimum feature subset derived from FSLR feature selection reached 83.5% Acc (84.5% Se, 83.0% Sp)
and 0.86 AUC, which significantly outperformed all the approaches under study. Comparing the ROC
curves from training shown in Figure 4 and the final performance of each LR model in terms of the
AUC values shown in Table 5, we can observe that LRox and LRopt showed the smallest decrease in
performance. On the other hand, the model composed of all the variables from the original feature
space (LRyisg-0x) showed a significant performance decrease, which supports the convenience of our
optimum feature subset derived from FSLR. Therefore, LRopt reached higher diagnostic accuracy as
well as higher generalization ability.

It is essential to highlight that the optimum feature subset was composed of variables from both
MSE analysis (five features: Slp1.2, SIp1.6, SE1, SEmax, Tmax) and conventional indices (four features:
ODI3, Satpqn, Satayc and CT95), which points out the complementarity of the proposed MSE approach.
Regarding the physiological interpretation of the optimum features, it is widely known that ODI3
quantifies the number of desaturations per hour of recording, whereas the remaining conventional
indices account for the overall (Sat4yc and CT95) and maximum (Safypy) severity of the desaturations.
On the other hand, it is unknown how the proposed MSE-derived measures are related to particular
changes in the dynamics of oximetry. As proposed by Costa et al. [33], we used MSE curves to
compare the relative complexity of normalised time series, i.e., oximetric recordings belonging to
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OSAS-negative and OSAS-positive children. Accordingly, Slp;.; and Slp;.¢ reflect that the degree of
change in the complexity of overnight oximetry (computed as the slope of the MSE curve) due to
apnoeic events is more relevant in smaller scales (scales 1-2 and 1-6). The single-scale entropy measure
SE; shows that original (T = 1) oximetric recordings from OSAS-positive children have significantly
higher irregularity than OSAS-negative children. Moreover, the influence of apnoeic events is still
relevant in moderate time scales since SE;;; reflects significantly higher irregularity in oximetric
recordings from OSAS-positive patients for time scale T = 14. Finally, according to Table 2, Ty, did not
show statistically significant differences between groups. Nevertheless, it was automatically selected
by FSLR, suggesting that the level up to which entropy increases due to the influence of apnoeic events
provides complementary information to direct measures of entropy.

In order to gain insight into the performance of our binary classifier, we analysed
polysomnographic and polygraphic features of misclassified children. Notice that a bootstrapping
technique was carried out to validate our approach and thus all performance metrics were computed
as the average across all the bootstrap replicates. Therefore, we analysed those patients misclassified
in a significant number of repetitions of the algorithm. Accordingly, there were five false positive
children. Two of them were borderline, showing an OAHI from PSG equal to 2.5 and 2.6 events/h,
respectively. It is important to highlight that children were diagnosed according to in-lab PSG, which is
the gold standard, whereas our screening method is based on the oximetry signal recorded at-home in
a different night. Hence, it is essential to consider common night-to-night variability inherent to OSAS
when analysing misclassifications. In this regard, three out of five false positive patients showed an
at-home OAHI > 3 events/h, ranging 3.6 to 7.7 events/h. Regarding false negative patients, there were
five OSAS-positive children incorrectly classified as no-OSAS using our screening oximetry-based tool.
It is important to note that they were all moderate-to-severe OSAS patients (in-lab OAHI > 5 events/h),
showing a similar behaviour at home (unsupervised OAHI ranging 4.0 to 11.1 events/h). Nevertheless,
four out of five false negative children showed an at-home ODI3 significantly lower, ranging 0.5 to
2.3 events/h. This suggests that apnoeic events did not lead to a matching desaturation in the oximetric
profile, which is probably the main limitation of oximetry as a single screening tool for the disease.

Previous studies used MSE in the context of automated characterisation of OSAS in adults.
In a recent study by Roebuck and Clifford [41], MSE was applied to characterise irregularity of speech
patterns from subjects suspected of suffering from sleep apnoea. MSE coefficients of speech signals for
small (t =1, 2, 4, 8) and large (T = 16, 32, 65, 130, 180) scales were used to detect moderate-to-severe
OSAS (AHI > 15 events/h) using a random forest classification paradigm. An overall accuracy of 79.9%
(66.0% Se, 88.8% Sp) was obtained, whereas the performance increased up to 80.5% Acc (69.2% Se,
87.9% Sp) when demographic variables were added to the model. Pan et al. [40] analysed heart rate
variability (HRV) time series of snoring patients with and without OSAS by means of MSE in order to
assess changes in autonomic and vascular regulatory function. A significant irregularity decrease in
HRYV dynamics both for small (T < 6) and large (T > 6) time scales were found for moderate-to-severe
OSAS patients (AHI > 15 events/h), whereas non-OSAS subjects and patients with continuous positive
airway pressure therapy showed a similar increase in MSE features in the larger scales. Similarly,
Gutiérrez-Tobal et al. [42] applied MSE to HRV recordings in order to model adult OSAS in independent
populations separated by gender. Using together MSE coefficients and spectral entropy measures
automatically selected by means of FSLR, a LR model achieved 85.2% Acc (80.8% Se, 89.3% Sp) in the
classification of women with OSAS (AHI > 10 events/h). The performance decreased to 77.6% Acc
(87.1% Se, 56.1% Sp) when modelling OSAS in men.

To our knowledge, this is the first study assessing MSE in the context of childhood OSAS.
Moreover, in the present research, we focused on the diagnostic ability of unattended oximetry at home
as a single screening tool for the disease, which is a major novelty in the framework of paediatric sleep
apnoea. Previously, few studies assessed the usefulness of automated analysis of overnight portable
oximetry [16-20,49]. Kirk et al. [20] analysed a dataset composed of 57 children suspected of suffering
from OSAS. The oxygen desaturation index > 4% (ODI4) from unattended portable oximetry was used
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to characterise OSAS (AHI > 5 events/h), reaching 66.7% sensitivity and 60.0% specificity when a
cut-off of ODI4 > 5 events/h was used. In the study by Garde et al. [16], time and spectral features
from overnight pulse oximetry were used to assist in paediatric OSAS detection (AHI > 5 events/h).
The Authors analysed 146 SpO, recordings acquired by means of a portable device, although all
sleep studies were carried out in a supervised hospital setting. Stepwise linear discriminant analysis
(LDA) reached 78.5% accuracy (80.0% Se, 83.9% Sp) using only features from SpO,, whereas the
performance increased up to 84.9% accuracy (88.4% Se, 83.6% Sp) when features from SpO, and pulse
rate were used jointly. In the study by Sahadan et al. [49], pulse rate time series from unattended
pulse oximetry was analysed to assist in the management of childhood OSAS (AHI > 1 event/h). The
quantification of pulse rate increases of 15 bpm (PRI-15) reached the highest performance, achieving
18.0% sensitivity and 97.0% specificity when a cut-off of PRI-15 > 35/h was used. In a previous study
by our group [18], ODI3 from nocturnal unsupervised SpO; was combined with spectral measures
from at-home airflow recordings to characterise children with suspected OSAS (OAHI > 3 events/h).
A LR model from stepwise feature selection reached 86.3% accuracy (85.9% Se, 87.4% Sp). Cohen
and De Chazal [17] analysed a large dataset composed of 288 children showing suspicion of suffering
from OSAS. ECG and SpO, from unattended PSG at home were automatically processed in order
to detect every individual apnoeic event. An accuracy of 74.7% (39.6% Se, 76.4% Sp) was reached
under an epoch-based classification approach using a LDA model only composed of features from
time-frequency analysis of ECG. Conversely, the accuracy decreases up to 66.7% (58.1% Se, 67.0% Sp)
when statistics from SpO, were added to the model. In a recent study by our group [19], single-scale
non-linear measures of entropy, complexity and variability were combined with conventional statistics,
spectral features and oximetric indices to parameterise unattended SpO, recordings. Optimum LR
models were composed from stepwise feature selection for different cut-offs for the disease, reaching
83.4% accuracy (82.9%, 84.4%) for a clinical threshold of OAHI > 3 events/h. In the present research, we
reached similar diagnostic performance using MSE as unique complement of conventional oximetric
indices, suggesting that different nonlinear methods other than SampEn, central tendency measure
(CTM) or Lempel-Ziv complexity (LZC) are also able to provide relevant information in the context of
paediatric OSAS detection from oximetry.

A trade-off between the reduction of complexity of the diagnostic methodology by means of
simplified techniques and the diagnostic accuracy have to be taken into account. Previous studies
reported contradictory data regarding the complementarity of information from different signals
in the context of paediatric OSAS. Some studies [16,18] showed a slight-to-moderate performance
increase when using jointly features from oximetry and other cardiorespiratory signals such as pulse
rate or airflow, whereas other studies [17] reported a significant decrease in performance when
oximetry and ECG recordings are combined. Similarly, a recent study by Alvarez et al. suggested
that automated analysis of unattended oximetry at home might be as accurate as manual scoring
of at-home respiratory polygraphy, particularly when using low OAHI cut-off points for a positive
diagnosis of the disease [19]. Therefore, additional robust evidences are still needed to define the best
combination of cardiorespiratory signals in order to design an accurate as well as simplified screening
tool for paediatric OSAS.

Some limitations should be taken into account to be able to properly generalise our conclusions.
Firstly, a larger population would allow for optimal design and assessment of the proposed LR
models. Notwithstanding, a bootstrapping approach was conducted both for feature selection and
classification in order to overcome this drawback. In the same way, a wider dataset would let us
a better characterisation of overnight oximetry dynamics by means of MSE for childhood OSAS.
Nevertheless, our results revealed a quite consistent trend of average MSE curves for OSAS-negative
and OSAS-positive groups, as well as statistically significant differences between groups for almost all
MSE-based parameters. Regarding feature extraction from overnight oximetry, our findings suggest
that multiscale processing methods provide relevant information from oximetric recordings. In this
regard, additional time-scale techniques, such as the wavelet transform, could provide useful as well
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as complementary features to MSE and conventional clinical indices in the framework of childhood
OSAS detection from oximetry. Finally, the proposed methodology focused on binary classification.
Although this is a very useful approach in order to implement automated screening tools for the
disease, it would be very interesting to develop a pattern recognition scheme aimed at classifying
patients into the four common categories of severity, i.e., non-OSAS, mild, moderate and severe.

LR could be considered the reference classifier in the context of automated pattern recognition to
assist in childhood OSAS. Linear discriminant analysis (LDA) [16,17,50,51] and LR [1,18,19,52] have
been predominantly used for binary classification of children suspected of suffering from the disease.
LDA assumes that all the input variables show normal distribution and equal variances, assumptions
that are not always consistent in real-world pattern classification tasks. LR provides a more general
approach that fits better to the characteristics of the problem under study. Nevertheless, additional
automated pattern recognition techniques such as decision trees, artificial neural networks or support
vector machines, which have demonstrated its usefulness in the context of adult OSAS [31,53-56],
need to be assessed in the context of paediatric OSAS.

5. Conclusions

A comprehensive analysis of overnight oximetry dynamics along increasing time scales
demonstrated an ability to provide additional information about the influence of desaturations in
the characterisation of paediatric OSAS. SampEn values from the MSE profiles of OSAS-positive
children were consistently higher than the entropy values obtained for non-OSAS patients for all scales.
Particularly, MSE-derived parameters reached significant statistical differences between both groups
for small time scales (T < 6). An exhaustive feature selection methodology confirmed that MSE analysis
provided relevant as well as complementary information to conventional oximetric indices. A LR
model composed of optimum features properly selected from both MSE and conventional analyses
outperformed each of these approaches taken individually. Therefore, MSE may be useful to improve
the diagnostic ability of unattended oximetry as a simplified screening test for childhood OSAS.
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4.3. Symbolic dynamics to enhance diagnostic ability of
portable oximetry from the Phone Oximeter in the

detection of paediatric sleep apnoea

Daniel Alvarez™?, Andrea Crespol’z, Fernando Vaquerizo-ViIIarz, Gonzalo C Gutiérrez-
Tobal®, Ana Cerezo-Hernandez', Verdnica Barroso-Garcia®, J Mark Ansermino®, Guy A
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3The University of British Columbia and British Columbia Children’s Hospital, 4480 Oak St., Vancouver,
Canada

“Biomedical Signals and Systems, Faculty EEMCS, University of Twente, 7500 AE, Enschede, The
Netherlands

Resumen

Objetivo. Este estudio tiene como objetivo evaluar la dinamica simbolica como técnica
eficaz para caracterizar las fluctuaciones complejas de la oximetria portéatil en el contexto
de la deteccion automaética del sindrome de apnea-hipopnea obstructiva del suefio (SAHOS)

en la infancia.

Enfoque metodoldgico. Se adquirieron sefiales de oximetria nocturna de 142 nifios con
sospecha de SAHOS utilizando el Phone Oximeter: un dispositivo portatil que integra un
pulsioximetro con un smartphone. Se utiliz6 un indice de apnea-hipopnea (IAH) >5
eventos/h derivado de la polisomnografia hospitalaria realizada de forma simultanea para
confirmar SAHOS infantil moderado-a-severo. Se utilizd la dindmica simbolica para
parametrizar cambios no lineales en el registro de oximetria nocturna. También se
incluyeron los indices convencionales, medidas antropométricas y estadisticos lineales en
el dominio del tiempo. Se aplicé forward stepwise logistic regresion para obtener un
subconjunto 6ptimo de caracteristicas. Se utilizé regresion logistica (RL) para identificar

nifios con SAHOS moderado-a-severo.

Principales resultados. El histograma de palabras de 3 simbolos derivado de la dinAmica
simbolica mostré diferencias significativas (p <0.01) entre nifios con IAH <5 eventos/h y
pacientes con SAHOS moderado-a-severo (IAH >5 eventos/h). Las palabras que

representaban valores crecientes de oximetria posteriores a los eventos apneicos (re-
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saturaciones) mostraron informacion diagnostica relevante. Respecto al rendimiento de los
diferentes enfoques de caracterizacion de oximetria, el modelo RL compuesto Unicamente
por las caracteristicas de la dinamica simbdlica alcanz6 el mayor rendimiento individual,
con una precision del 78.4% (65.2% sensibilidad, 86.8% especificidad) y AUC de 0.83. El
rendimiento diagnostico mejor6 al combinar todos los enfoques de extraccion de
caracteristicas. EI modelo 6ptimo con las caracteristicas seleccionadas logré una precision
del 83.3% (73.5% sensibilidad, 89.5% especificidad) y 0.89 de AUC, superando

significativamente (p <0.01) a los otros modelos.

Importancia. La dindmica simbdlica proporciona informacion complementaria al analisis
clasico de la oximetria, permitiendo la deteccion eficaz de SAHOS infantil moderado-a-

severo utilizando la oximetria portatil.
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Abstract

Objective. This study is aimed at assessing symbolic dynamics as a reliable technique to characterise complex
fluctuations of portable oximetry in the context of automated detection of childhood obstructive sleep apnoea-
hypopnoea syndrome (OSAHS). Approach. Nocturnal oximetry signals from 142 children with suspected OSAHS
were acquired using the Phone Oximeter: a portable device that integrates a pulse oximeter with a smartphone. An
apnoea-hypopnoea index (AHI) >5 events/h from simultaneous in-lab polysomnography was used to confirm
moderate-to-severe childhood OSAHS. Symbolic dynamics was used to parameterise non-linear changes in the
overnight oximetry profile. Conventional indices, anthropometric measures, and time-domain linear statistics were
also considered. Forward stepwise logistic regression was used to obtain an optimum feature subset. Logistic
regression (LR) was used to identify children with moderate-to-severe OSAHS. Main results. The histogram of 3-
symbol words from symbolic dynamics showed significant differences (p <0.01) between children with AHI <5
events/h and moderate-to-severe patients (AHI >5 events/h). Words representing increasing oximetry values after
apnoeic events (re-saturations) showed relevant diagnostic information. Regarding the performance of individual
characterization approaches, the LR model composed of features from symbolic dynamics alone reached a
maximum performance of 78.4% accuracy (65.2% sensitivity; 86.8% specificity) and 0.83 area under the ROC
curve (AUC). The classification performance improved combining all features. The optimum model from feature
selection achieved 83.3% accuracy (73.5% sensitivity; 89.5% specificity) and 0.89 AUC, significantly (p-value
<0.01) outperforming the other models. Significance. Symbolic dynamics provides complementary information to
conventional oximetry analysis enabling reliable detection of moderate-to-severe paediatric OSAHS from portable
oximetry.

1. Introduction

Obstructive sleep apnoea syndrome (OSAHS) is a prevalent condition in children (Marcus et al 2012).
Untreated paediatric OSAHS is associated with significant negative consequences for children’s health
and quality of life, including impairment of neuropsychological and cognitive performance, metabolic
dysfunction, behavioural abnormalities, and long-term cardiovascular effects (Marcus et al 2012).
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Childhood OSAHS is characterised by recurrent episodes of prolonged partial and/or intermittent
complete upper airway obstruction during sleep, leading to disruption of normal oxygenation and sleep
patterns (Marcus et al 2012, Kaditis et al 2016a). In-laboratory nocturnal polysomnography (PSG) is
considered the gold standard for an objective diagnosis of this disease (Marcus et al 2012, DeHaan et al
2015). PSG allows for quantitative evaluation of cardiorespiratory events so that children can be stratified
in terms of OSAHS severity (Marcus et al 2012). However, several studies pointed out the drawbacks of
in-lab PSG concerning lack of availability and intrusiveness (Kheirandish-Gozal 2010, Lesser et al 2012,
Katz et al 2012). In order to overcome these limitations, abbreviated portable monitoring has been
proposed to increase accessibility to diagnostic resources while decreasing intrusiveness, particularly
pertinent for children (Marcus et al 2012, Kaditis et al 2016a).

Simplified portable monitors focus on a relevant subset of physiological sleep-related recordings
while allowing the attachment of sensors by caretakers or patients themselves. In the most common
procedure, the device is returned to the sleep laboratory next morning in order to be scored by a qualified
sleep technician. Although this protocol has enabled abbreviated portable monitoring to be a first-line
screening method for OSAHS (Penzel et al 2018), telemedicine-based technologies are able to enhance
diagnostic methodologies and overall health management. In this regard, the use of smartphones has
gained increasing popularity due to their acquisition, storage, processing, and transmission capabilities.
In the framework of sleep apnoea, smartphone-based medical applications cover both diagnostic and
therapeutic purposes, although treatment compliance monitoring in adult patients is the most popular
(Penzel et al 2018). In addition, there are several popular apps for mobile devices aimed at tracking and
assessing sleep quality. However, there are major concerns on their clinical effectiveness due to the lack
of scientific evidence and regulatory approval (Behar et al 2013, Ko et al 2015). In the context of
childhood OSAHS, the Phone Oximeter is a major exception, achieving a robust design and independent
clinical validation. The Phone Oximeter integrates a low-cost oximetry probe in a smartphone, showing
high diagnostic performance in the detection of moderate-to-severe paediatric OSAHS and has been
extensively validated against the standard PSG (Garde et al 2014).

Oximetry is considered an appropriate screening tool for sleep-related breathing disorders due to its
simplicity and readiness (Tsai et al 2013, Kaditis et al 2016b). Conventional indexes such as the oxygen
desaturation index (ODI) and the presence of clusters of desaturations (Velasco et al 2013, Van Eyck et
al 2015, Villa et al 2015, Chang et al 2013, Tsai et al 2013) have been found to provide significant
information for OSAHS detection. Recently, the application of novel signal processing and automated
pattern recognition techniques have increased the diagnostic ability of overnight oximetry (Garde et al
2014, Alvarez et al 2017, Hornero et al 2017). However, there are still some discrepancies on the efficacy
of abbreviated methods as a single tool for childhood OSAHS detection, particularly oximetry alone.
Recent reports have highlighted that nocturnal pulse oximetry is far from a perfect screening tool for mild
cases and specific subgroups of children (Kirk et al 2017, Van Eyck and Verhulst 2018). Therefore,
further research is demanded in order to provide additional evidence of the effectiveness of single-channel
overnight oximetry for paediatric OSAHS diagnosis.

In this regard, recent studies have focused on obtaining relevant as well as complementary
information to conventional signal processing approaches due to the presence of non-stationarities and
nonlinearities inherent in biological systems. Crespo et al (2017) used the multiscale sample entropy to
characterise non-linear patters present in the overnight profile of oximetry linked with apnoeic events.
Recently, Vaquerizo-Villar et al (2018) assessed the bispectrum as an alternative to conventional PSD in
order to characterise deviations from linearity and stationarity of SpO- recordings. Previously, sample
entropy, central tendency measure, and Lempel-Ziv complexity were predominantly used in the context
of paediatric OSAHS detection from oximetry due to their proven performance in adult cases (Garde et
al 2014, Alvarez et al 2017, Hornero et al 2017).

In the present study, symbolic dynamics is proposed to analyse changes in overnight oximetry
recordings from children suspected of suffering from OSAHS. Symbolic dynamics provides an
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alternative approach to investigate complex non-linear systems (Voss et al 1996). Data is transformed
into a small set of symbols so that the study of the dynamics of the system is accomplished by describing
symbol sequences (Kurths et al 1995). In the framework of biomedical signals and systems, it has been
mainly used to analyse non-linear characteristics of heart rate modulation (Kurths et al 1995, Voss et al
1996, Yeragani et al 2000, Guzzetti et al 2005). Similarly, it has been also applied to characterise
cardiovascular regulation and cardio-respiratory coupling during sleep (Suhrbier et al 2010, Penzel et al
2016). In the field of automated OSAHS detection, previous studies assessed its ability to increase the
performance of single-lead ECG as a simplified screening test for adult OSAHS (Ravelo-Garcia et al
2014, 2015). Recent preliminary studies also investigated the usefulness of symbolic analysis to
characterise sleep disordered breathing in children. Immanuel et al (2014) analysed the EEG complexity
throughout the respiratory cycle to detect electroencephalographic alterations. Similarly, Baumert et al
(2015) applied joint symbolic dynamics to study temporal interactions between heart period and pulse
transit time in children with and without sleep disordered breathing while sleeping. However, symbolic
dynamics has not been previously used to thoroughly analyse the overnight oximetry tracing from
paediatric OSAHS patients.

In this research, we hypothesised that symbolic dynamics is able to provide significant new
information on the non-linear behaviour of overnight oximetric recordings from children with suspected
OSAHS resulting in improved diagnostic performance. Accordingly, the aim of our research was to assess
the usefulness of symbolic dynamics for detecting childhood OSAHS from portable nocturnal oximetry.

2. Materials and methods

2.1. Population under study and biomedical recordings

A total of 142 children (85 boys and 57 girls) with median age of 9 years old and median body mass index
(BMI) of 18.4 kg/m? composed the population under study. Table 1 summarises the socio-demographic
and clinical data of the children involved in the study. All children were referred to the British Columbia
Children’s Hospital of Vancouver (Canada) showing clinical suspicion of suffering from OSAHS due to
the following symptoms reported by their parents or caretakers: snoring, daytime sleepiness, behavioural
problems and/or clinically large tonsils. Children suffering from cardiac arrhythmia or abnormal
haemoglobin were excluded from the study. The Research Ethics Board of the University of British
Columbia and the Children’s and Women’s Health Centre approved the protocol (H11-01769). Written
informed consent to participate in the study was obtained from children’s parents/guardians prior to the
enrolment. In addition, all patients over 11 years of age were asked to provide a written assent.

Table 1. Demographic and clinical data of the children involved in the study. Data are presented as median
[interquartile range] or n (%). The p-value shown in the last column was computed using the Chi2 test for
categorical variables and the Mann-Whitney test for continuous ones. A level of 0.01 was considered for statistical
significance (N.S.: non-significant).

Characteristics All children AHI<5 group AHI>5 group p-value
N° of children (%) 142 87 (61.3%) 55 (38.7%) -
Age (years) 9[7] 10 [6] 8 [8] N.S.
N° of boys (%) 85 (59.9%) 47 (54.0%) 38 (69.1%) N.S.
BMI (Kg/m?) 18.4 [7.99] 17.57[6.12] 20.07 [11.69] N.S.
AHI (events/h) 2.65[8.30] 1.20 [1.58] 13.10 [17.85] p <0.01
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All the children underwent in-laboratory nocturnal PSG, which was used as gold standard for
objective OSAHS diagnosis. In-lab PSG was carried out using a polysomnograph Embla Sandman S4500
(Natus Medical Inc., Pleasanton, CA, USA). The following signals were recorded: electrocardiogram,
electroencephalogram, peripheral blood oxygen saturation (SpO;) and heart rate by means of oximetry,
chest and abdominal effort, nasal and oral airflow (thermistor and nasal cannula), and video recordings.
All PSG studies included in our dataset showed more than 3 hours of total sleep time.

The same sleep technician visually scored cardiorespiratory and neurophysiological events
according to the American Academy of Sleep Medicine criteria (Iber et al 2007). Obstructive apnoeas
were defined as the complete cessation of oronasal airflow during at least two respiratory cycles.
Similarly, a decrease >50% in the amplitude of the nasal pressure signal lasting two respiratory cycles or
more, accompanied by a desaturation >3% or an arousal, was scored as a hypopnoea. The apnoea-
hypopnoea index (AHI) was defined as the number of apnoeas and hypopnoeas per hour of sleep, which
is commonly used by physicians to diagnose or discard the disease and categorise its severity. In this
regard, a cut-off of 5 events per hour (events/h) is commonly used to recommend adenotonsillectomy due
to moderate-to-severe OSAHS is less likely to resolve spontaneously (Marcus et al 2012, Kaditis et al
2016b). In addition, an AHI >5 events/h is linked with an increased risk for cardiovascular negative
effects in children (Kaditis et al 2016b). Accordingly, a cut-off of 5 events/h was used to split the cohort
into children with moderate-to-severe OSAHS (AHI>5 group) and children without moderate-to-severe
OSAHS (AHI<5 group).

Simultaneously to standard in-lab PSG, an additional SpO; signal was acquired using the Phone
Oximeter (Hudson et al 2012, Petersen et al 2013). The Phone Oximeter (prototype version 1.0) is a
portable device that integrates a commercially available and Federal Drug Administration (FDA)
approved microcontroller-based pulse oximetry sensor (Masimo SET® uSpO Pulse Oximetry Cable,
Masimo Corporation, Irvine, CA, USA) with a smartphone (iPhone 4S or later). The sensor is directly
connected to the smartphone enabling portable acquisition, monitoring, and storage of SpO: recordings
both in hospital and at home. The main purpose of the Phone Oximeter is to increase the portability of
conventional oximeters by attaching the sensor with a mobile smartphone, leading to improved
availability and accessibility to diagnostic resources. Previous works exhaustively validated technical
features and usability of SpO- acquisition systems based on oximetry sensors attached to mobile phones
via standard communication ports (Karlen et al 2011, Hudson et al 2012, Petersen et al 2013).
Particularly, Garde et al (2014) found that the Phone Oximeter is able to accurately measure the overnight
SpO; profile of children with significant sleep disturbed breathing.

The finger probe of the Phone Oximeter was applied to the finger adjacent to the one used during
simultaneous complete PSG. Using this portable device, the SpO; signal was recorded at a sampling rate
of 1 Hz and 0.1% resolution. Recordings were downloaded and an automated pre-processing stage was
carried out before pattern recognition. Samples showing oxygen saturation values below 50% as well as
changes with slope >4 %/s were consider to be artefacts and removed. In addition, SpO- recordings with
total recording time <3 hours after pre-processing were discarded.

2.2. Automated pattern recognition

Portable SpO; recordings from the Phone Oximeter were processed off-line. The aim of the automated
pattern recognition procedure was to perform binary classification of children into two categories:
“AHI<5 group” versus “AHI>5 group”. In order to achieve this goal, feature extraction, selection, and
classification stages were implemented.
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2.2.1. Feature extraction

Every child in our dataset was represented using 24 variables from four a priori complementary feature
subsets: 6 conventional oximetry indices; 2 anthropometric variables; 4 common statistical moments; and
12 novel non-linear measures from symbolic dynamics.

Age and BMI were considered potentially discriminant features and they were both included in our
initial feature set (Marcus et al 2012). Similarly, conventional oximetry indices commonly used in clinical
practice were used to characterise portable oximetry recordings from the Phone Oximeter. Particularly,
the number of desaturations greater than or equal to 2% (ODI2), 3% (ODI3), and 4% (ODI4) from
baseline per hour of recording were computed (Chang et al 2013, Tsai et al 2013). The ratio of the
cumulative time spent below a saturation of 95% to the total recording time (CT95) as well as the average
(Satave) and minimum (Satwn) saturation were also quantified (Alvarez et al 2017, Crespo et al 2017).

First-to-fourth order statistical moments of the SpO, amplitude distribution have also demonstrated
to provide discriminant information between OSAHS patients and children without the disease (Alvarez
et al 2017, Crespo et al 2017, 2018). Accordingly, mean (ML1t), variance (M2t), skewness (M3t) and
kurtosis (M4t) were computed to characterise changes in central tendency, dispersion, asymmetry, and
peakedness of the data histogram related to desaturations, respectively.

A symbolic dynamics-based non-linear approach was applied to obtain additional as well as
complementary information to that provided by traditional linear methods in the time domain. Symbolic
dynamics is based on a coarse-graining procedure, which involves partitioning the range of original
observations (SpO, amplitudes) into a finite number of non-overlapping regions (Daw et al 2003).
Accordingly, each sample from the original time series is mapped into the corresponding symbol so that
the time series is transformed into a symbol sequence (Kurths et al 1995, VVoss et al 1996). In order to
capture the dynamics of the system successfully, a suitable number of symbols (alphabet size) and the
partition of the range of amplitudes of the time series have to be set. In the present study, we defined an
alphabet composed of p=4 symbols {1, 2, 3, 4}, which has been found to be the most appropriate for
quantifying cardiovascular dynamics (Kurths et al 1995, Voss et al 1996) and, particularly, in the
framework of adult OSAHS detection from HRV recordings (Ravelo-Garcia et al 2014, 2015).

The partition generating the coding scheme is usually defined in terms of two parameters (Kurths et
al 1995, Voss et al 1996):

- m, which is an overall measure of central tendency of the time series (usually the mean).
- a, which is a tolerance or measure of dispersion.

Nevertheless, values assigned to parameters m and a are context dependent. Figure 1 illustrates the
symbolization process proposed in the present study for mapping the original SpO, signal into the
predefined four symbols. Firstly, a region of signal stability was defined using the median of the
recording: threshold T, = median(SpO.). Then, additional thresholds were set both below (threshold Tp.-
3 = Tm-3%) and above (threshold Tm+s = Tn+3%) the median in order to capture significant changes in
SpO; dynamics related to apnoeic events, i.e. desaturations and re-saturations, respectively. As the
number of oxygen desaturations >3%,( i.e., ODI3), have been demonstrated to capture discriminant
information between children with and without moderate-to-severe OSAHS (Chang et al 2013), we used
this “step” below and above the median in order to codify relevant changes in SpO, recordings.
Accordingly, the coding scheme is defined as

Symbol 4" if T,,,3 < Sp0,
sfn] = {

B

Symbol '3"if T,, < SpO,
Symbol ‘2" if T,,_3 < Sp0,
Symbol '1"if 50% < SpO,

EEI—I
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Figure 1. Symbolization process within the framework of symbolic dynamics for a segment of an overnight SpO-
recording from a common moderate-to-severe (AHI >5 events/h) OSAHS patient. The continuous black line
represents the overnight SpO; recording whereas the dashed grey lines represent the thresholds used to quantise
the range of input values in order to obtain symbols.

Once the original time series is transformed into a symbol sequence, symbols are typically grouped
to compose words of a fixed length in order to compute the frequencies of occurring words. In this regard,
both the number of symbols per word (k) and the length of the sequence (N) must be taken into account
to reach a compromise between capturing short-term dynamics and the reliability in estimating the word
frequency (Kurths et al 1995). Previous studies have reported that words composed of k=3 symbols are
appropriate to analyse symbolic dynamics of cardiorespiratory signals (Suhrbier et al 2010, Kabir et al
2011, Ravelo-Garcia et al 2014, 2015). Using 3-symbol words and an alphabet of 4 symbols, we obtained
a vocabulary WX composed of M=64 (p* = 4%) unique words, which lead to each single bin in the histogram
of words. In the present study, each SpO- recording was divided into non-overlapping segments of equal
length (N) prior to symbolic dynamic analyses in order to update the thresholds systematically, i.e., the
median, throughout the symbolization process. According to Voss et al (1996), 20 should be the average
minimal number of words per bin (ratio N:M) to accurately estimate the word distribution of a sequence.
In order to fit this requirement, we divided each overnight oximetric recording into 25-min length
segments, i.e., N = 1500 samples (fs = 1 Hz) and hence about 23 words per bin (= 1500/64) on average.

In order to parameterise the dynamics of the symbol sequence, the following features were
computed:

- The percentage or probability of words (PWisssy) representative of different states and changes in
the signal (Voss et al 1996). In this study, we defined the relative frequency of appearance of the
word {111} as a measure of decreased oxygen saturation due to desaturations, whereas the word
{444% is representative of increased SpO- due to re-saturations. Similarly, the probability of the
words {222} and {333} estimates the stability of the SpO. signal below and above the median
value, respectively. Finally, the relative frequency of the appearance of words {112}, {122} and
{123} quantifies the presence of re-saturations, while the probability of words {321}, {221} and
{211} estimates the presence of desaturations. As mentioned, the probability of each word is
computed as the relative frequency of appearance:
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where N is the sequence length (1500 symbols), k is the word length, and
sss) = {1 if word :{s[i] s[i + 1] s[i + 2]} = {sss} . 3)
0 otherwise

It is expected that the probability of words characteristic of acute changes in the SpO, signal
linked with desaturations and subsequent re-saturations, as well as those words representing
decreased and increased saturation levels, would be higher in children with moderate-to-severe
OSAHS (AHI>5 group) due to frequent apnoeic events. On the other hand, the probability of
words representative of stability around the median is expected to be higher in the AHI<5 group.

- Forbidden words (FW), which is the number of words in the vocabulary appearing with a
probability of less than 0.001 in the symbol sequence (Kurths et al 1995, Voss et al 1996). The
number of forbidden words is a measure of a stability: the higher the number of forbidden words
the higher the stability, i.e., the lower the complexity. In the context of OSAHS, children without
the disease or with mild OSAHS are characterised by an overnight oximetry profile showing an
almost stable behaviour with small changes around the baseline saturation (lower complexity),
i.e., there is a small region of predominant amplitude values. On the other hand, children showing
moderate and severe OSAHS are characterised by lower periods of stability and more changes
(higher complexity), i.e., the overnight oximetry profile shows a wider range of saturation values
(new significant words) due to desaturations and re-saturations. Therefore, FW is expected to be
higher in children without moderate-to-severe OSAHS.

- Symbolic entropy (SymbEn), which is computed as the normalised corrected Shannon’s entropy
of the symbol sequence (Aziz and Arif 2006). The Shannon’s entropy of k-th order is computed
as follows:

He = =301 p(w)log(p(wf)), 4
wkewk,
p(w)>0

where p(w;¥) is the probability density function of the words belonging to the vocabulary WX
composed of k-symbol length words and M is the total number of single words in the vocabulary.
Then, the SymbEn is computed according to the following equation (Aziz and Arif 2006):

k, CR-1

H
SymbEn = #M”ﬁ_l, ©)
- 2

M)+2MLn2

where Cg is the number of words occurring from the possible M words composing the whole
vocabulary. Regarding equation (5), the term added to H is a correction to avoid random as well
as systematic error or bias in the estimation of the Shannon’s entropy. In addition, the
normalization makes SymbEn vary from 0 to 1 regardless the word length and symbolization
scheme. Higher values of SymbEn account for higher complexity in the word distribution, i.e.,
there are more words with significant probability of appearance instead of a dominant word.
Accordingly, lower SymbEn values are expected for SpO. recordings from children without
moderate-to-severe OSAHS due to a higher dominance of words representative of a stable
behaviour, while higher SymbEn is expected in children with AHI >5 events/h due to the
appearance of more words indicative of desaturations and re-saturations.

The proposed features from symbolic dynamics were computed for each 25-min segment. For each
single feature, all segment-based values were averaged to obtain a single measure per SpO- recording.
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2.2.2. Feature selection and classification

The widely used binary logistic regression (LR) model was applied both for feature selection and for
pattern recognition. This conventional statistical classifier has demonstrated good performance in the
context of paediatric OSAHS (Gutiérrez-Tobal et al 2015a, Alvarez et al 2017, Crespo et al 2017, 2018).
Therefore, we considered LR as an appropriate reference modelling approach to assess the usefulness of
symbolic dynamics to characterise overnight SpO; recordings.

Regarding variable selection, bidirectional forward stepwise logistic regression (FSLR) is a well-
known procedure for LR-based model optimization (Alvarez et al 2010, 2013, Gutiérrez-Tobal et al 2012,
2015b). As proposed by Hosmer and Lemeshow (2000), FSLR explores the original feature space looking
for a reduced as well as representative feature subset. In order to achieve this goal, FSLR iteratively
assesses statistical differences between the current model and a candidate one in terms of the likelihood
ratio test. Both models differ in just one degree of freedom, i.e., one candidate feature (added or removed
in the current iteration). This procedure yields several nested feature subsets, where the most relevant
variables are progressively added to the current feature subset (forward selection) while the redundant
ones are removed (backward elimination). In addition, a bootstrapping procedure was applied during the
feature selection stage in order to obtain a reduced feature subset independent of a particular dataset.
According to the bootstrap approach (Witten et al 2011), 1000 bootstrap replicates were derived from the
whole dataset by means of resampling with replacement. Then, the FSLR algorithm was applied to each
replicate so that 1000 potentially different optimum subsets were obtained. Finally, only variables
automatically selected at least 50% of the runs composed our optimum feature space (Hornero et al 2017,
Vaquerizo-Villar et al 2018). In order to avoid overfitting, the optimization of the input feature subset
was carried out using only the training bootstrap replicates. The subsequent assessment of the proposed
optimum model took into account the remaining instances not involved in the tuning of the algorithm,
according to bootstrap 0.632 (Witten et al 2011).

Binary LR was used to classify oximetry-derived patterns into the mutually exclusive categories
under study: children with AHI <5 versus children with AHI >5. Every input pattern representing the
nocturnal SpO; recording of each child consisted of the optimum independent variables from the previous
feature selection stage. LR models the probability density of the dependent variable as a Bernoulli
distribution, applying the well-known logit function and finally assigning each pattern to the class with
the maximum posterior probability (Bishop 2006). In the present study, several models were investigated.
Firstly, every feature subset (conventional oximetry indices, anthropometric measures, statistical
moments, and symbolic dynamics features) was individually assessed. Then, starting from a baseline
model composed of conventional oximetry indices, the remaining feature subsets were added in
increasing order of individual diagnostic performance. Finally, the “optimum” LR model was built using
the features automatically selected by means of FSLR.

2.3. Statistical analysis

Matlab R2015a (The MathWorks Inc., Natick, MA, USA) was used to implement signal processing and
pattern recognition algorithms, as well as to perform classification performance analyses. IBM SPSS
Statistics 20 (IBM Corp., Armonk, NY, USA) was used for descriptive and statistical analyses. Statistical
differences between AHI<5 and AHI>5 patient groups were assessed by means of the non-parametric
Mann-Whitney U test. A p-value <0.01 was considered statistically significant.

Regarding classification performance assessment, standard metrics derived from binary confusion
matrices and receiver operating characteristics (ROC) curves were computed: sensitivity (Se), specificity
(Sp), positive (PPV) and negative (NPV) predictive values, positive (LR+) and negative (LR-) likelihood
ratios, accuracy (Acc), and area under the ROC curve (AUC). The 95% confidence interval (95% CI) was
provided per each performance metric. In order to obtain a proper estimation of each metric, the common
bootstrap 0.632 was applied (Witten et al 2011, Gutiérrez-Tobal et al 2015a, Alvarez et al 2017). Briefly,
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given an original dataset of size N, M new datasets of equal size (N) are composed using resampling with
replacement with uniform probability distribution, the so-called bootstrap replicates. Accordingly, each
bootstrap replicate m; (1<i<M) will most likely contain repeated instances, whereas a number of cases
from the original dataset are not selected. At each iteration i (1<i<M), the current replicate m; is considered
the training set in order to fit coefficients of a LR model, whereas cases from the original dataset not
included in m; are used for independent assessment. According to bootstrap 0.632, each performance
metric is obtained as a weighted contribution of both the training and the test components, in order to
avoid a downward estimation:

metric(™) = (0_632 X metricggé),r) + (0.368 X metricgsgm). (6)

Finally, each metric is obtained as the average of the M bootstrap estimates:
metric = %Z?’il metric(™), (7

The user-dependent parameter M was set to 1000, which is considered appropriate to estimate the
95% CI accurately (Witten et al 2011). The default output cut-off of 0.5 commonly used in LR-based
modelling was applied to compute performance metrics in both the training and test stages.

4. Results

Portable SpO; recordings from the Phone Oximeter were automatically analysed by means of the
proposed techniques. Tables 2 — 4 show the median values of the features composing the initial feature
set for the children groups under study.

Table 2. Descriptive analysis of conventional oximetry indexes from overnight SpO, recordings acquired using
the Phone Oximeter. Data are presented as median [interquartile range]. The p-value shown in the last column was
computed using the non-parametric Mann-Whitney U test. A level of 0.01 was considered for statistical
significance (N.S.: non-significant).

Characteristics AHI<5 group AHI>5 group p-value
Satave 97.78 [1.19] 97.26 [1.49] N.S.

Satmin 89.70 [7.50] 85.90[9.73] p<0.01
CT95 0.25[1.14] 2.34 [8.63] p<0.01
OoDI2 7.25[6.72] 17.59 [17.60] p<0.01
OoDI3 1.85[2.09] 6.29 [9.30] p<0.01
OoDlI4 0.73[1.00] 2.70 [5.52] p<0.01

Table 3. Descriptive analysis of common statistical moments in the time domain from overnight SpO- recordings
acquired using the Phone Oximeter. Data are presented as median [interquartile range]. The p-value shown in the
last column was computed using the non-parametric Mann-Whitney U test. A level of 0.01 was considered for
statistical significance (N.S.: non-significant).

Characteristics AHI<5 group AHI>5 group p-value
M1t 97.78 [1.19] 97.26 [1.49] N.S.
M2t 0.29[0.24] 0.61 [0.53] p<0.01
M3t -0.71[0.63] -0.70 [0.60] N.S.
M4t 4.06 [2.97] 2.84 [2.33] p<0.01

PM-9



Table 4. Descriptive analysis of all the non-linear features derived from the histogram of words built in the
framework of symbolic dynamics analysis of overnight SpO. recordings acquired using the Phone Oximeter. Data
are presented as median [interquartile range]. The p-value shown in the last column was computed using the non-
parametric Mann-Whitney U test. A level of 0.01 was considered for statistical significance (N.S.: non-
significant).

Characteristics AHI<5 group AHI>5 group p-value
FW 56 [1] 51 [4] p<0.01
PWq113 (x10°%) 0.83[2.60] 4.67 [10.89] p<0.01
PW (2223 0.34 [0.040] 0.36 [0.047] N.S.
PW (3333 0.47 [0.041] 0.46 [0.036] p<0.01
PW 4443 (x1073) 0[0.0] 0[0.53] N.S.
PW 1123 (x107%) 0.28 [0.38] 1.11[1.75] p<0.01
PW (1223 (x107%) 0.35[0.42] 1.24 [1.47] p<0.01
PW f1233 (x10%) 0.42 [1.23] 1.85[3.57] p<0.01
PW gz213 (x107) 3.51[7.42] 6.36 [14.84] N.S.
PW 2213 (x10%) 0.37 [0.44] 1.34[1.70] p<0.01
PW 2113 (x103) 0.28 [0.36] 1.11[1.75] p<0.01
SymbEn 0.30 [0.019] 0.31[0.043] p<0.01

Regarding conventional oximetric indexes (table 2), no significant statistical differences between
groups were found for the average saturation, which highlight the challenge of detecting OSAHS from
oximetry in paediatric patients. Similarly (table 3), M1t (mean, i.e. central tendency) and M3t (skewness,
i.e.,, asymmetry) did not reach statistical significance. On the other hand, common ODIs and M2t
(variance, i.e., dispersion) reached the highest differences (p <0.01) between moderate-to-severe OSAHS
patients and children with AHI <5 events/h.

Figure 2 shows the normalised histogram of words composing the vocabulary from symbolic
dynamics analysis. A total of 9 out of 12 features derived from the symbolic dynamics approach reached
significant statistical differences (p <0.01) between groups (table 4). The number of forbidden words was
significantly higher in children with an AHI <5 events/h. In the same way, the normalised corrected
SymbEn was significantly higher in moderate-to-severe OSAHS patients. The probability of appearance
of single words, PW of word {111}, which represents a decreased saturation level, and words {211, 221},
indicative of smooth oxygen desaturations, was significantly higher in OSAHS patients due to the
presence of apnoeic events. On the contrary, PWgs213, which accounts for the deepest desaturations, did
not reach statistical significant differences between groups. Similarly, PW of words {112, 122, 123}
indicative of oxygen re-saturations aimed at restoring the normal saturation level after apnoeic events was
significantly higher in children with OSAHS. PWa43, Which accounts for increased saturation levels due
to these re-saturations, was slightly higher in the moderate-to-severe OSAHS group though no statistically
significant for the level of 0.01 (p=0.039). Regarding stability around the median, PWy.»23 (stability below
the median) was not significantly different between groups, whereas PWjyzs3y (stability above the median)
was significantly higher in patients with an AHI <5 events/h.

Table 5 summarises the results from the feature selection stage. A total of 9 out to 24 (37.5%) features
were automatically selected. Satmin, ODI3, BMI, M2t, M3t, M4t, PW(z33;, PWa44y and PWy1123 composed
the optimum feature subset. All the approaches proposed to characterise the population under study were
represented: conventional oximetric indices (Satmin, ODI3); anthropometric measures (BMI); statistical
moments (M2t, M3t, M4t); and parameters from symbolic dynamics (PWyassy, PWqaas3, PW¢1123); which
suggests their relevancy as well as complementarity in the characterization of children with and without
moderate-to-severe OSAHS.
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Figure 2. Normalised histograms (probability density function) of 3-symbol length words from symbolic
dynamics analysis for children with AHI <5 events/h (white) and patients with moderate-to-severe OSAHS (dark
grey). The words proposed to characterise changes in the oximetric pattern due to apnoeic events are labelled and
those showing significant statistical differences between groups are highlighted (grey asterisk).

Table 5. Optimum feature subset from FSLR using a bootstrapping approach (1000 repetitions). Features
automatically selected 50% of runs composed the proposed final feature subset.

Feature subset Feature N° of times selected
Conventional oximetry indices (Oxi) Satmin 802

oDI3 575
Anthropometric (Anthr) BMI 734
First-to-fourth statistical moments (Stats) M2t 584

M3t 809

M4t 926
Symbolic dynamics (Symb) PW 3331 581

PW {444} 875

PW q1123 562

Tables 6 and 7 summarise the performance assessment of different LR models composed of the
proposed features. Individually, anthropometric (Anth) and statistical (Stats) feature subsets reached the
lowest diagnostic performance, achieving 65.1% Acc (0.65 AUC) and 69.7% Acc (0.75 AUC),
respectively (table 6). Conventional oximetric indices (Oxi) achieved moderate accuracy (73.2% Acc and
0.76 AUC) with a highly unbalanced sensitivity-specificity pair (49.5% Se vs. 88.2% Sp), whereas the
feature subset from symbolic dynamics (Symb) reached the highest performance individually, with 78.4%
Acc (65.2% Se and 86.8% Sp) and 0.83 AUC. Regarding the combination of the proposed feature subsets
(table 7), the LR model composed of the 5 common indices from oximetry (LRox) was the baseline
(reference) model for comparison purposes. When age and BMI were added as input features to the
baseline model (LRoxi+antr), @ Nnon-significant (p-value >0.01) performance improvement was obtained:
74.0% Acc and 0.77 AUC was reached. On the contrary, a statistically significant (p-value <0.01)
diagnostic performance improvement was obtained by adding features from automated signal processing
approaches, particularly from symbolic dynamics. Using common statistical moments, the accuracy of
the model LRoxi+anthr+stats iNCreased to 77.9% Acc (0.83 AUC). In the same way, adding features from
symbolic dynamics, the model LRoxi+anthr+stats+symn reached higher accuracy (80.3% Acc and 0.85 AUC)
and more balanced sensitivity-specificity pair (75.0% Se vs. 83.9% Sp). Finally, the highest performance
was obtained using the optimum feature subset (LRopt), leading to 83.3% Acc and 0.89 AUC.
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Table 6. Diagnostic ability of each individual feature subset under study using binary LR modelling for moderate-
to-severe paediatric OSAS detection and a bootstrap approach.

Feature subset Se (%) Sp (%) PPV (%) NPV (%) LR+ LR- Acc (%) AUC
Oxi 495 88.2 73.4 73.6 5.20 0.57 73.2 0.76
(28.9,71.8) (76.3,98.4) (53.2,95.9) (62.6,85.3) (2.21,12.61) (0.34,0.79) (64.0,81.7) (0.63,0.86)
Anthr 31.2 86.8 65.7 66.8 3.02 0.79 65.1 0.65
(4.7,59.7) (63.5,99.6) (37.3,96.6) (56.1,78.4) (1.05,11.36) (0.55,1.01) (55.0,75.1) (0.54,0.77)
Stats 50.4 82.0 64.8 72.6 3.29 0.60 69.7 0.75
(22.6,76.2) (64.8,95.9) (45.3,86.0) (60.2,85.5) (1.53,7.79) (0.31,0.88) (59.4,79.6) (0.64,0.85)
Symb 65.2 86.8 76.2 79.9 6.88 0.41 78.4 0.83

(46.2,84.5) (73.9,96.7) (59.2,92.8) (69.1,90.8) (2.86,17.39) (0.19,0.62) (68.3,87.1) (0.73,0.92)

Table 7. Diagnostic performance of different LR models from joint feature subsets from oximetry.

Feature subset  Se (%) Sp (%) PPV (%) NPV (%) LR+ LR- Acc (%) AUC
Baseline (Oxi) 495 88.2 73.4 73.6 5.20 0.57 73.2 0.76
(28.9,71.8) (76.3,98.4) (53.2,95.9) (62.6,85.3) (2.21,12.61) (0.34,0.79) (64.0,81.7) (0.63,0.86)
Oxi + Anthr 53.9 86.9 72.9 75.0 5.34 0.53 74.0 0.77
(33.8,73.2) (74.0,96.9) (52.6,91.5) (64.3,85.8) (2.14,14.76) (0.31,0.77) (64.0,83.2) (0.66,0.87)
Oxi + Anthr + 64.6 86.5 75.7 79.5 6.81 0.41 77.9 0.83
Stats (45.1,83.6) (72.4,96.8) (57.4,92.8) (68.6,90.7) (2.67,18.31) (0.20,0.62) (67.9,86.5) (0.74,0.92)
Oxi + Anthr + 75.0 83.9 75.5 84.0 12.17 0.32 80.3 0.85
Stats + Symb  (56.4,91.9) (68.8,95.9) (58.0,92.6) (72.7,94.8) (3.23,37.57) (0.12,0.55) (69.9,89.9) (0.71,0.95)
Optimum 735 89.5 82.0 84.3 10.40 0.30 83.3 0.89

subset (OPT) (56.1,89.7) (77.7,99.2) (65.8,98.7) (73.9,93.9) (3.78,27.77) (0.12,0.50) (74.4,91.0) (0.79,0.96)

Figure 3 shows the ROC curves of the two components of the proposed bootstrap 0.632 approach (training
and test contributions based on resampling with replacement) for every model. Both the “complete”
model (composed of all 24 variables) and the optimum model from FSLR reached an AUC >0.90 in the
bootstrap training group. In the bootstrap test group, the proposed optimum model showed the highest
AUC as well as the lower performance decrease, suggesting no influence of overfitting and higher
generalization ability.

5. Discussion

In this study, advanced signal processing algorithms and portable technologies, by means of symbolic
dynamics and smartphones, are combined to develop a reliable screening tool for paediatric OSAHS. The
main novelty of this study is that symbolic dynamics was applied to analyse complex non-linear changes
due to intermittent desaturations present in the oximetry signal of children obtained with the Phone
Oximeter. The normalised histogram of words has been found to provide discriminant variables able to
enhance the detection of moderate-to-severe paediatric OSAHS from oximetry. Particularly, words
representing increased values of oximetry and re-saturations after apnoeic events were automatically
selected to compose the optimum feature subset. The proposed optimum LR model reached 83.3% Acc
(73.5% Se and 89.5% Sp) and 0.89 AUC, significantly improving the diagnostic performance of models
composed of conventional variables.

Regarding the features derived from symbolic dynamics (table 4), there were five words with low
probability of appearance (<0.001, i.e., forbidden words) within SpO, recordings from children with AHI
<5 events/h whose probability of appearance increased in patients with AHI >5 events/h, ceasing to be
forbidden words in this group (median FW: 56 versus 51, respectively): {211}, {221}, {111}, {112},
{122}. These words are representative of desaturations and re-saturations due to apnoeic events and
reached significant differences between both patient groups, which suggest the appropriateness of the
proposed features to parameterise the histogram of words.
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Figure 3. ROC curves for the models composed of conventional variables and for the proposed optimum model
from FSLR feature selection for (a) training and (b) test contributions from the bootstrap 0.632 procedure.

All the words proposed to parameterise re-saturations in the framework of symbolic dynamics
achieved significant statistical differences (p <0.01) between children with an AHI <5 events/h and
moderate-to-severe OSAHS patients, from the slowest {112, 122} to the fastest re-saturation {123}. This
would suggest that the recovery process towards a normal saturation plays a major role in children having
moderate-to-severe OSAHS. Conversely, the word representing the deepest desaturation {321} did not
reach statistical significant differences, showing that the magnitude of sudden desaturations is not as
discriminant as the re-saturations in the detection of the disease in children.

Variables composing the optimum feature subset provide more insight into the relevance of re-
saturations and symbolic dynamics. A total of 3 variables from symbolic dynamics were automatically
selected: PWqi123, PWqassy and PWgaasy. All the words were indicative of re-saturations or increased
saturation values: the word {112} is a small slow re-saturation while the word {333} represents saturation
values above the median and the word {444} notably higher saturation levels (close to 99%).

In the optimum feature subset, measures from all the approaches proposed to characterise children
suspected of suffering from OSAHS were selected, which highlights the complimentary nature of
symbolic dynamics and conventional features. Conventional oximetry indices Satwin and ODI3 account
for the magnitude and the number of desaturations while novel PWy1123, PWys3sy, and PW(a443 from non-
linear symbolic dynamics quantify the relative number of words representing increasing slope and higher
saturation levels. In a complementary way, M2t, M3t, and M4t provided overall measures of dispersion
(variability, asymmetry, and concentration, respectively) of saturation values due to recurrent apnoeic
events. In addition, the BMI was also automatically selected, which provides information on the physical
status of individual children.

Previous studies applied symbolic dynamics in the context of adult OSAHS from HRV analysis.
Ravelo-Garcia et al (2014) first proposed the use of features from symbolic dynamics in order to enhance
automated classification of adult patients. An alphabet of four symbols was used for quantization of the
HRV time series and symbols were subsequently grouped to compose 3-symbol length words. According
to previous studies (Kurths et al 1995), the percentage of words that contain symbols ‘1’ and ‘3’
(WPSUMZ13), which is indicative of increased HRV, was proposed to parameterise the histogram of
words. The authors reported that the classification performance of a LR model composed of both clinical
(Epworth sleepiness score and intensity of snoring) and physical (age and neck circumference) variables
significantly increased from 0.907 AUC (87.1% Se and 80.0% Sp) to 0.941 AUC (88.7% Se and 82.9%
Sp) when adding WPSUM13 to the model. In a recent study by the same group (Ravelo et al 2015), the
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authors assessed a linear discriminant analysis (LDA) classifier composed of common time- and
frequency-domain oximetry indices and both linear and non-linear features from HRV. Likewise, words
of length 3 symbols within a sequence derived from a 4-level coding scheme were used to investigate
non-linear dynamics of HRV time series. Then, the probability of words indicative of increased and
decreased complexity, symbolic entropy, symbol variability, and the number of forbidden words, were
used to parameterise the histogram of words. The LDA model reached 86.5% Acc (75.6% Se and 91.0%
Sp) using only oximetric indices in an epoch-based binary classification task, whereas the performance
slightly increased to 86.9% (73.4% Se and 92.3% Sp) when linear and non-linear features from HRV
were added to the model. In the present research, our results suggest that symbolic dynamics is also a
reliable methodology able to increase the diagnostic ability of portable overnight oximetry in the context
of childhood OSAHS detection.

Tables 8 and 9 summarise the state-of-the-art in the framework of childhood OSAHS detection from
nocturnal oximetry. Previous studies mainly focused on the screening ability of ODIs (Kirk et al 2003,
Tsai et al 2013), sometimes including additional data from the clinical history to increase diagnostic
performance (Chang et al 2013). Using a common cut-off of 5 events/h for OSAHS, in these studies,
accuracy ranged between 64.0% (automated scoring) and 85.1% (manual scoring). Similarly, the number
and severity of clusters of desaturations (visual inspection) was assessed as abbreviated screening tool
(Brouillette et al 2000, Velasco et al 2013, Van Eyck et al 2015, Villa et al 2015). Using a conservative
cut-off of 1 or 2 events/h for positive OSAHS, accuracy ranged 64.7% to 93.4%, whereas 69.4% Acc was
reached using an AHI >5 events/h.

Table 8. Summary of the state-of-the-art in the context of paediatric OSAHS diagnosis using
conventional desaturation indices from oximetry.

Authors  Dataset Gold Aim and setting Oximetry Classification Se Sp Acc
(year) standard inspection approach (%) (%) (%)
(cut-off) approach
Brouillette 349 children with In-lab PSG Binary classif./ N° of clusters of Visual inspection 42,9 97.8 64.7
et al (2000) suspected (AHI>1) In-lab oximetry desaturations >3 +
OSAHS N° drops <90% >3
Kirk 58 children with  In-lab PSG Binary classif. / Automated ODI3 ~ ODI3>5 66.7 60.0 64.0
et al (2003) suspected (AHI>5)  At-home
OSAHS oximetry
Chang 141 children with In-lab PSG Binary classif. / Presence of mouth LR 60.0 86.0 71.6
et al (2013) suspected (AHI >5)  Questionnaires breathing, restless
OSAHS and oximetry  sleep, ODI4
Velasco- 167 children with In-lab PSG Binary classif. / N° of clusters of Visual inspection 86.6 98.9 934
Suérez suspected (AHI>=1)  In-lab oximetry desaturations >2 +
et al (2013) OSAHS N° drops <90% >1
Tsali 148 children with In-lab PSG Binary classif./ Manual ODI4 ODI4 >2.05 (AHI>1) 77.7 88.9 79.0
et al (2013) suspected (AHI>1, 5, In-lab oximetry ODI4 >3.50 (AHI>5) 83.8 86.5 85.1
OSAHS 10) ODI4 >4.15 (AHI >10) 89.1 86.0 87.1
Van Eyck 130 obese In-lab PSG Binary classif. / Brouillette criteria  Manual scoring of 58 88 78
et al (2015) children with (AHI>2) In-lab oximetry Velasco criteria desaturations 66 69 68
suspected
OSAHS
Villa 268 children with In-lab PSG Binary classif. / Clusters of Semi-automatic
et al (2015) suspected (AHI >1, 5) In-lab oximetry desaturations and - AHI>1 91.6 40.6 85.8
OSAHS clinical history - AHI>5 40.6 97.9 694

PM-14



Recent studies focused on increasing the diagnostic capability of oximetry using automated signal
processing and machine learning techniques (Garde et al 2014, Alvarez et al 2017, Hornero et al 2017,
Crespo et al 2017, 2018, Vaquerizo-Villar et al 2018). Time- and frequency-domain statistics, spectral
features, and non-linear measures (approximate or sample entropy, central tendency measure, and
Lempel-Ziv complexity) usually compose a wide initial feature set from oximetry, which is subsequently
optimised using automated feature selection techniques. In these studies, diagnostic accuracies ranged
between 78.5% and 82.5% (sensitivity: 68.2%-82.2%; specificity: 83.6%-91.4%) when a cut-off of 5
events/h was set to confirm OSAHS and using information from the SpO. signal alone.

Although the widely known non-linear behaviour of biological systems induces a relevant
component in biomedical signals, no features from non-linear analysis composed the optimum feature
subset in the works by Garde et al (2014) and Hornero et al (2017). Similarly, only sample entropy was
selected in the studies by Alvarez et al (2017) and Crespo et al (2018), suggesting that novel non-linear
techniques could be applied to properly parameterise non-linear dynamics of the oximetry signal. In this
regard, Crespo et al (2017) demonstrated the reliability of multiscale entropy to characterise non-linear
patterns present in the nocturnal oximetry signal. Similarly, Vaquerizo-Villar et al (2018) used the
bispectrum to quantify deviations from linearity in the SpO; signal linked with apnoeic events. This
approach has been found to provide relevant and non-redundant information to conventional time- and

frequency-domain methods.

Table 9. Summary of the state-of-the-art in the context of paediatric OSAHS diagnosis applying
advanced signal processing and pattern recognition techniques to overnight oximetry recordings.

Authors Dataset Gold Aim and Signal processing Pattern Se Sp Acc
(year) standard setting approaches recognition (%) (%) (%)
(cut-off) approach
Garde 146 children In-lab Binary classif./ Time and spectral:
etal with suspected PSG Portable - Sp02 LDA 80.0 83.9 785
(2014) OSAHS (AHI =5) oximetry - SpO2+PR LDA 88.4 83.6 849
(attended)
Alvarez 50 children with In-lab Binary classif. / Statistical, spectral and LR (AHI >1) 89.6 715 855
et al (2017) suspected PSG Port. oximetry  nonlinear features LR (AHI >3) 829 844 834
OSAHS (AHI =1, from at-home LR (AHI >5) 82.2 83.6 828
3,5) RP (bootstrapping)
Crespo 50 children with In-lab Binary classif./ Nonlinear features and LR 84.5 83.0 835
et al (2017) suspected PSG Port. oximetry  conventional oximetric (bootstrapping)
OSAHS (AHI>3) from at-home indices
RP
Hornero 4191 habitually In-lab AHI Estimation Statistical, spectral, MLP ANN:
et al (2017) snoring children PSG / In-lab nonlinear features, and - AHI>1 84.0 53.2 75.2
(AHI =1, oximetry OoDI3 - AHI>5 68.2 87.2 817
5, 10) - AHI>10 68.7 94.1 90.2
Vaquerizo- 298 habitually In-lab Multiclass Bispectrum, PSD, ODI3,  3-class MLP:
Villar snoring children PSG classif/ In-lab  age, sex, BMI - AHI>5 61.8 97.6 813
et al (2018) (AHI>1, oximetry - AHI>10 60.0 945 853
5, 10)
Crespo 176 children In-lab Binary classif. / Statistical, spectral and LR (AHI >1) 93.9 37.8 843
et al (2018) with suspected PSG In-lab oximetry nonlinear features LR (AHI >3) 746 817 77.7
OSAHS (AHI>1, LR (AHI >5) 70.0 914 82.7
3,5) (bootstrapping)
Our 142 children In-lab Binary classif. /| BMI, Age, statistical LR (AHI >5) 735 895 833
proposal  with suspected PSG Portable moments, desaturation (bootstrapping)
OSAHS (AHI >5) oximetry indices, symbolic dynamics
(attended)
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Our optimum model involving non-linear features from symbolic dynamics outperformed several
previous approaches for automated detection of paediatric OSAHS. However, major methodological
differences between studies are present and need to be discussed. In the study by Hornero et al (2017),
PSG-derived SpO- recordings from a large cohort of habitually snoring children were processed. On the
other hand, Alvarez et al (2017) and Crespo et al (2017) analysed oximetry recordings from portable un-
attended respiratory polygraphy at children’s home. Regarding automated pattern recognition, Hornero
et al (2017) used a regression artificial neural network to estimate the AHI and subsequently set a cut-off
of 5 events/h, while Crespo et al (2017) used a clinical threshold of 3 events/h to diagnose OSAHS.
Similarly, a multi-class artificial neural network was proposed by Vaquerizo et al (2018) to classify
children into non-OSAHS, moderate, and severe OSAHS. In the study by Garde et al (2014), the
diagnostic accuracy increased up to 84.9% (88.4% sensitivity and 83.6% specificity) when features from
SpO: and pulse rate variability were used jointly.

Concerning the signal acquisition system, in the present study we used the Phone Oximeter in order
to increase accessibility to diagnostic resources while decreasing intrusiveness for children. The use of
portable technologies is a major novelty in the framework of paediatric sleep medicine. Particularly, the
use of smartphones and telemedicine applications aimed at providing unattended testing at home and
therapy monitoring is gaining popularity, owing the increasing recognition of both the prevalence and the
impact of OSAHS (Singh et al 2015). However, the vast majority of smartphone-based tools are mobile
apps oriented to adult users in the area of wellness and lifestyle with inadequate scientific validation
against standardised methodologies (Behar et al 2013, Ko et al 2015, Penzel et al 2018). On the contrary,
in this proposal we developed and properly validated a novel signal-processing module for the Phone
Oximeter able to enhance its screening functionalities for paediatric sleep apnoea detection.

Some limitations should be considered in order to generalise our conclusions. A larger dataset would
be needed for external validation and extensive and universal optimization of the proposed methodology.
Nonetheless, a bootstrapping procedure was applied both for feature selection and for pattern recognition
in order to minimise the effect of a limited sample size. Similarly, a larger and independent dataset would
allow for a better characterisation of changes in the overnight oximetry profile by means of symbolic
dynamics. Nevertheless, our results revealed consistent and significant differences between histograms
of symbol sequences of children with AHI <5 events/h and moderate-to-severe OSAHS patients.
Concerning the proposed pattern recognition approach, this study focused on binary classification, which
is able to derive accurate screening protocols for the disease. In this regard, a cut-off of 5 events/h was
used for positive OSAHS diagnosis, i.e., we focused on moderate-to-severe cases. This is a clinically
relevant threshold because it is used by paediatricians to recommend surgical treatment routinely.
Moderate-to-severe OSAHS is less likely to resolve spontaneously. Furthermore, children showing an
AHI >5 events/h suffer from the most negative consequences, including an increased cardiovascular risk
(Marcus et al 2012, Kaditis et al 2016b). Notwithstanding, it would be interesting to detect additional
categories of severity, i.e., non-OSAHS, mild, moderate, and severe.

Regarding context-dependent parameter tuning in the symbolic dynamics framework, we took into
account both the nature and the sampling frequency of oximetry during the symbolization process, which
led to a histogram of words showing significant differences between the groups under study. Based on
previous evidence (Ravelo-Garcia et al 2014, 2015), we adopted the values of the parameters used in
similar studies as appropriate for assessing non-linear components of oximetry by means of symbolic
dynamics in the same context. As previously reported by Voss et al (1996), it is important to point out
that small changes of the threshold values (m and a) do not influence the results considerably. Although
m is usually set to the mean of the time series, we selected the median because it is more robust against
artefacts. Additionally, the same optimum features were systematically selected by FSLR using the
proposed bootstrapping approach despite slight changes in a (2.8 to 3.2 in steps of 0.1), which shows the
robustness of the methodology against small changes in the tuning parameters. Nevertheless, in this study
we investigated a particular scheme: the probability distribution of words of length 3 from an alphabet of
4 symbols. Therefore, future work could be aimed at optimizing the tuning parameters (m, a, p, k, and N)
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and searching for novel discriminant words to be able to maximise the performance of symbolic dynamics
in the context of SpO- recordings from children showing OSAHS symptoms. In addition, it would be
interesting to assess the dependence of the proposed algorithm on some technical features of the
recording, such as the sampling frequency, the averaging time, the threshold for artefact removal used in
the pre-processing stage, or the minimum number of technically adequate recording hours.

6. Conclusion

Using the Phone Oximeter to accomplish portable nocturnal oximetry, we investigated the ability of
symbolic dynamics to discriminate between children with and without moderate-to-severe OSAHS. The
histogram of words from the symbolization process showed significant differences between children with
AHI <5 events/h and moderate-to-severe OSAHS patients. We found that changes in the oximetry
dynamics associated with increased saturation levels and re-saturations after apnoeic events may be
important in the detection of OSAHS. Our results suggest that features from the histogram of symbols
complement oximetry indices commonly focused on the number and severity of desaturations. An
optimum feature subset composed of conventional linear measures in the time domain and novel non-
linear features from symbolic dynamics significantly improved the diagnostic performance of overnight
oximetry. Therefore, automated analysis of portable nocturnal oximetry by means of symbolic dynamics
is able to increase the diagnostic capability of smartphone-based screening tests in order to provide
available, as well as accurate detection of moderate-to-severe OSAHS in children.
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Capitulo 4 Articulos cientificos

4.4. Oximetry use in obstructive sleep apnea
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Resumen

Introduccion. La oximetria nocturna ha sido propuesta como una técnica accesible, sencilla
y eficaz para el diagnéstico del sindrome de apnea obstructiva del suefio (SAOS). Desde la
inspeccion visual al procesado avanzado de sefial de SpO2, muchos estudios han demostrado
la utilidad de la oximetria como herramienta de screening. Sin embargo, todavia hay
controversia con respecto a la aplicacion generalizada de la oximetria como Unica

metodologia de screening de SAHOS.

Areas comprendidas. Actualmente, los dispositivos portatiles de alta resolucion
combinados con aplicaciones basadas en el reconocimiento de patrones son capaces de
alcanzar un alto rendimiento en la deteccion de esta enfermedad. En esta revision, se
analizan estudios recientes relacionados con el analisis automatico de la oximetria mediante
algoritmos de procesado avanzado de sefial y aprendizaje automatico. Se destacan las
ventajas y limitaciones y se proponen nuevas lineas de investigacién orientadas a mejorar

la capacidad de screening de la oximetria.

Comentario del experto. La oximetria es una herramienta coste-efectiva para el screening
de SAHOS en pacientes que muestran alta probabilidad pre-test de la enfermedad. No
obstante, son necesarios todavia andlisis exhaustivos para evaluar profundamente la
monitorizacidn no supervisada de la oximetria como test Unico de diagnostico de la apnea
de suefio, especialmente en poblacion pediatrica y en poblaciones con comorbilidades
importantes. En los proximos afos, las tecnologias de comunicacion y el analisis de big data
superaran las limitaciones de los actuales enfoques simplificados de evaluacion del suefio,

cambiando la deteccion y el manejo del SAHOS.
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Abstract

Introduction. Overnight oximetry has been proposed as an accessible, simple, and reliable
technique for obstructive sleep apnea syndrome (OSAS) diagnosis. From visual inspection to
advanced signal processing, several studies have demonstrated the usefulness of oximetry as a
screening tool. However, there is still controversy regarding the general application of oximetry

as a single screening methodology for OSAS.

Areas covered. Currently, high-resolution portable devices combined with pattern recognition-
based applications are able to achieve high performance in the detection this disease. In this
review, recent studies involving automated analysis of oximetry by means of advanced signal
processing and machine learning algorithms are analyzed. Advantages and limitations are
highlighted and novel research lines aimed at improving the screening ability of oximetry are

proposed.

Expert commentary. Oximetry is a cost-effective tool for OSAS screening in patients showing
high pretest probability for the disease. Nevertheless, exhaustive analyses are still needed to
further assess unattended oximetry monitoring as a single diagnostic test for sleep apnea,
particularly in the pediatric population and in especial groups with significant comorbidities. In

the following years, communication technologies and big data analysis will overcome current
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limitations of simplified sleep testing approaches, changing the detection and management of

OSAS.

Keywords: oximetry, obstructive sleep apnea syndrome, screening, signal processing, pattern

recognition, machine learning
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1. Introduction

Obstructive sleep apnea syndrome (OSAS) is a heterogeneous chronic disease with high
and increasing prevalence that commonly leads to major negative consequences for health [1].
Early diagnosis and treatment is essential to decrease the impact of OSAS in the quality of life of

patients [2].

The demand for diagnostic sleep studies has significantly increased worldwide due to three
major combined factors: (i) the increasing prevalence OSAS around the world [3,4]; the increasing
awareness of patients on the negative consequences of undiagnosed disease [5]; and (iii) efficacy
of therapies [6]. Nocturnal polysomnography (PSG) is the reference diagnostic method for OSAS.
A positive diagnosis is confirmed when an apnea-hypopnea index (AHI) >15 events per hour
(events/h) of sleep is derived from overnight PSG or, alternatively, when an AHI >5 events/h is
obtained in the presence of common symptoms, such as excessive daytime somnolence, non-

restful sleep, daytime fatigue, and/or lack of concentration [7].

Nowadays, OSAS is considered underdiagnosed and undertreated. Unfortunately, this
condition is not expected to change in the near future [8]. Despite being the reference standard
technique, generalized use of PSG is still under discussion due to major limitations. It is a
complex, labor-intensive, and time-consuming procedure, since specialized personnel and
equipment are needed. Limited availability and accessibility to specialized outpatient facilities,
sleep laboratories, and trained sleep physicians notably lead to a substantial delay in diagnosis

and treatment [9].

These drawbacks have led to an increasing search for abbreviated alternative diagnostic
methods. In this regard, two major improvements focus the efforts of the research and medical
community: (i) from a technical point of view, the development of automated and simplified
methods; and (ii) regarding patient-accessibility, the availability of portable devices able to carry
out sleep studies at home. In order to achieve both goals, researchers mainly focused on the
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analysis of a reduced set of sleep-related cardiorespiratory signals, usually from portable type 3
(4 to 7 channels) or type 4 (1 or 2 channels, usually oximetry) devices [10]. In this regard, oximetry

stands out due to its easy acquisition and interpretation.

In the present work, a systematic review of studies using pulse oximetry as a screening test
for both adult and pediatric OSAS has been carried out. Science Direct, Science.gov, and PubMed
were used to explore scientific/technical and biomedical research using “screening oximetry sleep
apnea” as key search-term. Two independent researchers manually reviewed studies published
from 2010 to 2017. Relevant studies outside this interval were included in some areas where
research is notably low, such as assessment of routine oximetry monitoring in clinical practice or
the combination with additional biomedical recordings. Both Abstracts and Conference

Proceedings were discarded.

2. Technical features of oximetry devices

Overnight oximetry has been proposed as a single diagnostic technique for OSAS due to its
high accessibility, reliability, accurateness, portability, and low cost. In regard to blood oxygen
saturation (SpO.) recordings acquired with commercial pulse oximetry devices, it is important to
take into account sampling frequency, time averaging, and resolution [11]. Box 1 summarizes the
main utilities and technical features of pulse oximetry devices. Concerning the sampling
frequency, minimum requirements are different for in-laboratory and portable devices. A
sampling frequency of 25 samples per second (Hz) is recommended by the American Academy
of Sleep Medicine (AASM) for in-hospital PSG in order to perform artifact rejection (minimum
10 samples per second) [12]. However, common portable pulse oximeters just record one sample
every second due to memory constrains [13]. Amplitude resolution is also an important feature.
Oximetry is characterized by slow changes in SpO- signal. Nevertheless, some authors reported
that both the sampling frequency and the amplitude resolution greatly influence the measures and,
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therefore, the detection of desaturations [14,15]. Currently, high-resolution oximeters (0.1%
resolution) are recommended to suitably characterize oximetry dynamics. Similarly, averaging
time has been found to play a major role in the shape of the SpO. profile. Longer averaging times
decrease the influence of motion artefacts. On the other hand, increasing the averaging window
length leads to an underestimation of the number and severity of desaturations [16], which can be
particularly relevant in some settings, such as neonatal and intensive care units [17] or at high
altitude [18]. The averaging time is not standardized in available pulse oximeters [16].

Nevertheless, the AASM recommends a maximum averaging window length of 3 seconds [19].

3. Analysis of overnight oximetry as a diagnostic tool for OSAS
3.1. Visual inspection and conventional indexes

Overnight oximetry has been used as a screening test for OSAS for more than three decades.
Diagnostic assessment reported in the literature is characterized by a significant variability, with

sensitivity ranging from 31% to 98% and specificity ranging from 41 to 100% [20].

Visual analysis of the overnight SpO> profile and quantification of conventional oximetric
indexes based on the number and depth of desaturations have been predominantly used. Visual
inspection of SpO: searches for the common “saw tooth” pattern linked with consecutive
desaturations, which is indicative of the presence of OSAS. Examination of nocturnal SpO>
tracings is still widely used and it has been recently proposed to detect OSAS in specific patients
and medical circumstances, such as children [21,22] and patients with concomitant chronic
obstructive pulmonary disease (COPD) [23]. The identification of this pattern is very useful for
quick screening of the most severe cases, since it achieves a low false positive rate for severe
OSAS. However, this technique is highly subjective and it is a time-consuming task even for
trained physicians. Therefore, a thorough analysis is needed to be able to discern among non-

OSAS, mild, and moderate cases.
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Both manual and computer-assisted quantification of the time, number, and severity of
desaturations increased the capability of pulse oximetry to assist in the detection of OSAS.
Automated algorithms have been used to estimate averages, trends, and drops characteristic of
pathological patients. The most widely used measure is the oxygen desaturation index (ODI) of
2% (ODI2), 3% (ODI3), and 4% (ODI4), as well as the percentage of cumulative time (CT) from

the whole recording with a saturation below a predetermined threshold, usually 90% (CT90).

3.2. Advanced signal processing and automated pattern recognition

In the context of automated signal processing and pattern recognition, the following stages

are essential to compose and optimize a high-performance as well as generalizable model [24]:

e Feature extraction, in order to obtain as much information as possible from the signal.

e Feature selection, aimed at removing redundant information and maximizing
complementarity of relevant data.

e Pattern recognition, in order to design and optimize a classifier aimed at assisting in the

detection of OSAS.

Figure 1 shows common stages in automated signal processing of oximetry. Additionally,
usual outputs of pattern recognition techniques in the context of OSAS detection are listed in Box

2.

In recent years, several studies have been carried out focusing on automated signal
processing of oximetry in the framework of OSAS diagnosis. In this regard, features from both
time and frequency domains provided essential information on the dynamics of oximetry [25].
Morphological features [26] and statistics from the data histogram [25] have been found to be

very useful. Similarly, due to the repetitive behavior of apneic/hypopneic events, oximetric
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recordings of positive-OSAS patients show a significant power increase in certain frequency

bands [15,25,27,28].

A major contribution in the context of OSAS diagnosis from oximetry was the use of
nonlinear methods to characterize changes in the dynamics of overnight SpO. recordings due to
apneic events. In this regard, entropy, central tendency measure, and Lempel-Ziv complexity
have been used to quantify irregularity, variability, and complexity of the oximetry signal,
respectively [15,25,29]. Entropy is commonly used to characterize the dynamics of complex
biological systems, so that the higher the entropy the higher the irregularity. In the framework of
oximetry and OSAS, there is a close relation between entropy, ODI3, and the AHI [25,29,30]. It
is important to point out that different metrics have been proposed to estimate entropy. In a recent
study, Marcos et al. [31] carried out a comparative assessment of approximate entropy (ApEn),
sample entropy (SampEn), and kernel entropy (KernEn) in the context of adult OSAS diagnosis.
They reported that KernEn reached the highest diagnostic performance, although significantly
higher computational time is required. Similarly, multiscale entropy (MSE) has recently been
found to be relevant and complementary to assist in pediatric OSAS diagnosis using unattended

oximetry at home [32].

The central tendency measure (CTM) is a nonlinear measure of variability, so that the lower
the CTM the higher the variability of the signal. Different studies reported significantly decreased
CTM values, i.e., higher variability, in SpO2 recordings from OSAS patients due to the recurrent
desaturations, both in adults [29] and in children [15,24]. Similarly, the Lempel & Ziv complexity
(LZC) is a nonlinear measure of complexity linked with the number of new patterns and their
repetition along the signal. Increased LZC is related to the presence of more new patterns, i.e.,
higher complexity. In the context of OSAS, high LZC is linked with higher complexity in the

SpO: signal of OSAS patients due to the common desaturations [25].
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In the context of advanced signal processing, Schlottahuer et al. [33] assessed the usefulness
of empirical mode decomposition (EMD) in order to characterize overnight oximetry in OSAS
patients. EMD decomposes a time series into different components called intrinsic mode
functions, which are modulated in amplitude and frequency to gather all the relevant information
present in the signal. Using this technique, the authors estimated the ODI from intrinsic mode

functions, reaching a high and balanced sensitivity-specificity pair (83.8%yvs. 85.5%).

In the last decade, application of computers and novel technologies in the field of medicine
and healthcare increased exponentially. Particularly, computer-aided diagnosis and predictive
models have significantly increased the diagnostic ability of oximetry in the context of OSAS.
Several pattern recognition techniques have been proposed in the literature. The research in the
context of OSAS mainly focuses on binary classification in order to detect the presence or absence
of the disease. Similarly, some researchers apply multiclass techniques to classify each patient
into one of the common OSAS severity groups, namely non-OSAS, mild, moderate, and severe.
On the other hand, in spite of a better characterization of the severity of the disease, few studies

have been conducted that were aimed at estimating the AHI by means of regression approaches.

4. Automated classification of oximetric patterns
4.1. Binary and multiclass approaches

Regarding conventional statistical classifiers, linear discriminant analysis (LDA) and
logistic regression (LR) have been widely applied in the context of OSAS diagnosis from
oximetry, whereas quadratic discriminant analysis (QDA) has been marginally used [24]. On the
other hand, high-performance techniques such as artificial neural networks (ANNS) are reliable
alternatives. ANNs allow researchers to analyze nonlinear relationships commonly present in
biological systems. They are mathematical models inspired in the information processing

capabilities of human neurons (parallel processing, distributed memory/storage, and
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environmental flexibility) and they have been widely applied in the context of OSAS. There is not
a predetermined network architecture known to be a priori the best for any problem under study.
Nevertheless, the multilayer perceptron (MLP) is probably the most widely used approach due to

its simplicity as well as high performance [24].

Table 1 summarizes the main characteristics of studies using pattern recognition techniques
for classification of suspected OSAS patients. In the study by Almazaydeh et al. [34], a MLP
ANN was proposed to perform binary classification of OSAS patients from overnight oximetry
recordings. The network was fed with the conventional ODI3 and the delta index, as well as a
nonlinear measure of variability by means of the CTM. The Authors reported 87.5% sensitivity,
100% specificity, and 93.3% accuracy in a validation set from PhysioNet, a publicly available and

widely used dataset.

Morillo et al. [35] optimized a probabilistic ANN (PNN) fed with time-domain indices
(desaturations and resaturations >3% and 4%), frequency-domain features (power spectral
density, PSD), stochastic (CTs in standardized saturation intervals), and nonlinear measures
(Poincaré plots). Binary classification was performed, considering AHI >10 as positive OSAS.
The authors reported notably high diagnostic accuracy (93.91%) with balanced sensitivity

(92.42%) and specificity (95.92%).

An alternative pattern recognition approach also used to detect OSAS from oximetry are
support vector machines (SVMs). SVMs are high-performance classifiers able to reach high
generalization both in classification and regression problems [24]. In this regard, Alvarez et al.
[29] compared the diagnostic performance obtained with SVM, LDA, and LR in this context.
Feature selection techniques were applied to a wide initial set of statistics in the time and
frequency domains, conventional spectral features, and nonlinear measures in order to obtain an
optimum feature subset from oximetry. SVM reached the maximum diagnostic performance

(84.2% accuracy) in the first independent test set and maintained the accurateness (84.5%
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accuracy) in a second test set. LR reached the maximum performance though accuracy notably

varied between validation sets (83.2% vs. 88.7).

Recently, Hang et al. [36] used a SVM-based classifier to assess the usefulness of oximetry
as screening test for adult OSAS. Conventional ODI2 and ODI4 were used to parameterize
oximetry. A 4-class SVM classifier reached 71.27% overall accuracy for the prediction of OSAS
severity (no-OSAS, mild, moderate, and severe) in a dataset composed of 616 patients. Regarding
binary classification, a SVM reached 90.42% accuracy and 0.954 area under the ROC curve
(AUC) in the detection of severe OSAS (AHI >30 events/h), whereas 87.33% accuracy and 0.921
AUC were reached for moderate-to-severe OSAS (AHI >15 events/h). Adding clinical variables
to ODls, such as body mass index (BMI), neck circumference (NC) or Epworth sleepiness scale
(ESS), did not lead to a significant performance increase. Individually, single ODI4 reached

similar accuracy than SVM classifiers but lower AUC.

Huang et al. [37], assessed decision trees (DTs), MLP ANNSs, learning vector quantization
(LVQ), and adaptive network-based fuzzy inference systems (ANFIS), as automated methods for
OSAS screening using ODI4. The proposed DT reached 94.67% accuracy (98.67% sensitivity
and 90.67 specificity), outperforming MLP (90.67% accuracy), ANFIS (88.33% accuracy), and

LVQ (80.00% accuracy).

4.2. Estimation of the AHI using oximetry

There are few studies aimed at estimating the actual PSG-based AHI using oximetric data.
Nevertheless, this is an important goal since clinicians directly use the AHI as marker of the
severity degree as well as to manage treatment in their daily practice. Furthermore, describing
OSAS severity by means of AHI is needed in Medicare and Medicaid services both for diagnosis
and for reimbursement [38]. ODIs can be directly used as a substitute of the AHI in order to

estimate the number of respiratory events during the night. However, it is widely known that ODIs
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underestimate the severity of OSAS notably. Conversely, regression models can be used to
properly estimate the AHI. In this regard, it is widely known that the duration of desaturations
does not correlate well with the actual duration of respiratory events. However, studies aimed at
estimating the AHI using oximetry alone do not focus on the detection and quantification of every
single respiratory event. Machine learning algorithms, such as artificial neural networks, support
vector machines, or regression trees, process input variables derived from the whole overnight
oximetry profile (desaturation indexes, overall statistics, spectral, and nonlinear measures) to
optimize a model able to provide an accurate estimate of the actual AHI. Table 2 summarizes the

main characteristics of studies focused on AHI estimation from oximetry.

Marcos et al. [39] carried out a study aimed at estimating the AHI using a MLP ANN fed
with spectral and nonlinear features from attended in-lab oximetry. A total of 240 patients
showing suspicion of OSAS were involved in the study. The proposed network reached an intra-
class correlation coefficient (ICC) of 0.91. Furthermore, using a cut-off of 15 events/h for
moderate-to-severe OSAS, the authors reported 94.87% sensitivity, 90.91% specificity, and

93.1% accuracy.

In the study by Ebben & Krieger [40] a regression model for AHI estimation based on ODI4
was developed. Four different approaches were assessed: Linear, multivariate adaptive splines,
segmented, and quadratic regression. The highest performance was obtained by means of
quadratic regression, reaching an ICC of 0.88 (0.87-0.90). Regarding binary classification,
accuracies ranged from 91% to 95% using the common cut-offs for positive OSAS. Similarly, in
a recent study by Jung et al. [26], the AHI was estimated by means of nonlinear Hill regression
using oximetry data. Firstly, a rough estimation of respiratory events was made using
morphological information from the overnight oximetric profile (depth and duration of
desaturations). Then, a Hill regression model was optimized using the number of apneic events

per hour of recording as dependent variable. ICC of 0.99 and mean absolute error of 2.30 events/h
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were obtained. An average diagnostic accuracy of 96.7% was reached using the common cut-offs

for the disease.

4.3. Oximetry and ensemble learning

In order to improve the diagnostic performance, some authors recently focused on the
combination of several classifiers, the so-called ensemble learning. Table 3 summarizes the main
characteristics of studies using ensemble learning techniques to assist in OSAS diagnosis using

oximetry.

Sanchez-Morillo et al. [41] optimized an ensemble of classifiers composed of decision trees
(DTs), SVMs, and PNNs fed with statistical, spectral, and nonlinear features from oximetry. The
classifier was aimed at categorizing patients into the four common severity groups (no-SASH,
mild, moderate, and severe). A population composed of 115 patients with high pre-test probability
of suffering from OSAS were analyzed. Diagnostic accuracy of 86.0% and 0.8 agreement were

reported using leave-one-out cross-validation.

Hang et al. [42] also assessed an ensemble of binary SVMs in the context of OSAS detection
from oximetry. In addition, feature selection by means of genetic algorithms (GAs) was used in
order to obtain the most predictive features and to optimize the parameters of the ensemble. An
ensemble composed of 10 SVM binary classifiers achieved the highest accuracy (90.37 + 0.71%)

for severe OSAS, slightly outperforming the accuracy reached by single SVMs.

Similalry, Xie et al. [43] optimized an automated classifier based on data from oximetry and
ECG in order to detect apneic events in real time. A total of 111 features from ECG both in the
time and in the frequency domains, as well as 39 oximetric features including conventional
oximetric indexes, statistics and nonlinear measures, were used. The authors reported a maximum

accuracy of 86.6% using an ensemble of decision trees. However, sensitivity and specificity were
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notably unbalanced. Lower imbalance was achieved using a classifier composed of 3 experts with
subsequent majority voting. Nevertheless, overall accuracy was slightly lower and computational

time increased significantly.

5. Oximetry-based applications for simplified detection and management of OSAS
5.1. Portable oximetry in OSAS patients with comorbidities and special risk groups

In order to expedite diagnosis, researchers have assessed several screening approaches for
OSAS based on portable monitoring. However, there is a lack of studies evaluating the
effectiveness of unattended oximetry at patient’s home in the presence of comorbidities. Some
works have been carried out, particularly in stroke patients [44] and patients with heart failure
[45] or arterial hypertension [46]; in the presence of morbid obesity [47] or chronic obstructive
pulmonary disease (COPD) [23,48]; in patients remitted for surgery [49]; or in frail hospitalized
elderly patients [50]. Table 4 summarizes the main characteristics of studies using oximetry to

assist in OSAS diagnosis in patients with comorbidities.

OSAS is a common sleep-related breathing disorder in stroke patients, which is linked with
decreased recovery as well as increased risk of mortality [44]. In this regard, Aaronson et al. [44]
assessed the diagnostic accuracy of oximetry to detect OSAS in patients in stroke rehabilitation.
An ODI4 >15 events/h reached 77% sensitivity and 100% specificity in the prediction of an AHI
>15 events/h. The authors reported that nocturnal oximetry alone is able to accurately diagnose

moderate-to-severe OSAS in stroke patients.

In the study carried out by Ward et al. [45], conventional ODI3 from unattended portable
monitoring was used for screening for OSAS in patients with heart failure. The authors
individually assessed the diagnostic performance of the ODI3 from oximetry and the percent very
low frequency increment (%VLFI) from HRV. It is noteworthy that HRV time series were

measurable only in 45% of patients, while oximetry was valid in 99% of the population under
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study. An ODI3 >7.5 desaturations/h achieved high sensitivity (97%) and negative predictive
value (94%) to rule out the disease, although specificity (32%) and positive predictive value (53%)
were poor. Overall, the diagnostic performance of ODI3 was high (0.92 AUC; 93% sensitivity
and 73% specificity for a cut-off of >12.5). On the other hand, the diagnostic accuracy of %VLFI
was extremely poor (0.50 AUC), achieving 58% sensitivity and 48% specificity for a cut-off of

>2.23.

Regarding arterial hypertension, the European Respiratory Society recommends screening
for OSAS in hypertensive patients showing symptoms of sleep disorders [51]. In this way,
Maricoto et al. [46] recently assess nocturnal oximetry in patients with uncontrolled hypertension.
Rigorous criteria based on ODIs from oximetry were used to confirm (with 100% sensitivity) or
discard (with 100% specificity) the disease in a sample of hypertensive patients. Then, ambulatory
blood pressure monitoring was used to evaluate blood pressure control. The authors concluded
that nocturnal portable pulse oximetry might be a good screening test for OSAS in patients with

uncontrolled hypertension.

Malbois et al. [47] used oximetry alone as abbreviated screening test for OSAS in morbid
obese patients before bariatric surgery. Focusing on severe OSAS patients (AHI >30 events/h),
the authors reported 100% sensitivity and 93% specificity using the conventional ODI3 obtained
via unsupervised polygraphy at home (type Il portable monitoring). Similarly, Chung et al. [49]
assessed ODI4 from portable pulse oximetry as predictor of the AHI in surgical patients. A total
of 475 patients were involved in the study, showing an average BMI of 31 + 7 kg/m?. An ODI4
>5, 15, and 30 reached AUC of 0.908, 0.931, and 0.958 in the prediction of mild, moderate-to-
severe, and severe OSAS, respectively. The authors concluded that high-resolution oximetry is a
sensitive as well as specific tool to detect OSAS in patients referred for surgery. Nevertheless,

obesity [47] and overweight [49] might influence the results in both studies.
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Overnight oximetry has been also assessed as screening test for OSAS in the elderly. In the
study by Maziere et al. [50], an automated variability index was derived from the nocturnal
oximetric profile of 58 hospitalized patients older than 75 years old. An index greater than 0.51
reached perfect sensitivity (100%) for moderate-to-severe OSAS, whereas specificity was
significantly lower (18.8%). Conventional ODI3 and ODI4 were more specific but less sensitive

than the proposed variability index.

Scott et al. [23] carried out a retrospective study to test the usefulness of oximetry in patients
with COPD. An earlobe portable pulse oximeter was assessed in the hospital to determine the
presence or absence of OSAS (actual AHI >15 events/h) in 59 COPD patients. The study was
aimed at developing general criteria for visual interpretation of the oximetric profile by non-expert
personnel. Visual inspection of oximetry reached a sensitivity of 59% and a specificity of 60%,
whereas the performance slightly increased up to 60% sensitivity and 63% specificity using the
automated ODI4. The authors concluded that oximetry provided modest diagnostic performance

in identifying moderate-to-severe OSAS in patients with moderate-to-severe COPD.

Similarly, Andrés et al. [48] recently assessed the effectiveness of oximetry as diagnostic
tool for OSAS in the presence of COPD. The authors characterized overnight oximetry by means
of statistical, spectral, and nonlinear measures, which fed a regression MLP ANN aimed at
estimating the AHI. The proposed methodology was assessed both at home and in the laboratory
and two independent validation datasets were analyzed: (i) COPD and (ii) non-COPD. The
oximetry-based ANN reached similar ICC values between the estimated and actual AHI for the
non-COPD and the COPD groups both in the hospital (0.937 vs. 0.936) and at home (0.731 vs.
0.788). Notably high diagnostic performance was reached in both settings, particularly for severe
OSAS: 0.97 vs. 0.98 AUC in the hospital and 0.87 vs. 0.86 at home for non-COPD and COPD
patients, respectively. The Authors concluded that oximetry could be used as a simplified

screening test for moderate-to-severe OSAS regardless the presence of COPD.
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5.2. Oximetry in clinical practice

Despite its theoretical usefulness as abbreviated screening test particularly for severe
patients, few studies assess oximetry in clinical practice. In this regard, Epton et al. [52] recently
found that general practitioners skilled in the diagnosis and management of sleep disordered
breathing were able to improve the accuracy of referrals for subsequent specialized assessment
and potential treatment. Studies assessing oximetry-based approaches to assist in OSAS diagnosis

in clinical practice are summarized in Table 5.

Chai-Coetzer et al. [11] assessed an abbreviated two-stage screening test in a population
attending primary care for any reason. Firstly, sleep questionnaires were used as screening stage
for moderate-to-severe OSAS. Then, the ApneaLink was used to monitor oximetry and airflow at
home in order to derive ODI3 and estimate the AHI. At-home PSG was used as reference standard.
The two-stage model reached an overall diagnostic accuracy of 83%, as well as notably high NPV
(96%) but poor PPV (56%). The screening ability of ODI3 from oximetry alone was higher than
the AHI estimated using both oximetry and airflow. The authors concluded that the proposed
protocol could potentially offer a cost-effective tool to manage OSAS and expedite diagnosis
particularly in rural and remote regions. In a recent study, Chai-Coetzer et al. [53] analyzed the
influence of abbreviated sleep studies on physician decision making and patient outcomes.
Particularly, the authors compared scores from sleep-related questionnaires, CPAP compliance,
and physician diagnostic confidence in patients referred to standard PSG versus patients referred
to cardiorespiratory polygraphy and pulse oximetry. No statistically significant differences were
found in patient outcomes when cardiorespiratory polygraphy was carried out. On the other hand,
major evidences were obtained regarding potential diminished outcomes from patients using pulse
oximetry. Less improvement in Epworth sleepiness scale, sleep apnea symptoms questionnaire,

and CPAP use were reported, as well as lower physician diagnostic confidence.

ERRM-16



Antic et al. [54] carried out a randomized study in tertiary centers aimed at assessing a
simplified management protocol of continuous positive airway pressure (CPAP) treatment at
patient’s home. Patients showing high probability of moderate-to-severe OSAS according to at-
home overnight oximetry and reported symptoms (ODI12 >27 events/h, snoring, and ESS >8) were
randomly assigned to 2 models of care: 1) a simplified nurse-led model using at-home auto-
adjusting CPAP; 2) a physician-lead model involving conventional PSG both to diagnose and to
set the therapy optimal pressure of the device. The simplified nurse-led model showed non-
inferior results compared to the conventional model while being less expensive. Similarly, Sharma
et al. [55] assessed a simplified model in hospitalized obese patients at a tertiary academic center
in order to expedite early treatment and assess survival in relation to adherence. In this study, an
ODI4 >5 desaturations/h predicted mild-to-severe OSAS with an AUC of 0.83, showing notably
higher sensitivity (89%) than specificity (48%). Their results suggested that oximetry is a useful

screening method to detect undiagnosed sleep disordered breathing in hospitalized obese patients.

5.3. Comparative studies

There are few studies comparing oximetry-based approaches with other simplified methods
aimed at assisting in OSAS diagnosis. Recent approaches are summarized in Table 6. Rofail et al.
[56] compared airflow from nasal cannula with oximetry, both recorded at patient’s home during
3 consecutive nights. In-hospital PSG was the gold standard. The authors found that no significant
differences exist between both simplified approaches in terms of diagnostic performance and that
no improvement is obtained using both recordings jointly. On the other hand, it is noteworthy that
a 3-night testing at home reached higher diagnostic accuracy than one night alone. In a study
carried out by Ting et al. [57], a comparison among oximetry, airflow, and pulse rate variability
signals simultaneously recorded was developed involving Taiwanese male drivers. Oximetry

reached the best screening ability, particularly when actigraphy was used to estimate the total
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sleep time. Similarly, Shih et al. [58] used overnight high-resolution oximetry as marker of OSAS

in order to assess long-term cardiovascular risk in drivers.

Dawson et al. [59] developed a comparative study between ApneaLink and conventional
oximetry alone using in-hospital PSG as gold standard. A small population was recruited and
recordings showed several artifacts and signal loss. Similar AUC values were reached using ODI4
from oximetry (0.827) and ApneaL.ink (0.840). Therefore, the authors concluded that airflow from
ApneaLink did not provide significant further information to oximetry in the context of adult

OSAS.

5.4. Combination with complementary biomedical signals

Data derived from nocturnal SpO. recordings and additional sleep-related signals have been

jointly analyzed in order to improve diagnostic performance. Table 7 shows recent studies.

Barak-Shinar et al. [60] used SpO- and photoplethismography (PPG) signals derived from
in-hospital PSG in order to estimate the AHI. Sensitivity and specificity were both higher than
90% in the detection of mild and moderate-to-severe OSAS. Similarly, Yadollahi et al. [61]
combined oximetry and tracheal sounds in order to detect individual apnea and hypopnea events
and subsequently obtain an estimation of the AHI. Both signals were recorded during in-hospital
PSG, which was considered the gold standard. The authors reported 84.6% sensitivity and 96.0%

specificity for moderate-to-severe OSAS.

Recently, Li et al. [62] carried out a study aimed at assessing PPG from oximetry in OSAS
diagnosis. The authors recorded the PPG signal of 49 patients in a hospital setting using portable
monitoring simultaneously to PSG. Amplitude changes in the PPG signal were used to obtain the
PPG-derived respiration waveform. Apneic events were quantified when changes in the PPG-

based respiration were linked with oxygen desaturations. A respiratory events index was
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quantified accordingly. The proposed index reached higher correlation with actual AHI from PSG,
achieving 89.7% sensitivity and 90.0% specificity in the prediction of moderate OSAS. Lower

performance and unbalanced sensitivity and specificity were reached for mild and severe cases.

Oximetric variables have been combined with cardiac information derived from the ECG
[43,63,64]. Alternatively, pulse rate from peripheral PPG has been used mainly in children due to
its lower intrusiveness [15]. Regarding adult OSAS, Henegan et al. [63] developed a prospective
study (59 adult patients) combining ECG and oximetry (Holter-oximeter). Both signals were
recorded in the hospital simultaneously to standard PSG. An AHI was automatically computed
and compared with manual AHI from PSG, achieving 95.8% sensitivity and 100% specificity
(LR+ >20) for mild OSAS. Automated and manual AHIs were significantly correlated. As
previously discussed, Xie et al. [43] reported 86.6% accuracy using features from oximetry and

ECG by means of ensemble learning methods.

Oximetry has been marginally used to detect the presence of central respiratory events. To
achieve this goal, Abedi et al. [65] proposed to parameterize oximetry and thoracic effort by
means of time-domain, frequency-domain, and nonlinear features. Genetic algorithms (GAs) were
applied for feature selection while a SVM was used for classification. The authors reported 96.0%
accuracy in a patient-oriented classification (normal vs. OSAS), while 87.8% accuracy was
reached in the detection of obstructive and central apneas. The performance discerning between
obstructive and central episodes increased using oximetry or respiratory effort individually

(accuracy >90%) but unbalanced sensitivity and specificity was obtained.

5.5. Oximetry as screening tool for pediatric OSAS

As in the case of adult patients, in-hospital PSG is also the gold standard method for a
definitive diagnosis of OSAS in children. However, limitations regarding accessibility and

intrusiveness of PSG are even more significant in pediatric patients [66]. In this regard, recent
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reports of major sleep/respiratory international societies [66,67] highlight the need for further
research on screening tests for the disease, as well as the development of simplified tools able to
increase accessibility to diagnostic resources. Standard PSG will be limited to complex cases were
simplified techniques do not provide sufficiently high certainty or when conventional complex
techniques are needed to set the treatment modality, e.g., non-invasive ventilation vs. surgery. In
this context, oximetry has been also proposed as an appropriate technique due to its simplicity and

readiness.

Overall, the amount of research on the usefulness of oximetry to assist in pediatric OSAS
diagnosis is limited compared with adult OSAS. Conventional indexes such as ODIs have been
predominantly assessed while the application of advanced signal processing and pattern
recognition techniques increased during the last years. Studies assessing oximetry-based

approaches to assist in pediatric OSAS diagnosis are summarized in Tables 8 and 9.

Velasco-Suarez et al. [68] reported that the presence of two or more clusters of desaturations
>4% from baseline as well as desaturation events below 90% predicted childhood OSAS with
86.6% sensitivity and 98.9% specificity by visual inspection of nocturnal oximetric profiles. The
authors concluded that visual analysis of oximetry is a simple and useful technique in the
diagnosis and management of children showing clinical suspicion of OSAS secondary to
adenotonsillar hypertrophy. Similarly, Van Eyck et al. [22] and Villa et al. [69] assessed the
diagnostic performance of clusters of desaturations in the context of childhood OSAS. In [22],
diagnostic accuracies ranging 68-78% were obtained using a cut-off point of 2 events/h for
positive OSAS. In order to improve performance, Villa et al. [69] combined clusters of
desaturations and clinical history, achieving 85.8% and 69.4% accuracies for cut-offs of 1 and 5

events/h, respectively.

The combination of children’s symptoms with ODI also focused the interest of researchers

in order to design a high-performance screening methodology for OSAS. Chang et al [70]
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analyzed a population composed of 141 children in 2013. They found that increased ODI,
witnessed apneas, mouth breathing, and restless sleep were correlated with AHI. The authors
proposed an interesting scoring in order to manage the disease. Firstly, when apneas are observed,
PSG is directly proposed to obtain definitive diagnosis and treatment. When no apneas are
observed, mouth breathing (+1 point), restless sleep (+1 point) and oximetry (1<ODI<3: +1 point;
ODI >3: +2 points) are considered: (i) children with a score <1 are considered normal although
should be monitored; (i) children with a score equal to 2 are derived to PSG; (iii) children with a
score >3 are considered OSAS-positive and referred to a specialist. Using this protocol, 84%

positive predictive value was achieved.

Tsai et al. [71] also assessed conventional ODI as predictor of childhood OSAS. They
retrospectively analyzed 146 habitually snoring children with suspicion of suffering from the
disease. ODI4 significantly correlated with AHI (0.886; p <0.001). The best cut-off point for
detecting at least mild OSAS (AHI >1) was ODI4 >2.05 desaturations/h, which provided a

significant screening ability for rule in the disease (98.1% PPV).

Recently, Jing-Ru et al. [72] assessed a pulse oximetry watch (POW) for diagnosing
pediatric OSAS. A population composed of 32 children referred due to snoring were selected.
PSG and portable oximetry were carried our simultaneously in the hospital. No significant
differences between ODI4 from PSG and ODI4 from POW were found. For common cut-offs for
mild (AHI >1), moderate (AHI >5), and severe (AHI >10) pediatric OSAS, ODI4 from portable
oximetry showed poor performance, achieving AUC <0.80 and sensitivities below 65%. The best
diagnostic ability was reached using a notably high cut-off of 20 events/h, obtaining 83.33%

sensitivity, 92.31% specificity, and 0.929 AUC.

In order to increase accessibility and availability of diagnostic tools in pediatric OSAS,
Garde et al. [15] developed the Phone Oximeter, which is a portable device integrating a pulse

oximeter with a smartphone. The Phone Oximeter is able to record both oximetry and pulse rate
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derived from the photoplethismographic wave. The authors recruited a population composed of
146 children in order to assess its effectiveness for moderate-to-severe OSAS diagnosis (AHI >5
events/h). Using the Phone Oximeter in the hospital, the variability of SpO, and the signal power
at low frequencies were significantly higher (p <0.01) in children showing OSAS. In addition, the
analysis of PRV showed a significant increase of sympathetic activity due to intermittent hypoxia
in OSAS-positive children. Using oximetry alone, a linear discriminant model achieved balanced
sensitivity and specificity (88.4% vs. 83.6%, respectively) as well as notably high negative
predictive value (92.6%) and 0.82 AUC. Furthermore, the authors found that combining
information from SpO> and PRV, the model reached higher diagnostic ability (0.88 AUC). Cohen
& De Chazal [73] also combined oximetry and information from heart rate. They analyzed
unattended portable recordings of 288 children in order to detect and quantify individual apneic
events. The authors reported 74.7% diagnostic accuracy in an event-based classification using
time and frequency features from the ECG signal. The accuracy decreased up to 66.7% when

oximetric features from the time domain were included in the model.

Last year, our own group carried out a study aimed at assessing automated analysis of at-
home unattended oximetry in the context of childhood OSAS [28]. In this research, 50 children
with high pre-test probability of OSAS underwent nocturnal respiratory polygraphy (RP) at home,
whereas conventional in-hospital PSG was used as gold standard. Statistical, spectral, and
nonlinear features were computed from oximetric recordings derived from unattended RP. A
logistic regression model was optimized by means of GAs. Diagnostic accuracies of 85.5%
(0.97AUC), 83.4% (0.96 AUC), and 82.8% (0.97 AUC) were reached using AHI >1, 3, and 5
events/h as cut-offs for positive OSAS. The optimum LR model significantly outperformed
manual AHI from RP for a cut-off of 1 event/h, whereas similar diagnostic performance was
reached using the remaining cut-offs. Additionally, conventional ODI3 was significantly
outperformed regardless the cut-off for pediatric OSAS. Gutiérrez-Tobal et al. [74] analyzed the

same dataset in a previous study, where ODI3 was combined with spectral features from airflow,
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both obtained during unattended RP at home. A LR model achieved 86.3% accuracy (0.947 AUC)

using a cut-off of 3 events/h, significantly improving ODI3 and airflow alone.

Recently, Crespo et al. [32] investigated the dynamics of unsupervised oximetry in order to
build high-performance predictors of pediatric OSAS. In this regard, MSE was used to
characterize nonlinear patters present in the oximetric profile caused by apneic events. A LR
model composed of both entropy-based features and conventional oximetric indices automatically

selected reached 83.5% accuracy (0.86 AUC).

Regarding the usefulness of novel signal processing techniques and their capability to
provide complementary information to traditional approaches, a recent study carried out by
Vaquerizo-Villar et al. [75] assessed bispectrum as an alternative to conventional PSD.
Bispectrum is able to detect deviations from linearity, stationarity, and gaussianity, commonly
present in biomedical signals. A multiclass MLP ANN fed with bispectral, PSD-derived, ODI3,
and anthropometric variables reached high accuracies in the detection of moderate-to-severe (AHI

>5 events/h: 81.3% accuracy) and severe (AHI >10 events/h: 85.3% accuracy) childhood OSAS.

In 2017, a multicenter international study leaded by our group and the University of Chicago
prospectively analyzed the usefulness of oximetry as abbreviated screening test for pediatric
OSAS [76]. A total of 13 pediatric sleep laboratories were involved worldwide and 4,191
habitually snoring children were recruited. To our knowledge, this is the largest sample analyzed
in this context. Oximetry was derived from in-hospital PSG and subsequently analyzed by means
of a regression MLP ANN aimed at estimating the AHI. It is important to highlight that most
studies focuses on binary classification of children as having pediatric OSAS or not. On the
contrary, this study provides an estimation of the AHI just using overnight oximetry. In addition,
only two oximetric variables feed the ANN, ODI3 and the third-order moment in the frequency
domain, thus becoming a really simple as well as accurate approach. High agreement with actual

AHI from PSG was reported (0.785 ICC). The assessment of common AHI-based cutoffs revealed
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an incremental diagnostic ability: 75.2% (0.788 AUC), 81.7% (0.854 AUC), and 90.2% (0.913

AUC) accuracy was reached for AHI >1, 5, and 10 events/h, respectively.

5.6. Oximetry portable monitoring by means of smartphones

In order to increase accessibility to diagnosis, some authors have proposed to use
smartphones. Nowadays, smartphones integer several sensors able to record, store, and even
analyze different biomedical signals, such as snoring or movements. Moreover, medical
accessories have been developed to be connected to the smartphone via common integrated ports
in order to acquired additional signals, such as ECG and oximetry. In this regard, Behar et al. [77]
developed an application to screen for OSAS using a smartphone. The authors stated that snoring
sounds (audio) and movements (actigraphy) could be recorded using built-in sensors, whereas
oximetry may be potentially obtained using a portable commercial oximeter connected to the
smartphone via Bluetooth. However, in this study, audio, actigraphy and photoplethysmography
were recorded by means of polygraphy carried out at home. Multiscale entropy was used to
parameterize audio and actigraphy, whereas the PPG signal was used to compute the ODI. In
addition, clinical variables (BMI, age, neck size, and gender) were used. The App used a SVM-
based classifier to screen for the disease, achieving 92.3% accuracy in the detection of moderate-

to-severe OSAS versus being healthy or habitually snorer (mild OSAS patients were excluded).

The use of smartphones is also interesting in the context of pediatric OSAS in order to
minimize the intrusiveness of conventional techniques for children. In this regard, the Phone
Oximeter developed by Garde et al. [15] is able to obtain oximetric and pulse rate features from
overnight recordings using a smartphone. The authors developed an application integrating a
signal processing model that reached higher diagnostic ability in the detection of childhood OSAS.
Nevertheless, recordings were obtained in the laboratory. Therefore, further validation of the
whole system is needed at home.
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6. Expert commentary

OSAS is a very prevalent illness showing a heterogeneous symptom presentation, which
ranges from low clinical suspicion to evident limitations in the quality of life. The main reasons
for this variability relate to its potential association with major concomitant diseases, which
include diabetes and a variety of cardiovascular pathologies. Current treatment modalities for
OSAS have shown to be able to diminish most of the negative consequences of the disease.
However, there is an important bottleneck concerning the availability and accessibility to
diagnostic resources. In this context, the usefulness of pulse oximetry as a simplified test for
OSAS arises. Significant scientific evidences have been reported concerning the high screening
ability of oximetry, particularly when it is used with specific patient profiles [78].

Notwithstanding this consideration, well-known limitations exist, which merit further research.

Most of the studies evaluating the utility of pulse oximetry have been conducted involving
subjects with moderate-to-high suspicion of OSAS. Consequently, its usefulness has to be
assessed in more detail in mild cases. In addition, the high variability in the diagnostic
performance of oximetry reported in these studies seems to corroborate the need for more specific
research. In this sense, research lines such as those focused on the night-to-night variability, the
influence of unattended signal acquisition on cost-effectiveness of OSAS diagnosis or the

technical features of the recording devices should be addressed.

Regarding ambulatory sleep studies, single-channel approaches for sleep apnea detection
mainly focus on the simplification of the diagnostic methodology in order to increase availability,
decrease cost, minimize intrusiveness, and allow for screening testing at home. On the other hand,
focusing on the use of oximetry alone, important limitations arise when comprehensive respiratory
analyses are needed. Additional respiratory effort-based signals (thoracic and/or abdominal)
would be needed to accurately discern among obstructive, central, and mixed apnea episodes.

Similarly, there are medical conditions that could influence the performance of automated
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decision-making systems based solely on oximetry, particularly the presence of concomitant
respiratory diseases such as COPD or hypoventilation syndromes. In this regard, there is an
increasing demand for further assessment of abbreviated screening tests for OSA detection in the
presence of comorbidities [79,80]. Recent studies demonstrated the usefulness of automated
analysis of oximetry in the detection of OSA in patients with COPD [48]. Nevertheless, further
research is still needed to definitively validate single-channel oximetry as a reliable alternative to

standard PSG in the screening of OSA in patients with special medical conditions.

Regarding the pulse oximeter setting, statistically significant differences in the results
derived from different devices have been reported [14], most probably due to their technical
specifications rather than to the detection algorithms used to compute oximetry indexes, such as
ODls [81]. In recent years, a number of new pulse oximeters have been launched. These novel
devices include improved features, such as high resolution and sample frequency, as well as an
enhanced output in artifact and low perfusion conditions [49,82]. However, very few studies have

been devoted to the comparison of the performance among these new devices [14,15,49,58].

Other important issue to be noted is that there is no consensus regarding the definition and
scoring of a desaturation event. It is also not clear which of the desaturation indexes (ODI3 or
ODI4) is more helpful. While ODI3 may show higher correlation with AHI, ODI4 might show a
stronger relation with arterial hypertension development. Hence, a gap is still present in the study

of commonly used clinical parameters and their specific usefulness.

In recent years, researchers have focused on the evaluation of unattended oximetry in order
to increase the accessibility to diagnosis. The usefulness of oximetry maximizes when the
diagnostic test is conducted at home. It is clear that reproducing the same conditions in which
patients sleep every night is the best way to test for sleep-related breathing disorders. However,
many studies used in-laboratory techniques carried out in a different night as the gold standard,

predominantly PSG. Therefore, the validation of portable oximetry at home against the reference

ERRM-26



diagnostic method conducted in the same unattended setting simultaneously is another interesting

research line that has not been properly addressed.

One of the latest advances in the assessment of pulse oximetry is the incorporation of novel
automatic signal processing and machine learning techniques aimed at increasing accuracy and
assisting in the automation of the diagnostic process. A significant number of studies have been
published in the last 15 years not only in engineering and technical journals, but also in the
framework of respiratory and sleep medicine. The implementation of signal processing and
machine learning methods is a complex task. Nevertheless, the computational time is negligible
once the algorithms have been developed. Most of these studies implement a common
standardized methodological approach. Firstly, an initial feature extraction stage is conducted, in
which oximetry-derived signals are exhaustively characterized. Then, a feature selection stage is
(implicitly or explicitly) implemented to select the most relevant and complementary variables,
which maximize the pattern-recognition ability of the information (oximetric features) obtained
in the previous step [29]. Finally, these optimum features are used to train a given machine
learning algorithm with ability to carry out a classification or a regression task. In the first case,
the algorithm will categorize patients into predefined classes, assisting physicians in decision-
making. Patients can be classified into OSAS-positive or OSAS-negative, if the algorithm was
trained to predict the presence or absence of the disease (binary classification). It is also possible
to determine the severity group, i.e. non-OSAS, mild, moderate, or severe classes, if the model
was designed to provide a severity degree (multiclass classification). In the regression case, the
aim is to estimate the AHI using oximetry alone. In addition, different cut-offs can be

subsequently set to perform binary or multiclass classification.

In the context of AHI regression, it is widely known that the duration of desaturations does
not correlate well with the actual duration of respiratory events. However, studies aimed at

estimating the AHI using oximetry alone do not focus on the detection and quantification of every
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single respiratory event. Machine learning algorithms, such as artificial neural networks, support
vector machines, or regression trees, process input variables derived from the whole overnight
oximetry profile (desaturation indexes, overall statistics, spectral and nonlinear measures) to

optimize a model able to provide an accurate estimate of the actual AHI.

A proper use of automated signal processing and pattern recognition techniques can
overcome the limitations of conventional ODI3 and ODI4 in the framework of simplified OSAS
detection. Oximetric indices are known to achieve high specificity but lower sensitivity. On the
other hand, machine learning approaches are able to reach notably higher sensitivity values while
maintaining a balanced specificity. However, important precautions should be taken when training
machine learning methods in order to obtain reliable models, particularly regarding the size of the
training dataset. Similarly, independent validation procedures need to be implemented at every
stage of the methodology, one for each degree-of-freedom (user-dependent parameter) during the
design of the predictive models. In addition, most of the machine learning-based classification
approaches tend to favor the class with the largest number of instances (subjects). Hence,
balancing the proportion of subjects of each class during training may dramatically improve

models performance.

Automated signal processing and pattern recognition of overnight oximetry signals can
provide simple as well as accurate diagnostic tools alternative to standard PSG, leading to more
timely treatment and potentially improved outcomes. However, it is important to highlight that
there is still some discrepancy concerning the effectiveness of portable monitoring (and,
particularly, pulse oximetry alone) as a single tool for OSAS detection. A recent study found no
major changes in patient outcomes and physician confidence in the diagnoses when using
cardiorespiratory polygraphy. Additionally, a significantly lower improvement in symptoms and
CPAP compliance, as well as lower diagnostic confidence were reported when using pulse

oximetry alone, primarily in milder cases [53]. Similarly, data supporting simplified monitoring
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at home for the diagnosis of OSAS in children is currently insufficient. Recent reports [83,84]
point out that overnight pulse oximetry is far from being a perfect screening tool for mild OSAS
and specific subgroups of children. It should be noted that advanced signal processing algorithms,
such as ensemble and deep learning techniques, could provide more reliable results and help to

overcome oximetry drawbacks.

The results from studies analyzed in this review suggest that oximetry could be a cost-
effective tool for OSAS screening in patients showing a high pretest probability for the disease.
Nevertheless, exhaustive analyses are still needed to further assess unattended oximetry
monitoring as a single diagnostic test for sleep apnea, particularly in the pediatric population and
in especial groups with significant comorbidities, in order to overcome current limitations and

improve the quality of care.

7. Five-year view

In the following years, communication technologies and, particularly, health-related
applications for smartphones will enable real implementation of unsupervised screening and
monitoring of OSAS at home. In the near future, novel machine learning algorithms and big data
analysis will change the detection and management of chronic diseases. In the context of OSAS,
high-performance portable oximeters with high sampling frequency, amplitude resolution,
memory storage, and battery life will contribute to provide continuous information on the patient’s

health status in order to enable personalized medicine.

Leading scientific societies in the context of sleep medicine currently demand further
research focused on pediatric patients and subjects with comorbidities. Deep learning algorithms
from big data analysis will contribute to identify such particular subpopulations where the

diagnostic ability of oximetry could be maximized.
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Key issues

e Obstructive sleep apnea syndrome is a highly prevalent yet relatively underdiagnosed
condition able to significantly decrease health and quality of life.

e Availability and accessibility to sleep laboratories is limited and the gold standard diagnostic
method is complex, intrusive, and labor-intensive.

e Overnight oximetry has been extensively assessed as a simplified screening test for the
disease due to its simplicity, availability, portability, and significant effectiveness.

e Conventional oxygen desaturation indexes reached moderate-to-high screening ability for
ruling in severe obstructive sleep apnea, although there is still not a standardized definition
of desaturation.

e Signal processing techniques are able to further characterize oximetry dynamics.
Morphological and statistical features in the time domain, spectral features, and nonlinear
measures have demonstrated significant combined relevancy.

e Automated pattern recognition techniques have been found to increase the diagnostic
performance of oximetry. Conventional statistical modes, artificial neural networks, and more
recently support vector machines and ensemble learning have provided incremental
diagnostic ability.

e There are robust evidences regarding the validity of oximetry as screening test in a clinical
setting. Nevertheless, further research is still needed to support oximetry monitoring at home
as a single diagnostic test for sleep apnea, particularly in children and especial groups with

significant comorbidities.
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TABLES

Table 1. Summary of the studies using pattern recognition techniques for classification of

suspected OSAS patients using overnight oximetry.

Author Dataset (n) Gold Aim Variables involving Classification Se Sp Acc
(year) standard oximetry technique (%) (%) (%)
(cut-off)
Almazaydeh et 93 recordings from In-lab PSG Binary Delta index, ODI3, MLP ANN 87,5 100 93.3
al. (2012) [34] 32 healthy (AHI >5 classification CTM
volunteers and events/h)
OSAS patients
Morillo & 115 patients with  In-lab PSG Binary Time, frequency, PNN 92.42 95.92 93.91
Gross (2013)  suspected OSAS  (AHI>10 classification  stochastic, and
[35] events/h) nonlinear features
Alvarez etal. 320 including In-lab PSG Binary Statistical moments FLD + GAs 80.0 833 812
(2013) [29] healthy and (AHI>10 classification  intime and LR + stepwise  95.2 86.0 88.7
suspected OSAS  events/h) frequency, spectral  SVM + GAs 952 80.0 845
patients and nonlinear
Hang et al. 616 patients with  In-lab PSG 4-class and ODI2 and ODI4 SVMa-cLass - - 7127
(2015) [36] suspected OSAS  (AHI>5,  binary SVM (AHI 87.36 93.05 90.42
15, 30 classification >15) 87.71 86.56 87.33
events/h) SVM (AHI
>30)
Huang et al. 124 patients with  In-lab PSG Binary ODl4 DTs 98.67 90.67 94.67
(2015) [37] suspected OSAS  (AHI>5 classification MLP ANN 88.00 93.33 90.67
events/h) LVQ 80.67 79.33 80.00
ANFIS 90.67 86.00 88.33

Acc: accuracy; AHI: apnea-hypopnea index; ANFIS: adaptive network-based fuzzy inference systems; ANN:

artificial neural network; CTM: central tendency measure; DTs: decision trees; FLD: Fisher’s linear discriminant;

GAs: genetic algorithms; MLP: Multilayer perceptron; LR: logistic regression; LVQ: learning vector quantization;

ODI2: oxygen desaturation index >2%; ODI3: oxygen desaturation index >3%; ODI4: oxygen desaturation index

>4%; OSAS: obstructive sleep apnea syndrome; PPN: probabilistic neural network; PSG: polysomnography; Se:

sensitivity; Sp: specificity; SVM: support vector machines.
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Table 2. Summary of the studies using pattern recognition techniques for regression of the AHI

using overnight oximetry.

Author Dataset (n) Gold Aim Variables involving Classification Se Sp Acc ICC
(year) standard oximetry technique (%) (%) (%)
(cut-off)
Marcos et 240 patients  In-lab PSG AHI Statistical moments in time MLPRreGRression - - - 0.91
al. (2012)  with suspected (AHI>5 estimation and frequency, spectral and AHlox >5 91.82 58.82 84.03 -
[39] OSAS events/h)  (regression) nonlinear features AHlox >15 94.87 9091 93.06 -
Ebben & 1467 patients In-lab PSG AHI OoDlI4 QR - - - 0.88
Krieger with suspected (AHI>5  estimation AHlox >5 909 90 91 -
(2016) [40] OSAS events/h)  (regression) AHlox >15 82 9% 91 -
AHlox >30 76 98 95 -
Jungetal. 455 patients  In-lab PSG AHI ODI from morphological-  Hill regression - - - 0.99
(2017) [26] with suspected (AHI>5  estimation based heuristic rules AHlox =5 986 944 9738 -
OSAS events/h)  (regression) AHlox >15 964 94.6 957 -

AHlox >30 97.1 965 96.7 -

Acc: accuracy; AHI: apnea-hypopnea index; AHlox: estimated apnea-hypopnea index from oximetry; ANN: artificial
neural network; ICC: intra-class correlation coefficient; MLP: Multilayer perceptron; ODI: oxygen desaturation
index; ODI4: oxygen desaturation index >4%; OSAS: obstructive sleep apnea syndrome; PSG: polysomnography;

QR: quadratic regression; Se: sensitivity; Sp: specificity.

ERRM-43



Table 3. Summary of the studies using ensemble learning techniques to assist in OSAS diagnosis

from overnight oximetry.

Author Dataset (n) Gold Aim Variables involving  Classification Se Sp Acc
(year) standard oximetry technique (%) (%) (%)
(cut-off)
Xie & Minn 25 patients  In-lab PSG  Binary 111 ECG-derived and Bagging.DT (SpO2) 63.73 92.40 85.43
(2012) [43] with (AHI >5 classification 39 SpO2-derived Bagging.DT (ECG) 45.49 92.96 81.41
suspected events/h) features Boosting.DT (SpO2) 72.64 87.18 83.64
OSAS Boosting.DT (ECG) 31.59 91.60 77.00
Bagging.DT 65.64 93.35 86.60
(SpO2+ECG)
Boosting.DT 71.82 87.59 83.75
(SpO2+ECG)
Hangetal. 566 patients In-lab PSG Binary Anthropometric and Ensemble SVMs:
(2013) [42] with (AHI >15, classification demographic, - Moderate-to-  89.34 90.15 89.62
suspected 30 events/h) symptoms, sleep and severe OSAS
OSAS life quality scores - Severe OSAS 90.11 90.58 90.37
Sanchez- 115 patients  In-lab PSG  4-class Statistical, spectral and Ensemble (DT, - - 86.0
Morillo et al. with (AHI >5, (no-OSAS, mild, nonlinear features SVM, PNN)
(2014) [41]  suspected 15, 30 moderate, severe - Non-OSAS 91.7 96.7 -
OSAS events/h) - Mild 80.0 888 -
- Moderate 731 944 -
- Severe 86.7 953 -

Acc: accuracy; AHI: apnea-hypopnea index; DT: decision tree; ECG: electrocardiogram; OSAS: obstructive sleep

apnea syndrome; PPN: probabilistic neural network; PSG: polysomnography; Se: sensitivity; Sp: specificity; SpO.:

blood oxygen saturation; SVM: support vector machines.
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Table 4. Summary of the studies using oximetry to assist in OSAS diagnosis in patients with

comorbidities and especial risk groups.

Author Dataset (n) Gold standard Aim Variables from  Classification Se Sp Acc
(year) oximetry technique (%) (%) (%)
Malbois et 68 obese patients At-home RP Binary ODI3and ODI4  ODI3, AHI>10 97 69 -
al. (2010) before bariatric surgery classification from oximetry ODI3, AHI>30 100 93 -
[47] regardless suspicion of (AHI>10,30  alone ODI4, AHI>10 83 93 -
OSAS events/h) ODI4, AHI>=30 91 96 -
Ward etal. 173 patients with Unattended Binary ODI3 from ODI3 >7.5 97 32 -

(2012) [45] congestive heart failure PSG (either in- classification portable oximetry desaturations/h

regardless suspicion of lab or at-home) (AHI>15

OSAS events/h)
Aaronson et 56 stroke patients In-hospital Binary ODI4 from RP ODI4 >15 77 100 -
al. (2012)  admitted to attended RP classification desaturations/h
[44] rehabilitation (AHI >15
regardless suspicion of events/h)
OSAS
Chung et al. 475 patients before At-home PSG  Binary ODI3 from ODI3, AHI>5 96.3 67.3 87.0
(2012) [49] surgery regardless classification portable oximetry ODI3, AHI>15 70.0 92.5 84.0
suspicion of OSAS (AHI >5, 15,30 alone ODI4, AHI >30 76.0 97.2 93.7
events/h)
Scottetal. 59 COPD admitted for In-hospital PSG Binary Visual inspection  Manual visual 59 60 -
(2014) [23] pulmonary classification and ODI4 from in- inspection
rehabilitation (AHI >15 lab portable Automated 60 63 -
regardless suspicion of events/h) oximetry ODl4
OSAS
Maziere et 58 hospitalized elders  In-hospital Binary Variability index  Var. ind. >0.51 100 18.8 -
al. (2014)  regardless suspicion of attended RP classification ODI3 Var. ind. >0.88 66.7 93.8 -
[50] OSAS (AHI =15 ODI4 ODI3 >15 69.1 938 -
events/h) (automated) ODI4 >15 33.3 100 -
Andrés- 407 patients suspected In-hospital PSG Regression of  Statistical, spectral, MLP ANN:
Blanco et al. of OSAS with and AHI, common  and nonlinear AHlLag =15
(2017) [48]  without COPD cut-offs - Non-COPD 97.5 58.6 87.3
- COPD 96.2 56.3 86.8
AHlHome >15

- Non-COPD 97.5 24.1 78.2
- COPD 86.5 37.5 75.0

Acc: accuracy; AHI: apnea-hypopnea index; AHlnome: estimated apnea-hypopnea index from at-home oximetry;
AHI_ag: apnea-hypopnea index from PSG; ANN: artificial neural network; COPD: chronic obstructive pulmonary
disease; MLP: Multilayer perceptron; ODI3: oxygen desaturation index >3%; ODI4: oxygen desaturation index >4%;
OSAS: obstructive sleep apnea syndrome; PSG: polysomnography; RP: respiratory polygraphy; Se: sensitivity; Sp:

specificity; Var. ind.: variability index.
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Table 5. Summary of the studies assessing oximetry-based test for OSAS in the clinical practice.

Author  Dataset (n) Gold Aim Variables Classification technique  Se Sp Acc
(year) standard from (%) (%) (%)
oximetry
Anticet 195 patients with high  In-lab PSG Simplified OoDI2 ODI2 >27 + nurse skilled - - -
al. (2009) risk of moderate-to- (manual CPAP in CPAP (auto-titrating at
[54] severe OSAS scoring of  management at home) vs. ODI2 >27 +
- 100 nurse model AHI) home manual setting by
- 95 physician model specialist (in-lab)
Chai- 157 selected patients At-home Binary ODI3 from OSA50>5+0DI3aL>16 88 82 83
Coetzer et (4:1 high-to-low risk PSG classification ApnealLink
al. (2011) rate accordingto BQ)  (manual (AHI >30 (ODI3a)
[11] scoring) events/h)
Sharma et 592 OSAS positive from In-lab PSG Binary ODIl4 from  ODI4 >5 89 48 -
al. (2017) 5062 obese patients (AHI =5 classification portable ODI4 =10 74 78 -
[55] admitted to cardiology, events/h)  (AHI>5 oximetryat  ODI4 >15 65 90 -
internal medicine, events/h) home ODI4 >20 5 94 -

family practice services

Acc: accuracy; AHI: apnea-hypopnea index; BQ: Berlin questionnaire; CPAP: continuous positive airway pressure;
ODI2: oxygen desaturation index >2%; ODI3: oxygen desaturation index >3%; ODI3ai: estimated oxygen desaturaion
index >3% from Apnealink; ODI4: oxygen desaturation index >4%; OSAS: obstructive sleep apnea syndrome;
OSAG50: sleep questionnaire; PSG: polysomnography; Se: sensitivity; Sp: specificity.
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Table 6. Summary of the studies comparing overnight portable oximetry with additional
simplified screening test for OSAS.

Author Dataset (n) Gold Aim Simplified Classification Se Sp Acc AUC
(year) standard screening test  technique (%) (%) (%)
Rofail et al. 98 patients with In-hospital Binary At-home ODI3 >5 77 89 - -
(2010) [56] clinical suspicion PSG classification oximetry vs. at- RDIar >5 80 87 - -
of OSAS (AHI>5,30 homeairflow  ODI3 >30 90 85 - -
events/h) RDIlar 230 90 85 - -
Tingetal. 151 male bus In-hospital Binary In-lab oximetry ODI3 >4.6(AHI>5) 97 78 - 0.95
(2014) [57] drivers regardless PSG classification  + actigraphy vs. RDI>8.2(AHI >5) 82 63 - 0.79
suspicion for (AHI>5,15 in-labairflow  PRI7>18.6(AHI>5) 81 63 - 0.76
OSAS events/h) from ApneaLink ODI3>15.6(AHI>15) 91 87 - 0.94
vs. in-lab HRV RDI>14.8(AHI>15) 82 69 - 0.81
PRI7>22.0(AHI >15) 82 68 0.75
Dawson et 73 patients with In-hospital Binary At-home ODl4ox - - - 0.827
al. (2015) clinical suspicion PSG classification oximetry alone ODI4aL - - - 0.840
[59] of OSAS (AHI >5 vs. at-home RDIaL - - - 0.849
events/h) Apnealink

Acc: accuracy; AHI: apnea-hypopnea index; AUC: area under the receiver operating characteristics curve; HRV:
heart rate variability; ODI3: oxygen desaturation index >3%; ODI4aL: oxygen desaturation index >4% from
ApneaLink; ODI4ox: 0xygen desaturation index >4% from oximetry alone; OSAS: obstructive sleep apnea syndrome;
PRI7: pulse-raising index of increases >7%; PSG: polysomnography; RDI: respiratory disturbance index; RDIaf:
respiratory disturbance index from airflow; RDIaL: respiratory disturbance index from ApneaLink; Se: sensitivity; Sp:
specificity.
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Table 7. Summary of the studies analyzing overnight oximetry and additional biomedical

recordings together in order to develop improved screening test for OSAS.

Author Dataset (n) Gold Aim Biomedical Classification Se Sp Acc AUC
(year) standard recordings technique (%) (%) (%)
Heneghan 59 patients with  In-hospital Binary Portable AHlox-ece =5 958 100 - -
et al. (2008) clinical suspicion PSG classification oximetry + ECG (AHlpsc >5)
[63] of OSAS (AHI>5,15 simultaneous to AHlox-ecc >15 742 964 - -
events/h) PSG (AHlpsc >15)
Yadollahi 66 patients with  In-hospital Binary Oximetry + AHlox-ts =5 743 824 - 0.87
et al (2010) clinical suspicion PSG classification tracheal sounds (AHlpsc >5)
[61] of OSAS (AHI >5,15 from PSG AHlox-ts 215 846 960 - 0.96
events/h) (AHlpsc >15)
Barak- 140 patients with In-hospital Binary Oximetry + PPG AHlox-ppG =5 97.0397.44 - -
Shinar et al. clinical suspicion PSG classification from PSG (AHlpsc >5)
(2013) [60] of OSAS (AHI =5, 15 AHlox-prc >15 94.44 96.51 - -
events/h) (AHlpsc >15)
Lietal. 49 patients with  In-hospital Binary Portable RDlox-pec for group:
(2017) [62] clinical suspicion PSG classification oximetry + PPG - 5<AHIpsc<15 953 50.0 - 0.849
of OSAS (AHI >5, 15, simultaneous to - 15<AHIpse<30 89.7 90.0 - 0.888
30 events/h)  PSG - AHlpsc>30 688 97.0 - 0.936
Abedi et al. 54 patients with  In-hospital Binary Oximetry + SVM:
(2017) [65] clinical suspicion PSG classification thoracic - Obs vs. cent 92.7 89.5 87.8 -
of OSAS - Event- respiratory - NO0-OSAS vs. 99.5 90.2 96.0 -
based effort OSAS
- Patient-
based

Acc: accuracy; AHI: apnea-hypopnea index; AHlpsc:apnea-hypopnea index from PSG; AHlox-ecc: estimated apnea-
hypopnea index from oximetry and ECG; AHlox-prc: estimated apnea-hypopnea index from oximetry and photoplethysmography;
AHlox-s: estimated apnea-hypopnea index from oximetry and tracheal sounds; AUC: area under the receiver operating
characteristics curve; Cent: central apneic events; ECG: electrocardiogram; Obs: obstructive apneic events; OSAS:
obstructive sleep apnea syndrome; PPG: photoprethysmography; PSG: polysomnography; RDI: respiratory
disturbance index; RDlox-prc: respiratory disturbance index from oximetry and photoprethysmography; Se: sensitivity; Sp:

specificity; SVM: support vector machines.
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Table 8. Summary of the studies using visual or semi-automated analysis of overnight oximetry

in the detection of pediatric OSAS.

Author Dataset (n) Aim/Data  Technique Classification Se Sp Acc
(year) approach (%) (%) (%)
Velasco- 167 children with In-lab PSG  Binary Ne° of clusters of Visual inspection 86.6 98.9 93.4

Suarezetal.  suspected OSAS (AHI>1

classification / desaturations >2 + N°

(2013) [68] In-lab drops below 90% >1
oximetry
Tsai et al. 148 children with In-lab PSG  Binary Manual ODI4 ODI4 >2.05 (AHI 77.7 88.9 79.0
(2013) [71] suspected OSAS (AHI>1, 5, classification / >1)
In-lab ODI4 >3.50 (AHI 83.8 86.5 85.1
oximetry >5)
ODI4 >4.15 (AHI 89.1 86.0 87.1
>10)
Van Eyck et 130 obese Binary Brouillette criteria Manual scoringof 58 88 78
al. (2015) [22] children with classification / Velasco criteria desaturations 66 69 68
suspected OSAS events/h) In-lab
oximetry
Villaetal. 268 children with In-lab PSG  Binary Clusters of deasturations Semi-automatic
(2015) [69]  suspected OSAS (AHI>1 and classification / and clinical history - AHI>1 91.6 40.6 85.8
In-lab - AHI>5 40.6 97.9 69.4
oximetry

Acc: accuracy; AHI: apnea-hypopnea index; ODI4: oxygen desaturation index >4%; OSAS: obstructive sleep apnea

syndrome; PSG: polysomnography; Se: sensitivity; Sp: specificity.
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Table 9. Summary of the studies using automated analysis of overnight oximetry in the detection
of pediatric OSAS.

Author Dataset (n) Gold standard Aim/ Data Technique Classification Se Sp Acc
(year) (cut-off) approach (%) (%) (%)
Changetal. 141 children In-lab PSG Binary classif./  Presence of mouth LR 60.0 86.0 71.6
(2013) [70] with suspected  (AHI>5 Questionnaires  breathing, restless
OSAS events/h) and oximetry sleep, ODI4
Jing-Ru etal. 32 habitually In-lab PSG Binary classif./  Automated ODI4  ODI4 >1 for 59.26 80.00 -
(2017) [72] snoring children (AHI>1, 5, 10 Portable pulse cut-off AHI >1
events/h) oximetry watch ODI4 >5 for 70.59 66.67 -
(attended) cut-off AHI >5
ODI4 >10 for 64.29 83.33 -
cut-off AHI >10
Garde et al. 146 children In-lab PSG Binary classif./  Time and spectral: LDA
(2014) [15] with suspected  (AHI >5 Portable oximetry - SpO2 80.0 839 785
OSAS events/h) (attended) - Sp02 +PR 88.4 836 84.9
Alvarez etal. 50 children with In-lab PSG Binary classif./  Statistical, spectral LR (AHI >1) 896 715 855
(2017) [28] suspected OSAS AHI >1, 3, Port. oximetry and nonlinear LR (AHI >3) 829 844 834
5 events/h from at-home RP  features LR (AHI >5) 822 83.6 8238
Gutiérrez- 50 children with In-lab PSG Binary classif./  Spectral features LR 859 874 86.3
Tobal et al. suspected OSAS (AHI >3 Airflow + SpO,  from airflow +
(2015) [74] events/h) from at-home RP  ODI3
Crespoetal. 50 children with In-lab PSG Binary classif./  Nonlinear features LR 845 83.0 835
(2017) [32] suspected OSAS (AHI >3 Port. oximetry and conventional
events/h) from at-home RP  oximetric indices
Vaquerizo- 298 habitually  In-lab PSG Multiclass classif Bispectrum, PSD, 3-class MLP:
Villar et al. snoring children (AHI>1, 5,10 /In-lab oximetry ODI3, age, sex, - AHI>5 618 97.6 81.3
(2017) [75] events/h) BMI - AHI>10 60.0 945 853
Hornero et al. 4191 habitually In-lab PSG Estimation AHI / Statistical, spectral, MLP ANN:
(2017) [76] snoring children (AHI>1,5, 10 In-lab oximetry  nonlinear features, - AHI>I 84.0 53.2 752
events/h) and ODI3 - AHI>5 68.2 87.2 817
- AHI>10 68.7 94.1 90.2
Cohen & De 288 infants (<27 At-home PSG  Portable pulse T/F feat. ECG Linear 39.6 76.4 74.7
Chazal (2015) weeks) healthy  (event-based  oximetry + ECG T/F feat. ECG + T  discriminant 58.1 67.0 66.7

[73]

and suspected
OSAS

classification)

(unattended)

feat. Oximetry

Acc: accuracy; AHI: apnea-hypopnea index; ANN: artificial neural network; BMI: body mass index; ECG:
electrocardiogram; LDA: linear discriminant analysis; MLP: Multilayer perceptron; LR: logistic regression; ODI3:
oxygen desaturation index >3%; ODI4: oxygen desaturation index >4%; OSAS: obstructive sleep apnea syndrome;
PR: pulse rate from oximetry; PSD: power spectral density; PSG: polysomnography; RP: respiratory polygraphy; Se:
sensitivity; Sp: specificity; SpO.: blood oxygen saturation from oximetry; T feat.: time domain features; T/F feat.:

features from time and frequency domains.

ERRM-50



Figure legends
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Figure 1. Common stages of automated signal processing and pattern recognition approaches

)

AUTOMATED FEATURE SELECTION

@LECTION APPROACHES \

* Dimensionality reduction
(PCA)

e Filter
(Thresholding)

* Stepwise
(FSLR, SWLDA)

* Exhaustive optimization
(GAs)

N )

applied to oximetry in the context of OSAS detection.

ANNSs: artificial neural networks; CTs: cumulative times; DTs: decision trees; FSLR: forward stepwise
logistic regression; GAs: genetic algorithms; LDA: linear discriminant analysis; LR: logistic regression;
ODls: oxygen desaturation indices; PCA: principal component analysis; PSD: power spectral density;

QDA: quadratic discriminant analysis; STFT: short-time Fourier transform; SVM: support vector

machines; SWLDA: stepwise linear discriminant analysis.
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BOXES

Box 1. Utilities and main technical features of pulse oximetry.

Areas of application
e Adult and pediatric
e Diagnosis / screening
e Monitoring / treatment
Technical features of commercial recording devices
e Portability
e Battery life
e Sampling frequency (Portable: 1 Hz; In-lab: 10-25 Hz)
e Resolution (normal: 1%; high-resolution: 0.1%)
e Averaging time (recommended: <3 seconds)
e Memory storage: instant measures vs. long-term recordings
Settings
¢ In-hospital (supervised)

e At-home (unsupervised)

Hz: hertzs (samples per second).
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Box 2. Output (objective function) of pattern recognition techniques in the

framework of OSAS detection.

Binary classification
e OSAS-negative vs. OSAS-positive
e Single severity-class (mild, moderate, or severe)
Multiclass classification
e Severity groups (non-OSAS, mild, moderate, severe)
Regression

e AHI estimation

AHI: apnea-hypopnea index; OSAS: obstructive sleep apnea syndrome.
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5. RESUMEN DE RESULTADOS

5.1 Modelos automaticos de ayuda al diagnéstico basados en la

oximetria hospitalaria

En el estudio desarrollado por Crespo et al [161] se extrajeron 17 caracteristicas de
cada registro de SpO», utilizando el algoritmo FCBF para la basqueda de las mas relevantes
a la vez que menos redundantes entre si (Tabla 4). Posteriormente, se analiz6 el rendimiento
diagnostico de tres clasificadores binarios automaticos: LDA, QDA y RL. La efectividad de
cada modelo automatico fue evaluada empleando los tres puntos de corte mas cominmente
aplicados al IAH de la PSG para el diagnostico de SAHOS infantil: 1, 3 y 5 eventos/hora.
La Tabla 5 muestra las métricas de capacidad diagndéstica de los modelos analizados. El
mayor rendimiento diagnostico como metodologia de screening se ha obtenido para un
punto de corte de 1 evento/h (SAHOS leve-a-severo). De los 3 modelos, la RL alcanzé el
valor mas elevado de precision (Acc 84.3%, 1C95% 76.8-91.5%) y un AUC de 0.89 (IC95%
0.83-0.94), aunque con un par sensibilidad-especificidad desbalanceado (Se 93.9%, Sp
37.8%).
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Tabla 4. Caracteristicas Optimas seleccionadas automéaticamente mediante FCBF bajo un
procedimiento de bootstrapping y valores medianos para cada una de ellas en cada grupo (patolégico
vs. no patologico) empleando los umbrales de diagndstico tipicos del SAHOS.

IAH >1 eventos/h I1AH >3 eventos/h IAH >5 eventos/h

Caracteristicas  No. veces SAHOS SAHOS SAHOS SAHOS SAHOS SAHOS

Optimas seleccionada negativo positivo negativo positivo negativo positivo
M1t 950 97.7[11] 97.3[1.9] 97.7[L1] 96.9[1.9] 97.7[1.2] 96.7[L.8]
M4t 921 2.83[2.76] 2.18[1.70] 2.23[1.93] 2.21[1.72] 2.24[1.76] 2.17[2.06]
PA 966 4.03[2.45] 8.55[15.09] 4.90[3.38] 11.38[19.27] 5.49[4.06] 18.02[29.78]
Pr 981 0.17[0.05] 0.18[0.07] 0.17[0.06] 0.19[0.08] 0.17[0.06] 0.20[0.07]
SampEn (x107%) 994 2.4410.99] 4.06[2.99] 2.74[1.29] 4.84[2.88] 2.86[1.55] 5.19[4.24]
ID3 1000 0.49[1.36] 4.24[7.99] 1.34[2.14] 7.68[10.33] 1.82[2.76] 9.22[12.86]

Los datos se proporcionan en términos de mediana y IQR.

IAH: indice de apnea-hipopnea; M1t: valor medio de la sefial nocturna de SpO; en el dominio del tiempo;
M4t kurtosis de la sefial nocturna de SpO; en el dominio del tiempo; ODI3: indice de desaturacion de oxigeno
del 3%; PA: amplitud de pico en la banda de frecuencias de interés; Pr: potencia relativa en la banda de
frecuencias de interés; SAHOS: sindrome de apnea hipopnea obstructivo del suefio; SAHOS negativo: grupo
SAHOS negativo (no patolégico); SAHOS positivo: grupo SAHOS positivo (patolégico); SampEn: entropia
muestral.

De manera similar, para un IAH de 3 eventos/h, el modelo RL alcanz6 una Acc del
77.7% (1C95% 68.5-85.5). Finalmente, utilizando un punto de corte de 5 eventos/h (SAHOS
moderado-a-severo) tanto el modelo RL como el QDA alcanzaron de forma semejante
elevadas precisiones diagnosticas, con valores de Acc del 82.7% (1C95% 75.0-89.6%) y del
82.1% (1C95% 73.8-89.5%), respectivamente. Es interesante sefialar que el modelo QDA
alcanzo valores de PPV superiores al 90% independientemente del punto de corte,
destacando para un umbral diagnéstico de 1 evento/h, con un PPV igual a 96.5% (1C95%
90.3- 100%), un LR+ de 8.77 (1C95% 4.53-14.80) y una AUC de 0.91 (IC95%, 0.85-0.96).

Analizando el rendimiento diagnostico del 1D3, se observd un desbalanceo
significativo entre sensibilidad y especificidad para todos los puntos de corte clinicos bajo
estudio (>1, 3 y 5 desaturaciones/h de registro), con un mayor valor de especificidad (Sp
100%), comportamiento descrito comunmente en la literatura. La Figura 2 muestra las
curvas ROC derivadas del proceso de bootstrapping para cada uno de los modelos
automaticos optimos y el ID3, empleando los umbrales de SAHOS pediéatrico bajo estudio.
Es destacable que el modelo QDA alcanzé el valor mas elevado de AUC (0.91, 1C95% 0.86-
0.96) para el punto de corte clinico mas restrictivo de SAHOS (IAH >1 evento/h). Para un
punto de corte de 3 eventos/h, ambos modelos (RL e 1D3) mostraban el mismo valor de
AUC (0.88). Para un punto de corte de 5 eventos/h (SAHOS moderado-severo), el modelo
RL alcanzé el mayor rendimiento en términos de AUC (0.89, 1C95%, 0.84-0.94), aunque
similar al mostrado por QDA (AUC 0.88, 1C95% 0.83-0.94) y al de ID3 (AUC 0.87, IC95%
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0.82-0.92). Por ultimo, también se realiz6 un andlisis estadistico para evaluar las diferencias
entre las curvas ROC de los cuatro modelos de clasificacion. Se obtuvieron diferencias
estadisticamente significativas (p < 0.05) entre el modelo LDA vy el resto de clasificadores
(QDA, RL y ID3) para un punto de corte de diagnostico clinico de SAHOS de 1 evento/h.
Para el resto de puntos de corte (3 y 5 eventos/h) no se observaron diferencias significativas.

Tabla 5. Métricas de rendimiento diagnostico para cada modelo 6ptimo de clasificacion binaria y
el ID3 convencional, para cada punto de corte de diagnéstico de SAHOS infantil.

Punto de corte de SAHOS IAH >1 evento/h

Se (%) Sp (%) PPV (%) NPV (%) LR+ LR- Acc (%)

LDA 70.2 63.0 90.5 30.3 2.31 0.51 69.0
(54.0,84.6) (31.7,96.7) (81.8,99.1) (16.1,46.2)  (1.15,6.23)  (0.28,097)  (57.5,9.1)

QDA 61.3 88.6 96.5 32.0 8.77 0.45 65.8
(47.6,76.0)  (69.6, 100) (90.3, 100) (19.4,45.7)  (4.53,14.80) (0.29,0.61) (55.1,76.8)

RL 93.9 37.8 88.1 59.0 1.62 0.18 84.3
(84.8,99.8) (10.3,67.1) (81.3,945) (289,96.2)  (1.06,2.78)  (0.01,0.55) (76.8,91.5)

ID3 >1 9.7 100 100 18.5 N.D.T 0.90 25.1
(3.4,17.4)  (100,100)  (100,100)  (11.6, 25.6) ¢) (0.83,0.97) (17.0, 33.8)

Punto de corte de SAHOS IAH >3 eventos/h

Se (%) Sp (%) PPV (%) NPV (%) LR+ LR- Acc (%)

LDA 59.4 88.2 86.6 63.9 7.53 0.46 72.3
(45.4,73.7)  (70.1,99.5) (71.2,99.3) (52.3,75.6) (2.20,28.15) (0.30,0.64)  (62.6,81.4)

QDA 575 93.8 92.3 64.3 15.00 0.45 73.8
(41.8,73.3)  (83.9,100)  (81.6,100) (52.8,75.9)  (4.65,33.07) (0.30,0.62) (64.3,82.7)

RL 74.6 81.7 83.9 725 5.18 0.31 7.7
(59.8,89.4) (57.4,95.5) (68.0,95.2) (59.4,852) (1.97,14.24) (0.16,0.48) (68.5, 85.5)

1ID3 >3 4.9 100 100 46.1 N.D.T 0.95 47.6
(0.8,12.2)  (100,100)  (100,100)  (36.7,55.1) ¢) (0.88,0.99)  (38.0, 56.5)

Punto de corte de SAHOS IAH >5 eventos/h

Se (%) Sp (%) PPV (%) NPV (%) LR+ LR- Acc (%)

LDA 63.7 90.1 82.0 78.6 8.61 0.40 79.4
(48.1,79.1)  (77.6,99.3) (64.3,98.3) (685,87.6) (3.02,26.99) (0.23,0.58) (70.9, 87.4)

QDA 62.3 95.5 90.8 78.9 19.83 0.40 82.1
(46.5,77.9)  (87.3,100)  (76.3,100)  (69.0,87.8)  (6.44,46.42) (0.24,057) (73.8,89.5)

RL 70.0 914 85.1 81.9 10.60 0.33 82.7
(55.1,84.1)  (80.3,99.3) (70.1,98.4) (72.3,90.5) (3.89,30.85) (0.18,0.49)  (75.0,89.6)

ID3 >5 2.9 100 100 60.3 N.D.f 0.97 60.8
(0.0,10.8)  (100,100)  (100,100)  (51.2, 69.1) ) (0.89,1.00)  (51.6, 69.6)

Los datos se presentan en forma de media e intervalo de confianza del 95%, derivados de un procedimiento
de bootstrap de 1000 iteraciones. "N.D.: no definido debido a divisién por cero.

Acc: precision; 1AH: indice de apnea-hipopnea; ID3: indice de desaturacién del 3%; LDA: anélisis
discriminante lineal; LR+: rez6n de verosimilitud positiva; LR-: razén de verosimilitud negativa; NPV: valor
predictivo negativo; PPV: valor predictivo positivo; QDA: analisis discriminante cuadratico; RL: regresion
logistica; SAHOS: sindrome de apnea hipopnea obstructivo del suefio; Se: sensibilidad; Sp: especificidad.
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Figura 2. Curvas ROC derivadas de un procedimiento de bootstrapping para cada modelo
automatico 6ptimo de clasificacion binaria procedente de la oximetria nocturna y para el ID3,
empleando los puntos de corte tipicos del SAHOS infantil: a) IAH >1 evento/h; b) IAH >3 eventos/h;
c¢) IAH >5 eventos/h.

5.2 Modelos automaticos de ayuda al diagnéstico basados en

nuevas métricas no lineales de la oximetria en domicilio

En el estudio realizado por Crespo et al [162] la sefial de oximetria se caracterizo6
mediante la MSE y los indices de oximetria convencionales. En la Figura 3 se observa que
los nifios con SAHOS presentaban una mayor complejidad (curvas promedio de la MSE
con valores mas elevados para todas las escalas) en el perfil nocturno de oximetria con

respecto a los nifios sin SAHOS debido a las desaturaciones causadas por los eventos

respiratorios.
0.9 T T T T T T T
Grupo de nifios SAHOS negativo
0.8 Grupo de ninos SAHOS positivo b
0.7 i Diferencia visual. maxima en la pendiente (slope): g
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Figura 3. Curvas MSE para cada registro de oximetria nocturna de la poblacion bajo estudio. Se
muestran las curvas MSE promedio para los grupos SAHOS negativo (azul) y SAHOS positivo

(rojo).
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La Tabla 6, que muestra los valores medianos para cada parametro derivado de la
curva MSE, corrobora este comportamiento. Individualmente, la mayor parte de las
caracteristicas bajo estudio mostraron un par sensibilidad-especificidad balanceado, asi

como una moderada precision diagnostica, como se recoge en las Tablas 7 y 8.

Tabla 6. Analisis descriptivo (mediana y rango intercuartil) de cada caracteristica derivada de la
curva MSE para cada grupo diagnostico bajo estudio.

Caracteristicas MSE SAHOS negativo SAHOS positivo p-valor
Sipi-2 0.015[0.017] 0.031[0.041] <<0.05
Slp1-3 0.028 [0.031] 0.05710.070] <<0.05
Slp1-4 0.038 [0.044] 0.079[0.094] <<0.05
Slp1-s 0.049 [0.059] 0.096 [0.111] <<0.05
Slp1-6 0.058 [0.073] 0.110 [0.128] <0.05

SE; 0.016[0.019] 0.0390.055] <<0.05
SE: 0.032[0.036] 0.071[0.097] <<0.05
SE; 0.045 [0.050] 0.097 [0.126] <<0.05
SE, 0.055 [0.063] 0.118 [0.149] <<0.05
SEs 0.067 [0.078] 0.135[0.166] <<0.05
SEs 0.075 [0.092] 0.147[0.175] <<0.05
SEmax 0.129[0.147] 0.229[0.216] <0.05
Ari-2 0.048 [0.055] 0.110 [0.152] <<0.05
Ari4 0.151[0.168] 0.324 [0.427] <<0.05
Ari-6 0.292[0.338] 0.599[0.767] <<0.05
AFi1-max 1.164 [1.382] 2.114 [2.463] <<0.05
Tmax 48.000 [3.500] 48.000 [5.000] N.S.

Los datos se proporcionan en términos de mediana y IQR. N.S.: no significativo.

Ari.max. area encerrada bajo la curva MSE entre la escala 7= 1y la escala que maximiza el margen entre las
curvas MSE de los grupos de estudio; Ari.: area encerrada bajo la curva MSE entre la escala 7= 1y la escala
7 = X; MSE: entropia multiescala; SAHOS: sindrome de apnea hipopnea obstructivo del suefio; SAHOS
negativo: grupo SAHOS negative (no patoldgico); SAHOS positivo: grupo SAHOS positive (patolégico);
SEmax: Valor de entropia muestral en la escala que maximiza el margen entre curvas MSE de los grupos bajo
estudio; SE,: valor de entropia muestral en la escala z = x; Slp1.«: pendiente de la curva MSE entre la escala ¢
=1y laescala = x; zmax: €scala para la que se alcanza el valor de entropia maximo.

Tabla 7. Rendimiento diagnoéstico de los indices clasicos de oximetria.

Se (%) Sp(%) PPV (%) NPV (%) LR+ LR- Acc (%) AUC
71.9 77.6 79.7 72.6 397 0.36 745 0.85
D3 (449.976) (407,100) (55.1,100) (49.7,973) (1.50,1120) (0.03,0.70) (58.5,88.9) (0.70,0.97)
542 64.2 64.8 58.4 1.96 0.72 58.8 0.62
Satuiv - 503,978)  (212,982) (347,973) (308,96.1)  (0.72,5.62)  (0.05,1.44) (429,73.6) (0.51,0.79)
69.4 66.8 69.8 68.1 241 0.46 68.1 0.70
Satws 345 967) (39.5,959) (45.1,956) (42.1,96.0) (1.07,540)  (0.05,0.94) (49.9,82.9) (0.52,0.88)
CT95 66.8 69.3 72.0 66.4 2.63 0.49 67.8 0.75

(342,96.3)  (35.9,98.6) (483,98.2) (42.3,954)  (1.14,8.02)  (0.06,0.97) (52.3,83.0) (0.57,0.92)

Los datos se presentan en forma de media e intervalo de confianza del 95%, derivados de un procedimiento
de bootstrap de 1000 iteraciones.

Acc: precision; AUC: area bajo la curva ROC; CT95: porcentaje de tiempo con valores de SpO- por debajo
del 95%; 1D3: indice de desaturacion de oxigeno del 3%; LR+: razén de verosimilitud positiva; LR-: razén de
verosimilitud negativa; NPV: valor predictivo negativo; PPV: valor predictivo positivo; Satave: valor
promedio de SpO2; Satmin: valor minimo de SpOg; Se: sensibilidad; Sp: especificidad.

189



Capitulo 5 Resumen de resultados

Tabla 8. Rendimiento diagndstico individual para cada caracteristica extraida de la curva MSE.

Se (%) Sp (%) PPV (%) NPV (%) LR+ LR- Acc (%) AUC
75.6 67.8 725 72.6 2.83 0.37 71.8 0.79
Slp1-2 (47.7,983)  (36.6,96.3) (50.5,96.8) (48.3,97.7) (1.30,6.71) (0.03,0.77) (56.8,86.5) (0.62,0.94)
78.1 68.1 73.1 74.9 2.89 0.33 732 0.80
Slp13 (49.4,985) (384,95.8) (51.2,964) (49.7,98.0) (1.34,6.71) (0.02,0.72) (58.8,88.2) (0.63,0.94)
78.6 68.0 732 75.1 2.94 0.32 734 0.80
Slp14 (50.6,985) (37.6,962) (51.4,965) (49.6,98.1) (1.36,7.07) (0.02,0.72) (57.7,88.6)  (0.64,0.95)
76.1 66.6 71.8 72.6 2.71 0.37 71.4 0.78
Slp1s (48.7,984) (35.7,95.7) (48.7,962) (46.9,97.6) (1.26,6.10) (0.03,0.81) (55.2,86.4) (0.61,0.94)
76.6 66.5 71.8 72.8 2.72 0.36 71.6 0.77
Slp1s (45.8,97.6) (357,95.6) (488,95.9) (47.6,97.1) (1.23,6.33) (0.03,0.81) (55.2,87.4) (0.60,0.92)
SE 75.2 70.2 74.0 73.0 3.10 0.36 727 0.81
1 (474,986) (36.0,969) (514,97.3) (483,98.0) (1.35,7.43) (0.02,0.76) (57.6,88.6) (0.65,0.95)
SE 75.0 68.7 73.0 72.6 2.92 0.37 71.9 0.80
1 (484,98.7) (36.6,96.6) (50.9,96.8) (48.3,98.1) (1.34,6.99) (0.02,0.77) (56.8,87.2)  (0.64,0.95)
SE 76.9 68.9 733 74.0 2.96 0.34 72.9 0.81
3 (49.1,983)  (39.1,96.3) (514,96.7) (48.6,97.8) (1.34,6.92) (0.02,0.74) (58.0,88.2)  (0.64,0.94)
SE 773 69.4 73.9 74.6 3.06 0.33 734 0.80
4 (50.1,98.5) (36.6,96.5) (51.7,96.8) (48.7,97.9) (1.35,7.14) (0.02,0.74) (57.6,88.2) (0.64,0.95)
SE 76.4 67.9 72.8 733 2.88 0.35 722 0.79
5 (49.1,987) (36.1,96.1) (50.5,96.6) (48.3,98.1) (1.30,6.81) (0.02,0.76) (56.8,87.0) (0.63,0.94)
SE 75.8 67.1 72.0 723 2.79 0.37 715 0.78
6 (499,97.7) (36.2,96.1) (48.6,965) (47.9,97.2) (1.25,6.63) (0.03,0.82) (55.2,87.0) (0.61,0.93)
SE 743 61.6 68.3 70.7 2.26 0.42 68.1 0.75
max o (394,987) (31.7,96.0) (46.0,957) (43.4,97.8) (1.13,549) (0.02,0.95) (52.3,83.6) (0.58,0.91)
A 74.8 68.8 73.1 72.5 2.94 0.37 71.8 0.80
T12 (48.4,987) (34.8,96.7) (50.7,96.8) (483,98.1) (1.31,7.03) (0.02,0.78) (55.2,87.2)  (0.64,0.95)
76.1 68.5 73.0 734 2.92 0.35 723 0.80
ATi4 491 086) (36.6,965) (513,96.8) (483,980) (1.33,7.07) (002,076 (57.8,872) (0.64,0.95)
75.1 68.7 73.0 72.5 2.94 0.37 719 0.80
Aris (492,98.6) (36.9,96.5) (50.5,96.8) (47.9,98.0) (1.30,7.05) (0.02,0.78) (55.5,87.2)  (0.64,0.94)
A 75.5 67.1 72.0 723 275 0.37 713 0.78
Plmax  474.983)  (35.0,962) (49.1,96.3) (47.8,973) (1.26,647) (0.03,0.82) (55.2,86.4) (0.61,0.93)
57.0 55.0 583 56.6 1.47 0.81 55.8 0.60

Tmax  (212,983) (20.3,89.2) (31.9,84.0) (29.0,96.8) (0.64,3.59) (0.04,1.94) (39.6,71.8) (0.51,0.76)

Los datos se presentan en forma de media e intervalo de confianza del 95%, derivados de un procedimiento
de bootstrap de 1000 iteraciones.

Acc: precision; AUC: area bajo la curva ROC; Ari-max: area encerrada bajo la curva MSE entre la escala 7=1
y la escala que maximiza el margen entre las curvas MSE de los grupos de estudio; Ari«: area encerrada bajo
la curva MSE entre la escala 7= 1y la escala 7= x; LR+: razon de verosimilitud positiva; LR-: razon de
verosimilitud negativa; NPV: valor predictivo negativo; PPV: valor predictivo positivo; Se: sensibilidad;
SEmax: Valor de entropia muestral en la escala que maximiza el margen entre curvas MSE de los grupos bajo
estudio; SEy: valor de entropia muestral en la escala 7= x; Slpix: pendiente de la curva MSE entre la escala ¢
=1y laescala = x; Sp: especificidad; max: escala para la que se alcanza el valor de entropia maximo.

De los indices clasicos de oximetria, el ID3 alcanzé una mayor Acc (74.5%), con
una Se del 71.9%, una Sp del 77.6% y AUC igual a 0.85. Se obtuvo un subconjunto 6ptimo
compuesto por 5 caracteristicas derivadas de MSE y 4 indices convencionales utilizando el
algoritmo de seleccion automatica bidireccional paso a paso mediante regresion logistica
(FSLR). La Figura 4 muestra las caracteristicas seleccionadas. Utilizando estas
caracteristicas, se disefid un modelo de clasificaciéon binaria 6ptimo basado en RL para
determinar el diagnostico de la enfermedad en base a un punto de corte de 3 eventos/h. La
Tabla 9 resume el rendimiento diagnostico de los modelos de RL creados con los diferentes

conjuntos de caracteristicas bajo estudio.
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Figura 4. Diagrama de barras con el nimero de veces que cada caracteristica es seleccionada tras
el procedimiento de seleccion hacia adelante con RL (FSLR) y bootstrapping.

Tabla 9. Rendimiento diagnostico resultado de un proceso de bootstrap para los modelos RL
disefiados con los diferentes subconjuntos de caracteristicas bajo estudio para el diagnéstico de
SAHOS empleando un punto de corte de 3 eventos/h.

Se (%) Sp (%) PPV (%) NPV (%) LR+ LR- Acc (%) AUC

RL 75.7 753 775 744 595 0.38 752 0.79
MSE(49.0,100)  (43.4,100) (53.6,100)  (48.7,100) (1.78,1341)  (0,0.93)  (57.0,90.0) (0.58,0.95)

Rlox 74.7 777 79.7 74.2 476 0.35 76.0 0.82
(47.3,98.8)  (444,1)  (559,1)  (49.9,98.7) (1.62,12.92) (0.01,0.75) (58.8,90.4) (0.64,0.97)

Rlsesox 794 79.3 80.8 78.4 6.65 0.34 79.0 0.80
- (54.9, 1) (553,1)  (62.1,1) (585,1)  (2.56,1439)  (0,0.92)  (63.1,92.8) (0.62,0.95)

84.5 83.0 84.7 83.3 7.81 0.23 835 0.86

RLOPT

(60.1, 1) (542, 1) (61.6,1) (58.7,1)  (1.58,15.05)  (0,0.70)  (63.2,96.1)  (0.65,0.99)

Los datos se presentan en forma de media e intervalo de confianza del 95%, derivados de un procedimiento
de bootstrap de 1000 iteraciones.

Acc: precision; AUC: area bajo la curva ROC; LR+: razén de verosimilitud positiva; LR-: razon de
verosimilitud negativa; NPV: valor predictivo negativo; PPV: valor predictivo positivo; RLuse: modelo de
RL construido con todas las caracteristicas derivadas de la curva MSE; RLwuse-ox: modelo de RL construido
con todas las caracteristicas de la MSE vy los indices clasicos; RLopt: modelo de RL construido con todo el
subconjunto 6ptimo de caracteristicas procedente del procedimiento FSLR+bootstrap; RLox: modelo de RL
construido con todos los indices clasicos de oximetria; Se: sensibilidad; Sp: especificidad.

El modelo de RL compuesto por las caracteristicas derivadas de las curvas MSE
alcanzd una precision moderada (75.2% Acc), con una Se del 75.7%, una Sp del 75.3% y
una AUC igual a 0.79. De manera similar, el rendimiento diagnostico del modelo de RL
compuesto por todos los indices oximétricos convencionales logré una precision también
moderada (76.0% Acc), con una Se del 74.7%, Sp del 77.7% y AUC de 0.82, similar a la
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del ID3 tomado de forma individual. EI modelo de RL compuesto por todas las
caracteristicas bajo estudio (MSE e indices clasicos de oximetria) alcanzé una Acc del 79%,
Se del 79.4%, Sp del 79.3% y AUC igual a 0.80. Por ultimo, el modelo 6ptimo de RL
compuesto por el subconjunto de caracteristicas mas relevantes y menos redundantes
seleccionadas de forma automaética, alcanzé un rendimiento diagndstico notablemente
superior, con una Acc del 83.5% (84.5% Se, 83.0% Sp) y AUC igual a 0.86. Por tanto, el
modelo 6ptimo de RL mejoro de forma significativa el rendimiento diagnostico alcanzado
por el resto de subconjuntos, al lograr una mayor precision, par sensibilidad-especificidad
mayor y manteniendo el balance y mayor AUC. Estos resultados sustentan la hipdtesis
inicial de complementariedad entre los enfoques de caracterizacion de la oximetria bajo

estudio: clasico vs. no lineal.

5.3 Modelos automaticos de ayuda al diagnéstico basados en
nuevas meétricas no lineales de oximetria registrada

mediante un Smartphone

En el estudio realizado por Alvarez et al [163], se analizaron 24 variables
procedentes de cuatro subconjuntos de caracteristicas a priori complementarias: 6 indices
clasicos de oximetria, 2 variables antropomeétricas, 4 momentos estadisticos en el dominio
del tiempo y 12 caracteristicas no lineales procedentes de la dindmica simbolica. La Figura
5 muestra de forma esquematica la codificacion de la sefial de oximetria bajo el enfoque de
la dindmica simbdlica. Posteriormente, se aplicO un modelo de RL como clasificador
binario, dividiendo a los nifios en dos categorias: grupo con IAH <5 eventos/h vs. grupo con
IAH >5 eventos/h. Como se observa en las Tablas 10 y 11, los IDs comunes y los momentos
estadisticos en el dominio del tiempo alcanzaron diferencias estadisticamente significativas
entre nifios con SAHOS moderado-severo frente a los nifios con IAH <5 eventos/h. Un total
de 9 de las 12 caracteristicas derivadas de la dindmica simbdlica también alcanzaron
diferencias estadisticamente significativas entre ambos grupos. El histograma de palabras
de 3 simbolos derivado de la dinamica simbolica mostrd diferencias estadisticamente
significativas (p <0.01) entre nifios con IAH <5 eventos/h y nifios con SAHOS moderado-
severo (IAH >5 eventos/h). La Tabla 12 y la Figura 6 describen de forma cuantitativa y

cualitativa las caracteristicas derivadas de la dinamica simbolica, respectivamente.
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Figura 5. Proceso de “simbolizacion” de un segmento de registro nocturno de SpO- dentro del
contexto de la dindmica simbélica para un paciente representativo del grupo SAHOS moderado-
severo (IAH >5 eventos/h). La linea continua de color azul representa las muestras de oximetria,
mientras que las lineas discontinuas rojas representan los umbrales de cuantificacion del rango de
valores de oximetria empleados para obtener los simbolos.

Tabla 10. Analisis descriptivo de los indices clasicos de SpO; procedentes de la oximetria nocturna
adquirida mediante el Phone Oximeter.

indices clasicos Grupo IAH <5 eventos/h Grupo IAH >5 eventos/h  p-valor
Satave 97.78 [1.19] 97.26 [1.49] N.S.

Satmin 89.70 [7.50] 85.90 [9.73] p<0.01
CT95 0.25[1.14] 2.34 [8.63] p<0.01
ID2 7.25[6.72] 17.59 [17.60] p<0.01
ID3 1.85[2.09] 6.29 [9.30] p<0.01
ID4 0.73[1.00] 2.70 [5.52] p<0.01

Los datos se proporcionan en términos de mediana y IQR. El p-valor mostrado en la Gltima columna se ha
obtenido mediante el test no paramétrico de Mann-Whitney. N.S.: no significativo.

CT95: porcentaje de tiempo acumulado con una SpO2 menor del 95%; IAH: indice de apnea-hipopnea; IDx:
indice de desaturaciones mayores o iguales al x%; Satave: saturacion media; Satvn: saturaciéon minima.

Tabla 11. Analisis descriptivo de los momentos estadisticos de orden 1 a 4 derivados de la sefial de
SpO; procedentes de la oximetria nocturna adquirida mediante el Phone Oximeter.

Momentos estadisticos ~ Grupo IAH <5 eventos/h  Grupo IAH >5 eventos/h p-valor

M1t 97.78 [1.19] 97.26 [1.49] N.S.
M2t 0.29 [0.24] 0.61[0.53] p<0.01
M3t -0.71 [0.63] -0.70 [0.60] N.S.
M4t 4.06 [2.97] 2.84 [2.33] p<0.01

Los datos se proporcionan en términos de mediana y IQR. El p-valor mostrado en la Gltima columna se ha
obtenido mediante el test no paramétrico de Mann-Whitney. N.S.: no significativo.
IAH: indice de apnea-hipopnea; Mxt: momento de orden x en el dominio del tiempo.

193



Capitulo 5 Resumen de resultados

Tabla 12. Andlisis descriptivo de las caracteristicas no lineales derivadas del histograma de palabras
construido bajo el marco de la dindmica simbdlica aplicado a la oximetria nocturna adquirida
mediante el Phone Oximeter.

Caracteristicas no lineales Grupo IAH <5 eventos/h Grupo IAH >5 eventos/h p-valor

Fw 56 [1] 51 [4] p<0.01
PW/111y (x107) 0.83 [2.60] 4.67 [10.89] p<0.01
PW 202 0.34 [0.040] 0.36 [0.047] N.S.

PW (333 0.47 [0.041] 0.46 [0.036] p<0.01
PW (4443 (x107%) 01[0.0] 01[0.53] N.S.

PW {1123 (x107%) 0.28 [0.38] 1.11[1.75] p<0.01
PW (1223 (x107%) 0.35[0.42] 1.24 [1.47] p<0.01
PW (1233 (x10%) 0.42 [1.23] 1.85 [3.57] p<0.01
PW 5213 (X107°) 3.51[7.42] 6.36 [14.84] N.S.

PW (2213 (X107%) 0.37 [0.44] 1.34 [1.70] p<0.01
PW (113 (X107%) 0.28 [0.36] 1.11 [1.75] p<0.01
SymbEn 0.30[0.019] 0.31[0.043] p<0.01

Los datos se proporcionan en términos de mediana y IQR. El p-valor mostrado en la dltima columna se ha
obtenido mediante el test no paramétrico de Mann-Whitney. N.S.: no significativo.

FW: palabras prohibidas; IAH: indice de apnea-hipopnea; PW{sss}: frecuencia relativa de aparicién de la
palabra {sss}; SymbEn: dindmica simbélica normalizada.
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Figura 6. Histograma normalizado (funcion de densidad de probabilidad) de las palabras formadas
por 3 simbolos derivadas de la dindmica simbolica para los nifios con IAH <5 eventos/h (azul) y los
nifios con SAHOS moderado-severo (naranja). Las palabras propuestas para caracterizar los
cambios en el patron de oximetria se muestran etiquetadas.
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Las palabras que representaban un incremento en el valor de oximetria después de
los eventos apneicos (re-saturaciones) mostraron informacion diagndstica relevante. Se
aplico un proceso de seleccién automatica de caracteristicas mediante RL (FSLR) y
bootstrap (1000 repeticiones) para determinar las variables mas relevantes, las cuales se
muestran en la Tabla 13. Un total de 9 de las 24 caracteristicas que componian el conjunto
inicial fueron seleccionadas automaticamente y formaron el subconjunto Optimo de
oximetria. De los indices de oximetria clasicos, las caracteristicas seleccionadas fueron
Satmin e ID3 como medidas de magnitud/profundidad y numero de desaturaciones, mientras
que de las caracteristicas de la dinamica simbdlica las palabras seleccionadas fueron “112”,
“333” y “444”, que representaban incrementos de pendiente y niveles de SpO2 elevados.
Todas las palabras seleccionadas eran representativas de re-saturaciones o incremento en
los valores de saturacion: la palabra “112” representaba una re-saturacion lenta de oxigeno,
la palabra “333” valores de SpO2 por encima de la mediana y la palabra “444” valores de
SpO:- significativamente mas altos (cerca del 99%). De forma complementaria, también se
seleccionaron las caracteristicas de dispersion de los valores de SpO. asociada a los
episodios de apnea (variabilidad, asimetria y concentracién). Por Gltimo, se seleccion6 de
forma automaética el IMC, el cual proporciona informacion sobre el desarrollo fisico del
nifio. En la Tabla 14 se muestra el rendimiento diagnéstico de los subconjuntos de

caracteristicas bajo estudio utilizando RL como clasificador binario.

Tabla 13. Variables que componen el subconjunto 6ptimo de caracteristicas procedentes de un
proceso de seleccion hacia adelante mediante RL (FSLR) y bootstrap (1000 repeticiones). Las
caracteristicas seleccionadas automaticamente mas del 50% de las iteraciones pasaron a componer
el subconjunto 6ptimo final.

Enfoque analitico de procedencia Caracteristica N° de veces seleccionada
indices convencionales de oximetria Satwin 802
ID3 575
Variables antropométricas IMC 734
Momentos estadisticos de primer a cuarto orden M2t 584
M3t 809
M4t 926
Dinamica simbdlica PW (3333 581
PW {444} 875
PW {112 562

ID3: indice de desaturaciones mayores o iguales al 3%; IMC: indice de masa corporal; Mxt: momento
estadistico de orden x en el dominio del tiempo; PW{sss}: frecuencia relativa de aparicion de la palabra {sss};
Satmin: saturaciéon minima.
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Tabla 14. Capacidad diagnostica (bootstrapping) de cada subconjunto de caracteristicas individual
empleando modelos de RL para detectar SAHOS infantil moderado-a-severo.

Origen Se (%) Sp (%) PPV (%) NPV (%) LR+ LR- Acc (%) AUC
Oxi 495 88.2 73.4 73.6 5.20 0.57 73.2 0.76
(28.9,71.8) (76.3,98.4) (53.2,95.9) (62.6,85.3) (2.21,12.61) (0.34,0.79) (64.0,81.7) (0.63,0.86)
Anthr 31.2 86.8 65.7 66.8 3.02 0.79 65.1 0.65
(4.7,59.7) (63.5,99.6) (37.3,96.6) (56.1,78.4) (1.05,11.36) (0.55,61.01) (55.0,75.1) (0.54,0.77)
Stats 50.4 82.0 64.8 72.6 3.29 0.60 69.7 0.75
(22.6,76.2) (64.8,95.9) (45.3,86.0) (60.2,855) (1.53,7.79) (0.31,0.88) (59.4,79.6) (0.64,0.85)
Symb 65.2 86.8 76.2 79.9 6.88 0.41 78.4 0.83

(46.2,84.5) (73.9,96.7) (59.2,92.8) (69.1,90.8) (2.86,17.39) (0.19,0.62) (68.3,87.1) (0.73,0.92)

Los datos se presentan en forma de media e intervalo de confianza del 95%.

Acc: precision; Anthr: caracteristicas antropométricas; AUC: area bajo la curva ROC; LR+: razon de
verosimilitud positiva; LR-: razon de verosimilitud negativa; NPV: valor predictivo negativo; Oxi: indices
clasicos de oximetria; PPV: valor predictivo positivo; Se: sensibilidad; Sp: especificidad; Stats: momentos
estadisticos de primer a cuarto orden; Symb: dindamica simbolica.

De forma individual, los subconjuntos de caracteristicas antropométricas y
estadisticos en el dominio del tiempo proporcionaron un menor rendimiento diagndstico,
con valores de Acc del 65.1% y 69.7% y AUC de 0.65 y 0.75, respectivamente. Los indices
clasicos de oximetria alcanzaron un rendimiento diagnéstico moderado (Acc 73.2%, AUC
0.76), con un par sensibilidad-especificidad muy desbalanceado (Se 49.5%, Sp 88.2%). El
modelo de RL compuesto Unicamente por caracteristicas de la dindmica simbolica logré el
mayor rendimiento diagnéstico individual, con una Acc del 78.4% (65.2% Se, 86.8% Sp) y
AUC de 0.83.

La Tabla 15 recoge el rendimiento diagnostico de la combinacion de los diferentes
subconjuntos de caracteristicas. Estos se han ido incorporando incrementalmente (de forma
anidada) en funcion de su capacidad diagnoéstica individual. Al incluir en el modelo de
oximetria, la edad y el IMC (RLoxi+antHr) NO se obtuvieron diferencias estadisticamente
significativas de mejora del rendimiento (Acc 74%, AUC 0.77). Sin embargo, al incorporar
las caracteristicas del procesado automatico de sefial, principalmente las de la dinamica
simbdlica, se incremento la precision diagnostica de forma notable. Al afiadir al modelo los
momentos estadisticos en el dominio del tiempo (RLoxi+anTHR+sTATS) la precision aumento
hasta el 77.9%, con una AUC de 0.83. Al incorporar caracteristicas de la dindmica
simbolica, el modelo RLoxi+antHr+sTATS+symB alcanzé una Acc del 80.3% y una AUC de
0.85, con un par sensibilidad-especificidad mas balanceado (Se 75%, Sp 83.9%).
Finalmente, el mayor rendimiento diagnostico se obtuvo al construir el modelo con el
subconjunto 6ptimo de caracteristicas (RLopt), alcanzando una Acc del 83.3% (Se 73.5%,

Sp 89.5%), con una AUC de 0.89 (p-valor <0.01), superando al resto de modelos analizados.
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Tabla 15. Rendimiento diagnostico de los modelos RL compuestos por la combinacion
(incorporacion en orden creciente segun su rendimiento individual) de los diferentes subconjuntos
de caracteristicas de oximetria bajo estudio.

Subconjunto  Se (%) Sp (%) PPV (%) NPV (%) LR+ LR- Acc (%) AUC
de variables
Baseline 495 88.2 73.4 73.6 5.20 0.57 73.2 0.76
(Oxi) (28.9, 71.8) (76.3,98.4) (53.2,95.9) (62.6,85.3) (2.21, 12.61) (0.34,0.79) (64.0,81.7) (0.63, 0.86)
Oxi + Anthr 53.9 86.9 72.9 75.0 5.34 0.53 74.0 0.77
(33.8,73.2) (74.0,96.9) (52.6,91.5) (64.3, 85.8) (2.14, 14.76) (0.31,0.77) (64.0,83.2) (0.66,0.87)
Oxi + Anthr 64.6 86.5 75.7 79.5 6.81 0.41 77.9 0.83
+ Stats (45.1, 83.6) (72.4,96.8) (57.4,92.8) (68.6,90.7) (2.67,18.31) (0.20, 0.62) (67.9, 86.5) (0.74, 0.92)
?’;’t;f‘fthr 75.0 83.9 755 84.0 1217 0.32 80.3 0.85
symb (56.4, 91.9) (68.8, 95.9) (58.0, 92.6) (72.7,94.8) (3.23,37.57) (0.12, 0.55) (69.9, 89.9) (0.71,0.95)
Subconjunto 0.89
éptimo 735 89.5 82.0 84.3 10.40 0.30 83.3 (0.79, 0.96)

(OPT) (56.1,89.7) (77.7,99.2) (65.8,98.7) (73.9,93.9) (3.78, 27.77) (0.12,0.50) (74.4,91.0)

Los datos se presentan en forma de media e intervalo de confianza del 95%, derivados de un procedimiento
de bootstrap de 1000 iteraciones.

Acc: precision; Anthr: caracteristicas antropométricas; AUC: &rea bajo la curva ROC; LR+: razén de
verosimilitud positiva; LR-: razon de verosimilitud negativa; NPV: valor predictivo negativo; OPT:
subconjunto de caracteristicas 6ptimas; Oxi: indices clasicos de oximetria; PPV: valor predictivo positivo; Se:
sensibilidad; Sp: especificidad; Stats: momentos estadisticos de primer a cuarto orden; Symb: dinamica
simbolica.

5.4 Analisis del estado actual de la utilidad de la oximetria

En larevision del estado del arte de la oximetria realizada por del Campo et al [100],
se refleja el notable interés surgido en los ultimos afios respecto a la aplicacion en el
contexto del SAHOS infantil de técnicas de analisis automatico de la oximetria nocturna
mediante algoritmos de procesado avanzado de sefial y aprendizaje computacional. En la

Tabla 16 se resumen los principales trabajos analizados.

La oximetria nocturna ha sido propuesta como una técnica accesible, sencilla, eficaz
y valida para la deteccion del SAHOS. Desde el analisis visual al procesado avanzado de la
sefial de SpO», diferentes estudios han demostrado su utilidad como técnica de screening.
Sin embargo, existe todavia controversia sobre su aplicacion general como Unica técnica
simplificada de diagnoéstico de la enfermedad. Actualmente, hay dispositivos portatiles de
alta resolucion combinados con aplicaciones basadas en el reconocimiento de patrones que
son capaces de alcanzar un alto rendimiento diagndstico en la deteccion de SAHOS. Los
estudios analizados sugieren que la oximetria nocturna es una herramienta coste-efectiva de
diagnostico de SAHOS en pacientes con alta probabilidad pre-test para esta enfermedad.

No obstante, en esta revision [100] se concluye que todavia es necesario un mayor nivel de
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evidencia cientifica, asi como analisis mas exhaustivos que evallen la oximetria no

supervisada como una herramienta sencilla de diagnostico de SAHOS, sobre todo en

poblacién pediatrica y en poblacion con diferentes comorbilidades.

Tabla 16. Estudios basados en el anélisis automatico de la oximetria nocturna para la deteccion de
SAHOS pediatrico.

Autor (afio) Poblaciéon de Gold standard Objetivo/ Tipo Técnica de Enfoque de Se Sp Acc
estudio (N) (umbral) de datos analisis de la clasificacion (%) (%) (%)
oximetria
Changetal. 141 nifioscon PSGLas Clasif. binaria/ Presencia de RL 60.0 86.0 71.6
(2013) [20]  sospecha de (IAH =5 Cuestionarios + respiracion boca,
SAHOS eventos/h) oximetria suefio no
reparador, ID4
Jing-Ru et al. 32 nifios PSGLaB Clasif. binaria/ D4 automéatico  1D4 >1 59.26 80.00 -
(2017) [92] roncadores (IAH =1, 5, 10 Pulsera de (IAH >1)
habituales eventos/h) pulsioximetria 1D4 >5 70.59 66.67 -
portatil (IAH >5)
(supervisado) ID4 >10 64.29 83.33 -
(IAH >10)
Garde etal. 146 nifios con PSGLas Clasif. binaria/ Temporal y LDA
(2014) [87] sospecha de (IAH =5 Oximetria espectral:
SAHOS eventos/h) portatil - Sp02 80.0 839 785
(supervisado) - SpO2 +FP 884 83.6 849
Alvarez et al. 50 nifioscon  PSGLas Clasif. binaria/ Estadistico, RL IAH>1) 89.6 715 855
(2017) [98]  sospecha de (IAH>1, 3, Oximetria espectral y no RL (IAH>3) 829 844 834
SAHOS 5 eventos/h)  portatil de laPR lineal RL (IAH>5) 822 83.6 828
domiciliaria
Gutiérrez- 50 nifioscon  PSGLas Clasif. binaria/  Anélisis espectral RL 859 87.4 86.3
Tobal etal.  sospecha de (IAH>3 Flujo aéreo + flujo aéreo + ID3
(2015) [102] SAHOS eventos/h) SpO2de PR
domiciliaria
Crespo etal. 50 nifioscon  PSGras Clasif. binaria/ Caracteristicasno RL 845 83.0 835
(2017) [162] sospecha de (IAH >3 Oximetria lineales + indices
SAHOS eventos/h) portétil de la PR oximetria clésicos
domiciliaria
Vaquerizo- 298 nifios PSGLas Clasif. multiclase Bispectrum, PSD, MLP 3-clases
Villaretal.  roncadores (IAH >1, 5,10 / Oximetria 1D3, edad, sexo, - TIAH>5 618 97.6 81.3
(2017) [117] habituales eventos/h) hospitalaria IMC - TAH>10 60.0 945 85.3
Hornero et al. 4191 nifios PSGLaB Estimacion IAH  Estadistico, MLP:
(2017) [99] roncadores (IAH>1,5,10 / espectral, no lineal - TAH>1 84.0 53.2 75.2
habituales eventos/h) Oximetria e ID3 - TAH>5 68.2 87.2 81.7
hospitalaria - TAH>10 68.7 94.1 90.2
Cohen & De 288 nifios (<27 PSGrome Pulsioximetria ~ Temp/Frec ECG  Discriminante 39.6 76.4 74.7
Chazal semanas) sanos (clasificacion portatil + ECG ~ Temp/Frec ECG lineal 58.1 67.0 66.7
(2015) [101] con sospecha  basada en (no supervisado) + Temp oximetria
de SAHOS eventos)

Acc: precision; ECG: electrocardiograma; FP: frecuencia de pulso; IAH: indice de apnea-hipopnea; ID3:indice
de desaturacion >3%; ID4: indice de desaturacion >4%; IMC: indice de mase corporal; LDA: anélisis
discriminante lineal; MLP: perceptron multicapa; PR: poligrafia respiratoria; PSD: densidad espectral de
potencia; PSG: polisomnografia; RL: regresion logistica; SAHOS: sindrome de apnea-hipopnea obstructiva
del suefio; SpO,: saturacion de oxigeno en sangre procedente de oximetria; Temp.: analisis en el dominio del
tiempo; Temp/Frec: anélisis en los dominios del tiempo y de la frecuencia.
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6.1 Modelos estadisticos de oximetria como herramienta de

ayuda al diagndstico de SAHOS infantil

Los clasificadores estadisticos clasicos han sido propuestos habitualmente como
herramientas automaticas en la ayuda a la deteccién de SAHOS, tanto en adultos como en
nifios. Permiten a los clinicos combinar diferentes fuentes de informacién médica y han
demostrado su utilidad para maximizar la capacidad diagnostica de la oximetria mediante
la combinacion de diferentes caracteristicas oximeétricas. Los clasificadores basados en
LDA [87,101,114,115] y RL [20,41,98,102] han sido los mas utilizados. No obstante, no
hay grandes estudios comparativos entre estas metodologias automaticas aplicadas a la sefial
de SpO2 en el contexto del SAHOS pediétrico.

Garde et al [87] analizaron las caracteristicas en el dominio del tiempo y de la
frecuencia aplicadas al registro de oximetria nocturna como herramienta diagndstica de
SAHOS infantil (IAH >5 eventos/h). Para ello, los autores estudiaron un total de 146
registros de oximetria procedentes de un oximetro portatil, aunque todos los estudios fueron
realizados en el hospital. Emplearon un modelo de LDA que alcanz6 una Acc del 78.5%

(Se 80.0%, Sp 83.9%) utilizando so6lo caracteristicas de la sefial de SpO2, mientras que
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analizando de forma conjunta caracteristicas extraidas de la SpO. y de la frecuencia
cardiaca, el modelo logré una Acc del 84.9% (88.4% Se, 83.6% Sp). Cohen y De Chazal
[101] analizaron una amplia base de datos compuesta por 288 nifios con sospecha de
SAHQOS, evaluando de forma automatica las sefiales de ECG y de SpO. procedentes de
estudios de PSG domiciliarios. Para ello, utilizaron un modelo LDA compuesto Unicamente
por caracteristicas en el dominio del tiempo y de la frecuencia del ECG, alcanzando una
Acc del 74.7% (Se 39.6%, Sp 76.4%) mediante validacion cruzada dejando uno fuera. Sin
embargo, la Acc disminuyé hasta un 66.7% (Se 58.1%, Sp 67.0%) al incluir las

caracteristicas de SpO2 en el modelo.

Respecto al clasificador RL, Chang et al [20] disefiaron un modelo que combinaba
variables clinicas obtenidas mediante cuestionarios con los indices clasicos de oximetria,
alcanzado una Acc del 71.6%. Sin embargo, el modelo fue optimizado y validado utilizando
la misma poblacion, lo que limita la generalizacién de estos resultados. En el estudio
realizado por Gutiérrez-Tobal et al [102], se analizé la utilidad como herramienta para
caracterizar a los nifios con sospecha de SAHOS (IAH >3 eventos/h) del ID3 procedente de
la oximetria nocturna no supervisada combinado con medidas espectrales extraidas de
registros domiciliarios de flujo aéreo. Estos autores emplearon un modelo RL con seleccion
de caracteristicas paso a paso para clasificar a cada paciente, obteniéndose una Acc del
86.3% (Se 85.9%, Sp 87.4%).

En la presente Tesis Doctoral [161] se ha realizado un estudio prospectivo para tratar
de validar las técnicas mas cominmente utilizadas, LDA y RL, como herramienta de
despistaje de SAHOS infantil basada en la oximetria. Ademas, también se ha evaluado la
eficacia del clasificador binario QDA, debido a las diferencias y potenciales ventajas que
aporta comparado con LDA o RL. Los resultados aportan nuevas evidencias cientificas
sobre la eficacia y consistencia del analisis automatico de la oximetria nocturna como
herramienta de screening simplificado de SAHOS en nifios [95]. Las diferencias entre estos
clasificadores disminuyen segin aumenta el umbral clinico o punto de corte de diagndstico
de SAHOS pediatrico. La RL mostré un comportamiento mas estable que los modelos
basados en LDA y QDA. Ademas, la RL alcanzé un mayor valor de precision diagndstica
para todos los puntos de corte bajo estudio, aunque QDA destaco por alcanzar un PPV >90%
independientemente del umbral diagnoéstico, lo que demuestra su mayor utilidad como
herramienta de screening de SAHOS infantil en la préctica clinica. Es muy destacable que,

a pesar del elevado rendimiento de los modelos basados en RL, QDA mostro la mejor
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capacidad de screening para el punto de corte mas restrictivo (IAH >1 evento/h), con un
PPV de 96.5%, LR+ de 8.77, AUC de 0.91 y un par sensibilidad y especificidad balanceado.
Estos resultados concuerdan con otros estudios previos que reportan que la oximetria
nocturna alcanza valores de PPV elevados para un IAH >1 evento/h [95,98]. Examinando
los IDs, los clasificadores estadisticos binarios han superado al clasico ID3 en términos de
precision diagnoéstica. Cuando utilizamos los puntos de corte comunes de clasificacion (ID3
>1, 3 y 5 eventos/h), el ID3 alcanza un par sensibilidad-especificidad desbalanceado,
indicativo de un bajo rendimiento diagnostico. Ademas, al evaluar las curvas ROC (Figura
2), el ID3 tiene una mayor inestabilidad al variar los puntos de corte, lo cual minimiza su
utilidad en la préactica clinica. Los resultados sugieren que el modelo automatico QDA
proporciona mayor informacion complementaria y relevante sobre la dinamica de la
oximetria comparada con el ID3, principalmente para un IAH >1 evento/h como punto de
corte clinico de esta enfermedad. La mayoria de las unidades de suefio utilizan este umbral
clinico de diagndéstico de SAHOS en la interpretacion de la PSG [6], lo cual incrementa la

utilidad de estas técnicas automaticas para el despistaje de la enfermedad.

El sobreentrenamiento es un importante problema en el &mbito del reconocimiento
automatico de patrones, sobre todo si el tamafio de la muestra de entrenamiento es pequefio.
Ademas, algunos clasificadores se ven mas afectados por el sobreentrenamiento que otros.
Por ejemplo, el QDA es mas flexible a la hora de ajustarse a las caracteristicas de las clases
en la poblacion de entrenamiento debido a sus caracteristicas cuadraticas, lo que incrementa
el riesgo del sobreentrenamiento. En esta Tesis Doctoral, se ha comparado la precision
diagndstica obtenida en las fases de entrenamiento y validacién de la metodologia de
bootstrap para ver si los modelos analizados mostraban esta influencia adversa. Se ha
observado que las diferencias en términos de precision diagndstica entre las fases de
entrenamiento y validacion han sido <5% independientemente del modelo utilizado y del
punto de corte de IAH bajo estudio. Estos datos sugieren que no se ha producido un

sobreentrenamiento que afecte a los resultados.

Por tanto, los resultados alcanzados en la presente Tesis Doctoral aportan nuevas
evidencias cientificas sobre la eficacia de los modelos automaticos de clasificacién basados
en la oximetria como herramienta de diagndstico de SAHOS pediatrico y apoya su robustez

y su alta capacidad predictiva.
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6.2 Nuevas medidas no lineales aplicadas a la oximetria

nocturna en ninos

En un estudio reciente liderado por Alvarez et al [98] se analizaron medidas no
lineales de entropia, complejidad y variabilidad, combinadas con momentos estadisticos,
caracteristicas espectrales e IDs de registros de oximetria no supervisada. Estos autores
construyeron un modelo basado en RL, optimizado mediante una seleccion de
caracteristicas paso a paso, estudiando su validez para diferentes puntos de corte de la
enfermedad. La Acc reportada fue del 85.5% (Se 89.6%, Sp 71.5%), 83.4% (Se 82.9%, Sp
84.4%) y 82.8% (Se 82.2%, Sp 83.6%) para los puntos de corte de IAH igual a 1,3y 5
eventos/h, respectivamente. En la presente Tesis Doctoral [162], utilizando la MSE como
herramienta complementaria a los indices clasicos de oximetria y modelado mediante RL,
se alcanz6 una precision diagnostica similar para un punto de corte de 3 eventos/h (Acc
83.5%, Se 84.5%, Sp 83.0% y AUC 0.86).

La MSE ha sido utilizada como herramienta de caracterizacion automatica de
SAHOS en adultos, si bien, no habia sido aplicada previamente como metodologia
diagndstica en nifios que padecen esta patologia. Se demuestra asi, que otros métodos no
lineales diferentes a la SampEn, CTM o LZC aplicados a la oximetria no supervisada,
ofrecen informacion relevante en el contexto de la deteccion de SAHOS infantil. Es
importante también sefialar que, aunque el comportamiento no lineal de los sistemas
bioldgicos es un componente relevante de las sefiales biomédicas, no hay caracteristicas no
lineales que compongan el subconjunto éptimo en los modelos propuestos en trabajos
previos, como en los estudios de Garde et al [87] y Hornero et al [99]. De manera similar,
solo la SampEn ha sido seleccionada en el estudio de Alvarez et al [98]. Dado que se podrian
aplicar nuevas técnicas no lineales para parametrizar de forma adecuada la dindmica no
lineal de la sefial de oximetria, se ha demostrado la utilidad de la MSE para caracterizar

patrones no lineales presentes en esta sefial biomédica [162].

En esta Tesis Doctoral también se han combinado algoritmos avanzados de
procesado de sefial como la dindmica simbdlica y las nuevas tecnologias moviles
(smartphones) para obtener una técnica Util de diagndstico de SAHOS en nifios [163]. La
principal novedad de este estudio ha sido el andlisis de la oximetria mediante la dinamica
simbdlica para parametrizar cambios no lineales complejos asociados a las desaturaciones

intermitentes que se observan en el registro nocturno de SpO.. Estudios previos evaluaron

202



Capitulo 6 Discusion

la capacidad de la dinamica simbdlica como técnica simplificada de screening automatico
de SAHOS en adultos, aplicAndola principalmente sobre la sefial de HRV
[172,175,176,179]. Sin embargo, esta metodologia aplicada a la oximetria nocturna en nifios

con SAHOS no habia sido estudiada hasta ahora.

El histograma normalizado de las combinaciones de simbolos proporcioné
caracteristicas discriminantes capaces de mejorar la deteccion del SAHOS infantil
moderado-a-severo [163]. Concretamente, las palabras que representaban valores de
oximetria elevados y las re-saturaciones después de los eventos apneicos fueron
seleccionadas automéaticamente para componer el subconjunto éptimo de caracteristicas. El
modelo 6ptimo de RL propuesto alcanzé una Acc del 83.3%, con un par sensibilidad-
especificidad balanceado (Se 73.5%, Sp 89.5%) y AUC de 0.89, mejorando
significativamente el rendimiento diagndstico de los modelos compuestos por otras
variables utilizadas méas habitualmente. Ademas, todas las palabras propuestas para
caracterizar las re-saturaciones en el contexto de la dinamica simbdlica alcanzaron
diferencias estadisticamente significativas entre nifios con un IAH <5 eventos/h y nifios con
SAHOS moderado-a-severo, desde las re-saturaciones mas lentas hasta las mas rapidas.
Esto sugiere que el proceso de recuperacion hasta una SpO2 normal juega un papel
importante en nifios con SAHOS moderado-a-severo. Por el contrario, las palabras que
representaban desaturaciones mas profundas no han tenido diferencias estadisticamente
significativas entre ambos grupos. Estos datos sugieren que la magnitud de las
desaturaciones bruscas podria no ser tan discriminante como la de las re-saturaciones en la

detecciodn de esta enfermedad en nifios.

Los resultados alcanzados indican que la dindmica simbolica es también una
metodologia util, capaz de incrementar la capacidad diagndstica de la oximetria nocturna,
superando a enfoques previos de deteccion automatica de SAHOS infantil. Sin embargo,
hay algunas diferencias metodoldgicas que es importante tener en cuenta. En el estudio
realizado por Hornero et al [99], los registros de SpO2 se obtuvieron de la PSG hospitalaria
y se analiz6 una extensa cohorte de nifios roncadores habituales. Por otra parte, en el estudio
realizado por Alvarez et al [98], los registros de oximetria analizados procedian de la PR
realizada en el domicilio del nifio. Desde el punto de vista del reconocimiento automatico
de patrones, Hornero et al [99] utilizaron una red neuronal artificial MLP para estimar el
IAH y posteriormente validarla para un punto de corte de 5 eventos/h. De manera similar,

Vaquerizo et al [117] propusieron una red neuronal artificial MLP para clasificar a los nifios
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en no SAHOS, SAHOS moderado y SAHOS severo. Por ultimo, en el estudio realizado por
Garde et al [87], la Acc se increment6 hasta un 84.9% (Se 88.4%, Sp 83.6%) al utilizar de

forma conjunta las caracteristicas oximétricas y de variabilidad de frecuencia de pulso.

6.3 Eficacia de la oximetria nocturna en diferentes condiciones

de registro

En la primera aportacion de la presente Tesis Doctoral se estudio el rendimiento
diagndstico de tres modelos de clasificacion binarios (LDA, QDA y RL) aplicados a la
oximetria nocturna en un contexto hospitalario [161]. EI modelo QDA mostré la mayor
capacidad de screening. Analizando los falsos positivos obtenidos con dicho clasificador,
es posible observar que dos nifios no SAHOS (IAH real <1 evento/h) fueron errbneamente
clasificados como SAHOS positivos. Uno de ellos (IAH real e ID3 de la PSG igual a 0
eventos/h) tenia una SpO: significativamente mas baja que la media de la SpO del grupo
no SAHOS (SatO2 97%). En el otro nifio, con un 1AH real de 0.4 e ID3 de PSG de 0
eventos/h, se observo que en vigilia tenia un rango de SpO- entre 90 — 100%, lo cual podria
sugerir que otros factores podrian estar disminuyendo la validez generalizada de estos
clasificadores, como padecer una enfermedad en el parénquima pulmonar, entre otros.
Considerando un punto de corte de 3 eventos/h, hubo 3 pacientes no SAHOS (IAH real <3
eventos/h) que fueron incorrectamente clasificados como SAHOS positivos. Dos de ellos
presentaban un ID3 >13 eventos/h y SpO2> minima mas bajas (74 y 56%, respectivamente)
que la media del grupo no SAHOS (91%). El otro nifio present6 un IAH de PSG en el limite
(IAH 2.98) y también se observé un 1D3 significativamente mas alto (7.1 eventos/h) y una
SpO2 minima mas disminuida (81%) que la media del grupo no SAHOS. De forma similar,
tres nifios fueron erréneamente clasificados como SAHOS positivos para un punto de corte
de 5 eventos/h. Dos de ellos fueron también incorrectamente clasificados para un umbral de
3 eventos/h y el otro nifio tenia caracteristicas oximétricas patolégicas (ID3 7.6 eventos/h y
SpO2 minima de 78%) [161].

En la segunda aportacion de la presente Tesis Doctoral, se analizo la sefial de
oximetria adquirida en un contexto domiciliario [162]. En este trabajo se disefi6 un modelo
de RL binaria (usando un punto de corte de 3 eventos/h para diagnostico de la enfermedad)
compuesto por caracteristicas derivadas de la MSE e IDs clasicos. Analizando las variables

de los nifios mal clasificados con el modelo propuesto, se observan 5 falsos positivos. Dos
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de ellos pueden considerarse borderline (IAH de la PSG igual a 2.5 y 2.6). Es importante
destacar que los nifios habian sido diagnosticados de SAHOS mediante la prueba gold
standard, la PSG hospitalaria, realizada una noche diferente a la PR domiciliaria (de la que
se obtuvieron los registros de oximetria), por lo que hay que tener en cuenta la potencial
influencia de la variabilidad noche-a-noche comun en esta patologia. De hecho, 3 de los 5
falsos positivos presentaban un IAH de PR domiciliaria >3 eventos/h (entre 3.6 y 7.7
eventos/h). También se detectaron 5 falsos negativos. Todos eran SAHOS moderado-severo
(IAH PSG >5 eventos/h) mostrando un comportamiento similar en domicilio al utilizar la
PR no supervisada (IAH PR domiciliaria entre 4 y 11 eventos/h). Sin embargo, 4 de los 5
falsos negativos tuvieron un ID3 domiciliario significativamente méas bajo (0.5 a 2.3
eventos/h), lo que sugiere que los eventos respiratorios no produjeron desaturaciones. Esta
es probablemente la mayor y principal limitacion de la oximetria nocturna como técnica de

screening simplificada para la deteccién de SAHOS [162].

Para profundizar en la generalizacion de los diferentes dispositivos y entornos de
registro de la oximetria, en la tercera aportacion de esta Tesis Doctoral [163], se emple0 el
Phone Oximeter como sistema portatil de adquisicion de sefial de SpO.. De esta forma, se
incrementa todavia méas la accesibilidad a los recursos diagnosticos, a la vez que se
disminuye la intrusividad al nifio. El uso de dispositivos portatiles es una gran novedad en
el &mbito de la medicina del suefio infantil. En este contexto, las aplicaciones de
smartphones y de telemedicina estan teniendo una gran popularidad, pudiendo ser utilizadas
tanto como herramientas no supervisadas de diagndstico en el domicilio como para la
monitorizacién del tratamiento. A este auge ha contribuido enormemente el reconocimiento
en los ultimos afios tanto de la prevalencia como del impacto del SAHOS [185]. Sin
embargo, la gran mayoria de las herramientas basadas en smartphones son aplicaciones
moviles orientadas a adultos en el area del bienestar y calidad de vida, con una inadecuada
validacion cientifica [186-188]. Por el contrario, en esta Tesis Doctoral [163] se ha
desarrollado y validado de forma adecuada un nuevo modelo de procesado de sefial
empleando el Phone Oximeter, alcanzando una Acc del 83.3%, un par sensibilidad-
especificidad balanceado (Se 73.5%, Sp 89.5%) y un AUC de 0.89.
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6.4 Comparacion con el estado del arte

En las Tablas 16 — 18 se muestra de forma resumida el estado del arte de la oximetria
nocturna en el contexto del SAHOS infantil. La Tabla 17 recoge los estudios realizados
utilizando enfoques convencionales de anélisis de oximetria (visual y semi-supervisado),
mientras que las Tablas 16 y 18 muestran los estudios realizados aplicando técnicas de
procesado avanzado de sefial y técnicas de reconocimiento automético de patrones al

registro de oximetria nocturna.

En comparacion con el SAHOS en adultos, son pocos los estudios han analizado la
utilidad de la oximetria nocturna en el contexto del SAHOS infantil. Los trabajos previos
se centraron principalmente en analizar la capacidad diagndstica de los IDs [86,91],
incluyendo en ocasiones informacion adicional de la historia clinica buscando incrementar
el rendimiento diagnostico [20]. En estos estudios, la Acc alcanzada variaba entre el 64%
(analisis automatico) y el 85.1% (analisis manual), utilizando un punto de corte de 5
eventos/h. De manera similar, también se ha evaluado el nimero y severidad de los clusters
de desaturaciones (analisis visual) como herramienta sencilla de diagnéstico de SAHOS
infantil [82,84,88,89]. Utilizando un punto de corte de 1 o 2 eventos/h, la Acc alcanzé
valores entre el 78.0% y el 93.4%, mientras que para un IAH >5 eventos/h, la Acc variaba
entre 69.4% y 85.1%. Estudios recientes se han centrado en incrementar la capacidad
diagndstica de la oximetria utilizando procesado automatico de sefial y técnicas de
aprendizaje computacional [87,98,99,117]. Estos autores, han caracterizado la sefial de
SpO2 mediante un amplio conjunto de caracteristicas formado por estadisticos en el dominio
del tiempo y de la frecuencia, caracteristicas espectrales y diferentes medidas no lineales.
En estos estudios, la Acc ha alcanzado valores entre 71.6% y 84.0% (Se 60.0%-82.2%, Sp
66.7%-97.3%) para un punto de corte de 5 eventos/h de diagnéstico de SAHOS utilizando
unicamente la sefial de SpO», mientras que para un umbral diagnostico de 1 evento/h la Acc
variaba entre 75.2% y 85.5% (Se 59.3%-97.1%, Sp 23.3%-80.0%).

En una revision muy reciente del estado del arte de la oximetria nocturna realizada
por Van Eyck et al [77], se sefiala que es una técnica no obstante en fase de desarrollo, no
siendo todavia universal, y cuyos resultados son mejores para SAHOS moderado-a-severo,
siendo necesarios mas estudios sobre todo para SAHOS leve y subgrupos especificos de
nifios. Sin embargo, estos autores afirman que en un futuro podria considerarse como una

herramienta de screening eficaz en el diagnostico de SAHOS infantil.
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Tabla 17. Resumen del estado del arte de los estudios basados en el analisis visual o semi-
automatico de la oximetria nocturna para la deteccion de SAHOS pediétrico.

Autor (afio) Poblacionde  Gold Objetivo / Técnica de Enfoque de Se Sp Acc
estudio (N) standard Tipo de datos analisis de la clasificacion (%) (%) (%)
(umbral) oximetria
Velasco- 167 nifios con  PSGrLas Clasificacion ~ N°de clustersde  Inspeccion visual ~ 86.6 98.9 934
Suérez et al. sospecha de (IAH =1 binaria/ desaturaciones >2
(2013) [84] SAHOS evento/h) Oximetria Las  + N° caidas por
debajo de 90% >1
Tsaietal. 148 nifioscon PSGLas Clasificacion  1D4 manual 1D4 >2.05 77.7 88.9 79.0
(2013) [86] sospecha de (TAH>1, 5, binaria/ (IAH >1)
SAHOS 10 Oximetria Las 1D4 >3.50 83.8 86.5 85.1
eventos/h) (IAH >5)
1D4 >4.15 89.1 86.0 87.1
(IAH >10)
Van Eyck et 130 nifios PSGLas Clasificacion  Criterio: Contabilizacién
al. (2015)  obesos con (TAH >2 binaria/ - Brouillette manual de 58 88 78
[88] sospecha de eventos/h)  Oximetria Las - Velasco desaturaciones 66 69 68
SAHOS
Villaetal. 268 nifioscon PSGLas Clasificacion  Clusters de Semi-automatico
(2015) [89] sospecha de (IAH>1y5 binaria/ desaturaciones e - l1AH2>1 91.6 40.6 85.8
SAHOS eventos/h)  OximetriaLas  historia clinica - IAH>5 40.6 97.9 694

Acc: precision; IAH: indice de apnea-hipopnea; ID4: indice de desaturaciones >4%; LAB: registro
supervisado en el laboratorio de suefio del hospital; PSGiag: polisomnografia realizada en un laboratorio de
suefio especializado; SAHOS: sindrome de apnea-hipopnea obstructiva del suefio.

En los proximos afos, las tecnologias de comunicacion y, sobre todo, las
aplicaciones de smartphones relacionadas con la salud permitiran la implementacién real
de técnicas domiciliarias de diagndstico de SAHOS y de su monitorizacion. De la misma
forma, se esperaba que los nuevos algoritmos de aprendizaje automatico y el analisis de big
data cambien el manejo de las enfermedades cronicas y superen las limitaciones de las
técnicas simplificadas de estudio de TRS en general y, de forma particular, la deteccion y
el manejo del SAHOS [100]. En el contexto del SAHOS pediétrico, los oximetros portatiles
con alta frecuencia de muestreo, alta resolucion, almacenamiento de memoria y mayor
autonomia de bateria, ofrecerdn una alta precision diagndstica y proporcionaran
informacidn de forma continuada sobre el estado de salud de los pacientes para hacer posible
una medicina personalizada. Ya actualmente, las sociedades cientificas expertas en la
medicina del suefio solicitan mayor busqueda de pacientes pediatricos y con comorbilidades
[189]. Algoritmos de aprendizaje utilizando big data permitirdn identificar estas
subpoblaciones. Las lineas futuras también se centraran en estudiar la variabilidad noche a
noche, la coste-efectividad de herramientas simplificadas y no supervisadas en el
diagnostico del SAHOS, asi como de la tecnologia que ofrecen los nuevos dispositivos
moviles. Ademas, se avanzara en la identificacion de distintos fenotipos de SAHOS y en el

uso de terapias mas personalizadas.
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Tabla 18. Principales caracteristicas de los ultimos trabajos centrados en el analisis automatico de
la oximetria nocturna para la deteccion de SAHOS pediétrico, publicados tras el estudio del estado
del arte realizado en la contribucion [100] (Actualizacion de la Tabla 16).

Autor (afio)  Poblacion de Gold Objetivo/ Tipo Técnica de analisis Enfoque de Se Sp Acc
estudio (N) standard de datos de la oximetria clasificacion (%) (%) (%)
(umbral)
Vaquerizo- 981 nifios PSGLaB Estimacion IAH DFA, ID3 MLP regresion
Villar et al. roncadores (IAH>1, 5, /OximetriaLas - IAH>1 97.1 23.3 82.7
(2018) [190]  habituales 10 - IAH>5 78.8 83.7 819
eventos/h) - JAH>10 77.1 948 91.1
Alvarezetal. 142 nifios con PSGLas Clasif. binaria/ IMC, edad, RL 73.5 89.5 83.3
(2018) [163]  sospechade  (IAH>5 Oximetria momentos (bootstrap)
SAHOS eventos/h)  portatil Phone  estadisticos, IDs,
Oximeter dindmica simbdlica
Vaquerizo- 981 nifios PSGLas Clasif. binaria/ Wavelet, ID3, - RL 72.6 90.2 83.7
Villar et al. roncadores (IAH >5 OximetriaLas momentos - SVM 719 91.1 84.0
(2018) [118]  habituales eventos/h) estadisticos, PSD - MLP 73.3 89.0 83.2

Acc: precision; DFA: detrended fluctuation analysis; IAH: indice de apnea-hipopnea; ID3: indice de
desaturacion >3%; IMC: indice de mase corporal; MLP: perceptron multicapa; PSD: densidad espectral de
potencia; PSGpas: polisomnografia; RL: regresion logistica; SAHOS: sindrome de apnea-hipopnea
obstructiva del suefio; Se: sensibilidad; Sp: especificidad.

Por tanto, el manejo de esta enfermedad en la poblacion infantil estd cambiando
[143] y, probablemente en un futuro cercano, sdlo haya que recurrir a la PSG hospitalaria
convencional en casos no concluyentes, complejos o dudosos, acortando tiempos y costes
en el manejo de esta patologia y evitando la comorbilidad asociada a la misma en casos no

tratados.

6.5 Limitaciones

A continuacion, se identifican las limitaciones de la presente Tesis Doctoral, que es
necesario analizar para valorar adecuadamente los resultados y conclusiones de esta

investigacion.

Una de las principales limitaciones es el tamafio de la poblacion bajo estudio. Seria
necesario analizar muestras mas extensas para poder validar y extender las metodologias
propuestas de forma generalizada, principalmente en el estudio de Crespo et al [162], en el
que la base de datos estaba compuesta por unicamente 50 pacientes. No obstante, se ha
aplicado bootstrapping [161-163], tanto para hacer la seleccion de caracteristicas como para
disefiar el modelo de reconocimiento de patrones, tratando asi de minimizar el
inconveniente de tener un limitado tamafio muestral. De manera similar, un conjunto mas

grande e independiente permitiria una mejor caracterizacion de los cambios en la sefial de
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oximetria mediante la MSE [162] y la dindmica simbdlica [163]. La poblacion deberia estar
también formada por grupos de nifios SAHOS positivos y SAHOS negativos de forma més
balanceada, para poder conseguir una estimacion mas precisa, puesto que el desbalanceo
entre las clases puede afectar al rendimiento de los modelos automaticos. A pesar de ello,
los resultados alcanzados ya revelan diferencias estadisticamente significativas entre el
grupo SAHOS positivo los nifios sin SAHOS para casi todos los pardmetros de MSE [162],
asi como diferencias consistentes y significativas entre histogramas de secuencias de
simbolos de nifios con IAH <5 eventos/h y nifios con SAHOS moderado-severo [163]. De
igual modo, la poblacion bajo estudio podria extenderse para aumentar la generalizacion de
los resultados, por ejemplo, incluyendo diferentes tipos de oximetros y realizando
comparaciones entre diferentes poblaciones formadas por nifios con sindromes

craneofaciales o alteraciones genéticas, entre otros.

Asi mismo, las metodologias propuestas se han centrado en clasificadores
automaticos binarios [161-163]. Aunque estos clasificadores son técnicas muy Utiles como
herramientas de analisis automatico en el screening de esta enfermedad, seria interesante
desarrollar un modelo de reconocimiento de patrones capaz de clasificar a los pacientes en
cuatro categorias segun la gravedad del SAHOS (no SAHOS, SAHOS leve, moderado y
grave). LDA [87,101,114,115] y RL [20,41,98,102] han sido utilizados predominantemente
como clasificadores binarios en el diagndstico de esta enfermedad, siendo el modelo de RL
el que podria ser considerado como el clasificador de referencia en el contexto del
reconocimiento automatico de patrones como metodologia diagnostica de SAHOS infantil
[161-163]. LDA requiere que todas las variables de entrada sigan una distribucién normal
y mismas varianzas, asumiendo que no siempre coincide con el patrén de clasificacion real.
RL proporciona un enfoque mas general, que encaja mejor con las caracteristicas del
problema bajo estudio. No obstante, como técnicas de reconocimiento automatico de
patrones, las redes neuronales artificiales o las SVM ya han demostrado su utilidad en el
contexto del SAHOS en adultos [112,191-193], por lo que seria necesario estudiar
extensivamente su validez en el contexto de SAHOS infantil, en el que ya se estan
publicando los primeros trabajos [99,117,118,190]. Respecto a la extraccion de
caracteristicas procedentes de la oximetria nocturna, nuestros resultados sugieren que los
métodos de procesado no lineal basados en la MSE y en la dinamica simbolica aportan
informacion relevante. En este sentido, otras técnicas como la transformada wavelet, con un

enfoque escala-frecuencia, podria ser también una metodologia complementaria a las
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caracteristicas de la MSE y de la dindmica simbdlica.

Las metodologias propuestas [161-163], a pesar de mostrar su utilidad en el
diagnostico del SAHOS pediatrico leve y SAHOS moderado-a-severo, tienen todavia que
incrementar su efectividad en la deteccion de nifios sin SAHOS (IAH <1 evento/h). Un
posible enfoque podria ser la incorporacién de diferentes etapas de screening, de manera
que, si el resultado del modelo propuesto basado en oximetria indicara que el nifio no tiene
SAHOS se recurriria a un examen mas profundo utilizando otro clasificador con un alto
NPV. Asi, se podria minimizar el nimero de PSG realizadas en las unidades de suefio. Otro
posible enfoque podria consistir en incorporar otras fuentes de informacion, como datos de
historia clinica o combinaciéon de otras sefiales biomédicas, como el flujo aéreo o la
frecuencia de pulso. Seria conveniente que esas sefiales procedieran del mismo sensor, para
que la ventaja de la sencillez de la herramienta de diagnostico propuesta no se viera
comprometida. Los dispositivos de pulsioximetria proporcionan realmente dos sefiales
derivadas de la fotopletismografia, la SpO2 y la frecuencia de pulso, por lo que se podrian
utilizar las caracteristicas derivadas de estos dos registros para mejorar el rendimiento
diagnostico de los clasificadores automaticos. En la linea de investigacion desarrollada en
esta Tesis, se ha utilizado Unicamente la sefial de SpO>. Sin embargo, otros autores han
demostrado la utilidad de la frecuencia de pulso para obtener informacién adicional sobre
la presencia de SAHOS en nifios [87,114,115].

Finalmente, en la presente Tesis Doctoral se ha utilizado el Phone Oximeter, un
dispositivo portatil y muy sencillo que combina un pulsioximetro con un smartphone, lo
que permite disminuir la intrusividad al nifio. Sin embargo, es necesario destacar que en
dicho estudio la sefial de SpO2 procedente del pulsioximetro se adquiri6 en el laboratorio de
suefio [163]. Dado que es un dispositivo portatil, su mayor utilidad se conseguiria realizando
los estudios en el domicilio del paciente. Por ello, serian necesarios trabajos adicionales que

validen esta metodologia en un entorno no supervisado.

6.6 Contribuciones originales

En la presente Tesis Doctoral se han disefiado y evaluado diferentes metodologias
basadas en el analisis automatico de la oximetria nocturna como herramienta diagnéstica de
SAHOS en nifios, validadas tanto en el ambito hospitalario como domiciliario. Los modelos

automaticos propuestos han alcanzado una alta precision diagnostica, ofreciendo
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informacion relevante y complementaria a los indices clasicos y mejorando el rendimiento

diagnostico de la oximetria nocturna.
Las principales contribuciones de esta investigacion se describen a continuacion:

- Se aportan nuevas evidencias cientificas sobre la utilidad de la oximetria
nocturna como herramienta sencilla, precisa y segura alternativa a la PSG
utilizada para el screening de SAHOS en nifios con alta probabilidad pre-test.

- Se han disefiado y validado metodologias de procesado automaético y técnicas
de reconocimiento de patrones de una Unica sefial, la SpO2, que alcanzan una
alta precision diagnostica y ofrecen informacion relevante y complementaria a
los indices de desaturacion clasicos, mejorando la capacidad diagnostica de la
oximetria como herramienta simplificada de diagnostico de SAHOS en la
infancia.

- Se han encontrado nuevas métricas no lineales derivadas de la MSE vy de la
dindmica simbolica aplicadas a la sefial de oximetria que maximizan las
diferencias entre nifios con SAHOS y nifios sin enfermedad.

- Se havalidado la utilidad de la oximetria domiciliaria no supervisada como test
de screening de SAHOS en nifios, con un alto poder de discriminacion de la
enfermedad.

- Se havalidado la efectividad del registro y procesado automatico de la sefial de
oximetria mediante tecnologias moviles (Phone Oximeter), lo que permite

disminuir la intrusividad en el nifio e incrementar la accesibilidad al diagnéstico.

A continuacidn, se enumeran los 4 articulos que forman parte de la presente Tesis

Doctoral, presentada como compendio de publicaciones:

1. Alvarez D, Crespo A, Vaquerizo-Villar F, Gutiérrez-Tobal GC, Cerezo-
Hernandez A, Barroso-Garcia V, Ansermino JM, Dumont GA, Hornero R, del
Campo F, Garde A. Symbolic dynamics to enhance diagnostic ability of
portable oximetry from the Phone Oximeter in the detection of paediatric sleep
apnoea. Physiological Measurement 2018; 39(10): 104002.

2. Del Campo F, Crespo A, Cerezo-Hernandez A, Gutiérrez-Tobal GC, Hornero
R, Alvarez D. Oximetry use in obstructive sleep apnea. Expert Review of
Respiratory Medicine 2018; 12(8): 665-681.

3. Crespo A, Alvarez D, Kheirandish-Gozal L, Gutiérrez-Tobal GC, Cerezo-
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Hernandez A, Gozal D, Hornero R, del Campo F. Assessment of oximetry-
based statistical classifiers as simplified screening tools in the management of
childhood obstructive sleep apnea. Sleep and Breathing 2018; 22(4): 1063-
1073.

4. Crespo A, Alvarez D, Gutiérrez-Tobal GC, Vaquerizo-Villar F, Barroso-Garcia
V, Alonso-Alvarez ML, Teran-Santos J, Hornero R, del Campo F. Multiescale
entropy analysis of unattended oximetric recordings to assist in the screening of

paedriatic sleep apnoea at home. Entropy 2017; 19: 284.

6.7 Lineas futuras

Para poder validar y extender los resultados de la presente Tesis Doctoral seria
conveniente realizar estudios multicéntricos con grandes tamafios muestrales, que permitan
efectuar una mejor caracterizacion de las metodologias de procesado automatico y de las
técnicas de reconocimiento de patrones de la oximetria nocturna. De la misma manera,
deberian llevarse a cabo tanto en el hospital como en el domicilio del paciente, incluyendo
la validacion de diferentes tipos de oximetros de alta resolucion. Las poblaciones bajo
estudio deberian estar formadas por grupos de nifios sin enfermedad y con enfermedad de
forma balanceada, asi como segun el grado de gravedad, incluyendo tamafios muestrales
similares de pacientes con SAHOS leve, moderado y severo. Esto es necesario para
conseguir un rendimiento mas preciso de las metodologias automaticas. Igualmente, se
deberian incluir diferentes subgrupos especificos de nifios con alteraciones genéticas y
anatémicas, entre otras, para estudiar la eficacia de estas herramientas en poblaciones de
pacientes mas complejos. De forma similar, también resultaria interesante evaluar el
rendimiento diagndstico de las técnicas automaticas basadas en la oximetria a la hora de
realizar un seguimiento a largo plazo de los pacientes tras recibir tratamiento.

En la presente Tesis Doctoral se han utilizado diferentes clasificadores binarios, sin
embargo, seria de interés poder disefiar y validar otros modelos de reconocimiento de
patrones mas complejos capaces de clasificar a los pacientes en las cuatro categorias segun
la gravedad del SAHOS (no SAHOS, SAHOS leve, moderado y grave) o estimar el I1AH.
Con este objetivo, los nuevos enfoques de deep learning tienen mucho que aportar a corto

y medio plazo.
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Finalmente, en la presente investigacion se ha utilizado el Phone Oximeter como
dispositivo portatil que incorpora un pulsioximetro, aunque utilizado en el ambito
hospitalario. Por ello, seria necesario validar esta herramienta diagndstica en un contexto
domiciliario, lugar habitual donde descansa el nifio y, por tanto, lugar donde el paciente
tendra una mayor eficiencia del suefio. En un futuro, las tecnologias de comunicacion vy,
sobre todo, las aplicaciones de smartphones relacionadas con la salud, permitiran la
implementacion real de estas técnicas domiciliarias de diagndstico de SAHOS y de su

monitorizacion.
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7. CONCLUSIONES

El analisis automatico de la oximetria nocturna mediante técnicas de procesado de sefial
y reconocimiento de patrones alcanz6 una precision diagndéstica superior a la obtenida

por los indices clasicos de oximetria en nifios con alta probabilidad pre-test de SAHOS.

La combinacion de caracteristicas no lineales derivadas de la entropia de multiples
escalas y de la dinamica simbdlica con variables oximétricas convencionales permitio
incrementar la capacidad diagndstica de la oximetria como herramienta simplificada de
ayuda al diagnéstico de SAHOS infantil, tanto en un entorno hospitalario como

domiciliario.

Los modelos de clasificacion basados en regresion logistica binaria aplicados a las
caracteristicas extraidas de la sefial de oximetria nocturna hospitalaria mantuvieron una
alta precision diagnostica independientemente de los niveles de gravedad de SAHOS

infantil.

De todos los clasificadores automaticos basados en la oximetria hospitalaria, el modelo
de analisis discriminante cuadratico demostré la mejor capacidad de screening de

SAHOS infantil para el umbral de diagnostico mas restrictivo (IAH >1 evento/h).
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5. Enunentorno no supervisado, el modelo de regresion logistica compuesto por variables
procedentes de la oximetria nocturna también alcanz6 un rendimiento diagndstico
elevado en la deteccion de nifios con sospecha de SAHOS para un punto de corte de
IAH >3 eventos/h, superando en un 7.5% la precision obtenida por los indices clasicos

de oximetria.

6. Las técnicas no lineales de procesado de sefiales biomedicas incrementaron la precision
diagnostica de la oximetria portatil adquirida mediante el Phone Oximeter, validando
su eficacia como herramienta poco intrusiva para la deteccion del SAHOS infantil

moderado-a-severo.
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14.

15.

16.

17.

18.

19.

J, Somoza M, Masa F, Sanchez MA, Jara B, Orosa B, Crespo A. Efecto del
tratamiento con presion positiva continua sobre la calidad de vida en mujeres con
apnea obstructiva del suefio. Estudio aleatorizado y controlado. 49 Congreso
Nacional de la Sociedad Espafiola de Neumologia y Cirugia Toracica. Granada. 10-
13 Junio 2016.

Crespo A, del Campo F, Alvarez D, Arroyo CA, Gutiérrez-Tobal GC, de Frutos JF,
Ruiz T, Hornero R. Estudio comparativo de concordancia entre el andlisis de la
oximetria en pacientes con sospecha de SAHS, realizados en la unidad del suefio
versus domicilio. 48 Congreso Nacional de la Sociedad Espariola de Neumologia y
Cirugia Toré&cica. Gran Canaria. 5-8 Junio 2015.

Crespo A, del Campo F, Hornero R, Alvarez D, Teran J, Gutiérrez-Tobal GC,
Alonso ML. Utilidad del andlisis discriminante lineal aplicado a la sefial de
oximetria domiciliaria en la ayuda al diagnéstico del sindrome de apnea obstructiva
del suefio en nifios. 48 Congreso Nacional de la Sociedad Espafiola de Neumologia

y Cirugia Toracica. Gran Canaria. 5-8 Junio 2015.

Juez L, del Campo F, Ruiz T, Marcos JV, Alvarez D, Arroyo CA, de Frutos JF,
Crespo A, Hornero R. Estudio comparativo entre un método automético de
estimacion del indice de apnea hipopnea y la poligrafia respiratoria nocturna en
pacientes con sospecha de Sindrome de Apnea Hipopnea del suefio. 47° Congreso
Nacional de la Sociedad Espafiola de Neumologia y Cirugia Toréacica. Bilbao. 6-9
Junio 2014.

Del Campo F, Ruiz T, de Frutos JF, Arroyo CA, Crespo A, Juez L. Implicaciones
de la realizacion de guardias durante el periodo de formacién sobre la calidad de
suefio y repercusiones sobre la vida diaria. XXI Congreso de la Sociedad Espafiola
de Educacion Médica. Madrid. 11 Octubre 2013.

Crespo A, del Campo F, de Frutos JF, Arroyo CA, lzquierdo I, Samaniego R,
Alonso MJ. Polimorfismos genéticos y sindrome de apnea del suefio. 46° Congreso
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14-17 Junio 2013.

Del Campo F, Gutiérrez-Tobal GC, Alvarez D, Crespo A, Hornero R. Estudio del
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Espafiola de Neumologia y Cirugia Toréacica. Barcelona. 14-17 Junio 2013.

A.5 Premios y reconocimientos (10)

1.

Comunicacion “Seleccion Plata” Trastornos Respiratorios del Suefio: Cerezo-
Hernandez A, Ruiz T, Alonso MJ, Crespo A, Alvarez D, de Frutos JF, Arroyo CA,
del Campo F. Relacion entre los polimorfismos de apolipoproteina E e hipertension
arterial en una cohorte de pacientes con trastornos respiratorios del suefio. 51°
Congreso Nacional de la Sociedad Espafiola de Neumologia y Cirugia Torécica.
Palma de Mallorca. 3 Junio 2018.

Comunicacién “Seleccion Plata” Trastornos Respiratorios del Suefio: Alvarez D,
Garde A, Crespo A, Vaquerizo-Villar F, Gutiérrez-Tobal GC, Cerezo-Hernandez
A, Ansermino JM, Dumont GA, Hornero R, del Campo F. Caracterizacion del
registro portatil de oximetria nocturna mediante técnicas de dinamica simbdlica en
niflos con sospecha de apnea del suefio. 51° Congreso Nacional de la Sociedad
Espafiola de Neumologia y Cirugia Torécica. Palma de Mallorca. 3 Junio 2018.

Premio a la comunicacion: Relacion entre los polimorfismos de apolipoproteina-e
e hipertension arterial en una cohorte de pacientes con trastornos respiratorios del
suefio. Cerezo-Hernandez A, Ruiz T, Alonso MJ, Crespo A, Alvarez D, de Frutos
JF, Arroyo CA, del Campo F. XXVI Reunién Anual de la SES 2018. Barcelona.
26-28 Abril 2018.

Publibeca 2017. Estimacién automatica de la severidad de la apnea del suefio

mediante una red neuronal artificial aplicada al flujo aéreo monocanal (1D: 490).

Segundo premio a la mejor Comunicacién Cientifica de SES 2017: Transformada
wavelet de la sefial de oximetria nocturna y variables antropomeétricas en la ayuda al
diagnostico automatico de la apnea del suefio infantil. Alvarez D, Vaquerizo-Villar
F, Crespo A, Gutiérrez-Tobal GC, Barroso-Garcia V, Cerezo-Hernandez A, Lépez
G, Kheirandish-Gozal L, Gozal D, Hornero R, del Campo F. XXV Reunion Anual
de la SES 2017. Santander. 21 Abril 2017.

Grant for best abstract in paediatric respiratory physiology 2016: Automated
analysis of overnight oximetry recordings by means of support vector machines to

assist in the diagnosis of paediatric sleep apnoea. Crespo A, Alvarez D,
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10.

Kheirandish-Gozal L, Gutiérrez-Tobal GC, Philoy MF, Mohammadi M, Hornero R,
Gozal D, del Campo F. 26Th International congress of the European Respiratory
Society. Londres. 3-7 Septiembre 2016.

En virtud del Programa de Reconocimiento e Incentivacion de profesionales que
han finalizado en 2015 su residencia en los centros e instituciones sanitarias de la
Gerencia Regional de Salud de Castilla y Leon, se reconoce a Andrea Crespo,
especialista en Neumologia, su trayectoria profesional durante la residencia
incentivandole con un contrato de 3 afios en el Hospital Universitario Rio Hortega
de Valladolid (15 Julio 2015 - 15 Julio 2018).

Premio SOCALPAR 2015 a la Comunicacion Cientifica: Eficacia diagnostica de la
pulsioximetria nocturna en el &mbito domiciliario frente al hospitalario en pacientes
con sospecha de Sindrome de Apnea Hipopnea del suefio. Crespo A, del Campo F,
Juez L, Lopez G, Alvaro TM, de Frutos JF, Arroyo CA, Ruiz T, Alvarez D,
Gutiérrez-Tobal GC, Hornero R. XXXIV Congreso de la Sociedad Castellano-

Leonesa y Cantabra de Patologia Respiratoria. Salamanca. 15 Mayo 2015.

Ayuda para la asistencia a Cursos, Congresos y Jornadas Cientificas relevantes en
el desarrollo de tesis doctorales (Modalidad de Estancias Breves), para la estancia
en la Universidad de Chicago (EEUU) desde el 1 de Julio hasta el 30 de Septiembre
de 2014. Universidad de Valladolid. 07 Enero 2015.

Premio de la AECC en investigacion biomédica de la Real Academia de Medicina
y Cirugia de Valladolid “Cancer y trastornos respiratorios durante el suefio”, lema

“sueno”. Del Campo F, Crespo A, Ruiz T, Arroyo CA, Juez L, de Frutos JF. 2013.

A.6 Estancias en el extranjero (1)

1.

The University of Chicago Sleep Disorders Center in Chicago (EEUU) durante los
meses de Julio, Agosto y Septiembre de 2014 con objetivo de profundizar sobre los

trastornos del suefio en adultos y nifios.
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A.7 Ponencias invitadas (11)

1.

10.

11.

Diagnostico del SAHS. Curso “Sindrome de apnea obstructiva del suefio”. Hospital

Virgen de la Concha. Zamora. 28 Mayo 2019.

SAHOS en situaciones especiales: nifios, mujeres, ancianos. Curso “Sindrome de

apnea obstructiva del suefio”. Hospital Virgen de la Concha. Zamora. 28 Mayo 2019.

Uso de aplicaciones mdviles como herramienta de manejo del SAHS. Reunion PlI
de Suefio. Reunién de Invierno Area TRS-VM-CRC. 25 Reunién de invierno
conjunta Areas SEPAR 2018. Salamanca. 22 Noviembre 2018.

“Embla Clinical”. Interpretacion de eventos respiratorios en adultos. Sesion clinica
del Servicio de Neumologia. Hospital Universitario Rio Hortega. Valladolid. 9
Noviembre 2016. 0.2 créditos.

Un caso diferente en nuestra consulta de Suefo. Sesion clinica del Servicio de
Neumologia. Hospital Universitario Rio Hortega. Valladolid. 27 Abril 2016. 0.2

créditos.

El SAHS en la edad pediatrica. Curso en Medicina del Suefio para Atencion
Primaria. XXIV Reunién Anual de la SES 2016. Valladolid. 31 Marzo 2016.

Durmiendo despierto. Mesa redonda: Codificacidn de estudios del suefio de dificil
interpretacion. XXIV Reunion Anual de la SES 2016. Valladolid. 31 Marzo 2016.

Manual SEPAR de procedimientos 30. CPAP y otros sistemas de tratamiento en el
SAHS. Volumen 1. Sesion clinica del Servicio de Neumologia. Hospital
Universitario Rio Hortega. Valladolid. 3 Febrero 2016. 0.2 créditos.

Mas alla del P11 de Suefio. Cuéntanos. Reunion Pl Suefio. XIX Reunion de Invierno
Conjunta Areas SEPAR. Area TRS-VM-CRC. Alcala de Henares. 19 Noviembre
2015.

Sindrome de apnea hipopnea en nifios. Sesion clinica del Servicio de Neumologia.
Hospital Universitario Rio Hortega. Valladolid. 5 Octubre 2015. 0.2 créditos.

Rotation at the University of Chicago Sleep Disorders Center July 1st - September
26th 2014. Sesion clinica del Servicio de Neumologia. Hospital Universitario Rio
Hortega. Valladolid. 15 Abril 2015.
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A.9 Moderacién en congresos/ jornadas/ reuniones (8)

1.

Posters AREA TRS/VM/CRC. 52° Congreso Nacional de la Sociedad Espafiola de
Neumologia y Cirugia Toracica (SEPAR). Santiago de Compostela. 13-16 Mayo
2019.

Pésters 11. XXVII Reunion Anual SES. Vitoria. 13 Abril 2019.

La actualidad en los trastornos del suefio. 25 Reunion de Invierno Conjunta Areas
SEPAR. Salamanca. 24 Noviembre 2018.

Presentacion proyectos PIlI Suefio. Reunion PII Suefio. 25 Reunion de Invierno
Conjunta Areas SEPAR. Area TRS-VM-CRC. Salamanca. 22 Noviembre 2018.

Actualizacion del tratamiento del Sindrome de Apnea Hipopnea del Suefio. XXXVII
Congreso de la Sociedad Castellano-Leonesa y Cantabra de Patologia Respiratoria.
Valladolid. 11-12 Mayo 2018.

Controversias en Pediatria. XXV1 Reunion Anual de la Sociedad Espafiola de Suefio
2018. Barcelona. 26-28 Abril 2018.

Presentacion proyectos PIl Suefio. Reunion PIl Suefio. 22 Reunién de Invierno
Conjunta Areas SEPAR. Area TRS-VM-CRC. Sevilla. 23 Noviembre 2017.

Presentacion proyectos PIlI Suefio. Reunién PIl Suefio. 21 Reunién de Invierno
Conjunta Areas SEPAR. Area TRS-VM-CRC. Sevilla. 24 Noviembre 2016.

A.10 Comités/ grupos de trabajo/ sociedades (12)

1.

Representante joven “Early Carecer Member” del Comité de Fisiologia Clinica y
Suefio (Asamblea 4) de la Sociedad Europea de Neumologia (2019 - 2022).

Coordinadora para la Web. Comiteé ejecutivo del area de trastornos respiratorios del
suefio —ventilacion mecanica- cuidados respiratorios criticos de la Sociedad

Espafiola de Neumologia y Cirugia Torécica (2018 - Actualidad).

Vocal PIl Suefio. Comité ejecutivo del PIl de suefio. Sociedad Espafiola de

Neumologia y Cirugia Torécica (2017 - Actualidad).
Coordinadora para la Web de Spanish Sleep Network (SNN).

Miembro (secretaria) del comité local y organizador de la XXIV Reunion Anual de
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la Sociedad Espafiola de Suefio 2016. Valladolid.

o

Grupo Pediatrico de la Sociedad Espafiola de Suefio.

~

Grupo Espafiol de Jovenes Investigadores en Suefio. Spanish Sleep Network (SNN).

o

Grupo de Investigacion de Ingenieria Biomédica de la Universidad de Valladolid.

©

European Respiratory Society.
10. Sociedad Espariola de Suefio.
11. Sociedad Espafiola de Neumologia y Cirugia Toréacica.

12. Pneuma-socalpar Fundacion Castellano-Leonesa y Cantabra de Patologia

Respiratoria.
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