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. Introduction

1.1 Syndrome d’apnées obstructives du sommeil

Le syndrome d’apnées obstructives du sommeil (SAOS) est une maladie respiratoire chronique qui se caractérise par
des interruptions involontaires et répétitives de la respiration (apnées) et/ou des réductions significatives du flux d’air
respiratoire (hypopnées) pendant le sommeil. Ces apnées-hypopnées sont principalement causées par des obstructions des
voies aériennes supérieures (VAS) résultant de l'affaissement des tissus mous des VAS du fait d’anomalies anatomiques ou

fonctionnelles. Les facteurs de risque majeurs de cette pathologie sont 'obésité, ’dge avancé et le sexe masculin [45]. En

le mécanisme physiopathologique du SAOS.

Cardiovascular and <«———— Visceral fat
metabolic co-morbidities | -

| Reduction of

| Obstruction of
\ the upper airway \lung volume
\.\
_—-'{-'_.Z- = i

\\ o \% _ _ ’__,--""' |

Abnormal upper airway <«— Inceased leptin
neuromechanical control secretion

Nature Reviews | Disease Primers

Figure 1.1: Obésité et syndrome d’apnées obstructives du sommeil.

L’obésité prédispose au SAOS par linfiltration de graisses dans le cou conduisant & des affaissements des VAS. Elle augmente
également la pression abdominale, réduisant le volume pulmonaire. L’accumulation de tissus adipeux pourrait aussi affecter le
contréle neuromécanique des VAS par les effets spécifiques de la leptine. La graisse viscérale favorise les comorbidités
cardiométaboliques. Les "bulles” représentent les gaz inhalés et expirés. Légende et figure tirées de [45], la figure est adaptée de
Drager L, Togeiro S, Polotsky V, et al. Obstructive Sleep Apnea. J Am Coll Cardiol. 2013 Aug, 62 (7) 569-576, Elsevier..

Le SAOS engendre plusieurs effets néfastes directs sur 'organisme tels qu’une augmentation de l'effort respiratoire
avec des micro-éveils, des pressions intra-thoraciques modifiées qui exercent des contraintes mécaniques sur le coeur et les
vaisseaux, ainsi qu’'une exposition intermittente a ’hypoxie qui correspond & une diminution temporaire de 'apport en

oxygene dans l'organisme avant de retrouver un niveau normal. Il en résulte divers symptomes qui alterent la qualité de
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vie, notamment une somnolence diurne, une détérioration des capacités cognitives comme la difficulté de concentration, la
dépression et un risque accru d’accidents vasculaires [45]. En outre, le SAOS entraine une baisse de productivité et une
augmentation de I’absentéisme professionnel [3]. De nombreux phénomenes interdépendants entrainent une perturbation
systémique de l'organisme, provoquant une altération des fonctions métaboliques, hépatiques et cardiovasculaires. Ces
phénomenes interdépendants sont présentés en [Figure 1.2] Le SAOS peut également entrainer une hypertension artérielle et

il est associé a des comorbidités cardiométaboliques telles que le diabete, 'insuffisance cardiaque et les accidents vasculaires

cérébraux [45], [35].
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Figure 1.2: Le tissu adipeux vu comme un acteur majeur dans les conséquences systémiques de I’hypoxie intermittente.

Source : [71]

Le SAOS est une pathologie complexe avec différents phénotypes identifiables résultant de plusieurs caractéristiques
liées : 1) a l'individu et ses facteurs de risque personnels qui peuvent contribuer & son développement ; 2) aux différentes
manifestations possibles, a différents stades de sommeil et différents niveaux de gravité en fonction de la fréquence des micro-
éveils, de 'ampleur et de la fréquence des épisodes d’hypoxie ; 3) & une variété de symptomes, en dehors des manifestations
pendant le sommeil, qui peuvent affecter les patients atteints de SAOS ; et 4) aux différentes comorbidités des patients

entrainant des interactions spécifiques avec le SAOS et donc des conséquences différentes & long terme [89].

Selon les sociétés savantes, le diagnostic et la gravité du SAOS sont évalués de diverses manieres [21),[52] [19]. La société de
pneumologie de langue frangaise prend en compte les symptomes cliniques du patient ainsi que 'index d’apnées-hypopnées
(IAH). I’TAH est un score objectif qui calcule la fréquence des événements d’apnées et d’hypopnées observés lors d’'un
examen du sommeil [IT]. Pour diagnostiquer un SAOS, il faut au moins cing événements d’apnées ou d’hypopnées par
heure de sommeil. Une apnée obstructive est caractérisée par une réduction du flux respiratoire d’au moins 90 % pendant
plus de 10 secondes malgré la présence de mouvements respiratoires. Une hypopnée est définie comme une réduction du
flux respiratoire d’au moins 30 % pendant plus de 10 secondes, accompagnée soit d’une diminution de la teneur en oxygene

du sang artériel au-dela de 3 % (désaturation artérielle en oxygene), soit d’un micro-éveil. Le SAOS est considéré comme
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sévere lorsque 'TAH est supérieur a 30 événements par heure.

Selon Benjafield et al. [9], le SAOS pourrait étre largement sous-diagnostiqué a 1’échelle mondiale. Ils estiment & plus
de 900 millions les individus, agés de 30 a 69 ans, ayant un TAH supérieur a 5 événements par heure. Parmi eux, plus de
400 millions ont un IAH supérieur & 15 événements par heure. Ces estimations prennent en compte les variations dans les

taux de prévalence selon les pays et les régions du monde. Les 10 pays avec la plus grande prévalence sont présentés en

1gure 1.

USA France Germany Russia
AHI =5 events per h: 54 million AHI =5 events per h: 24 million AHI =5 events per h: 26 million AHI =5 events per h: 40 million
AHI 215 events per h: 24 million AHI 215 events per h: 12 million AHI 215 events per h: 14 million AHI 215 events per h: 20 million

ESQire

) Pei iﬁ« - M Japan
i}fj‘ z \’2’?"“&‘ s % AHI =5 events per h: 22 million
&,‘ AHI 215 events per h: 9 million

W
a

AHI =5 events per h: 176 million
AHI 215 events per h: 66 million

Brazil
AHI =5 events per h: 49 million
AHI 215 events per h: 25 million

Nigeria Pakistan India
AHI =5 events per h: 31 million AHI =5 events per h: 42 million AHI =5 events per h: 52 million
AHI =15 events per h: 12 million AHI 215 events per h: 17 million AHI =15 events per h: 29 million

Figure 1.3: Les 10 pays avec les plus grandes prévalences estimées du syndrome d’apnées obstructives du sommeil selon les
critéres 2012 de I’ American Academy of Sleep Medicine [I1].
Source : [9]

Le SAOS a des implications économiques significatives en termes de prise en charge qui nécessite une gestion des cofts.
Un rapport de Frost & Sullivan de 2016, mandaté par I’American Academy of Sleep Medicine, a évalué que les cotits de
prise en charge du SAOS s’élevaient a 12,4 milliards de dollars américains pour 5,9 millions de patients diagnostiqués,
tandis que le colit du sous-diagnostic était estimé a 149,6 milliards de dollars pour 23,5 millions de personnes supposées
non diagnostiquées. Les cotits pris en compte dans cette étude comprenaient les comorbidités, les accidents de véhicules
motorisés, les accidents de travail et la perte de productivité. Les auteurs de cette étude ont recommandé une amélioration
du diagnostic et du traitement du SAOS. Une étude ultérieure menée par Wickwire et al. [86] en 2020 a estimé le surcott
annuel d'un SAOS non traité aux Etats-Unis chez les personnes de plus de 65 ans entre 13 000 et 26 000 dollars.

En France, la ventilation en pression positive continue (PPC) est le traitement de premiere intention pour les cas

modérés a séveres du SAOS. Elle est prescrite principalement en fonction de 'TAH et dans une moindre mesure en fonction
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des symptomes, des risques d’accidents et des comorbidités [62]. La[Figure 1.4| présente les effets sur I’obstruction des voies

aériennes supérieures d’'un appareil de PPC avec masque bucco-nasal.

Figure 1.4: Représentation schématique de 1'utilisation d’un appareil de pression positive continue par l'intermédiaire d’un
masque bucco-nasal et de son effet sur les voies aériennes supérieures.
Source : Cleveland Clinic. cPAP therapy. https://my.clevelandclinic.org/health/treatments/17320-pap-therapy Accessed april 2023.

Cette thérapie consiste a normaliser les événements respiratoires en maintenant les voies aériennes supérieures ouvertes
pendant le sommeil a l'aide d’une pression d’air positive continue dans le pharynx. Début 2021, environ 1,2 million de
personnes en France utilisaient ce traitement.

Le traitement par PPC a montré un effet bénéfique sur ’atténuation des symptomes diurnes, ’amélioration de la qualité
de vie [45], des fonctions neurocognitives [16] et de la productivité subjective au travail [3]. Elle peut également avoir un
impact bénéfique sur certains troubles cardiométaboliques tels que la diminution de I'hypertension artérielle [54) 34] et la
résistance & U'insuline [33]. Une étude observationnelle conduite par Marin et al. [47] suggere que la PPC peut protéger
contre les événements cardiovasculaires et la mortalité cardiovasculaire mais 1’étude randomisée SAVE [50] n’a pas confirmé
cet effet. Cependant, cette derniere avait des limites notamment le temps de traitement quotidien moyen et le niveau
effectif d’utilisation des machines par les patients [6I]. Une analyse des données sur les patients en France a montré
que linterruption du traitement par PPC était associée & un risque plus élevé de déces et d’insuffisance cardiaque [79].
Cependant, 'observance & la PPC est souvent irréguliére et d’une durée insuffisante [69] ce qui limite son efficacité. De
plus, Pacceptation du traitement et I’adhésion & long terme sont des obstacles importants [42, RI]. De fait, pres de la
moitié des prises en charge par la PPC, initiées en France entre 2015 et 2016, ont été interrompues dans les trois premieres
années [62] apreés exclusion des patients décédés ou ayant eu recours & un traitement alternatif. Ces problémes d’acceptation,
d’adhésion et d’observance a la PPC s’ajoutent au sous-diagnostic du SAOS. Il reste donc & investiguer 'effet bénéfique
de la PPC en prenant en compte les différents phénotypes du SAOS, les causes de mortalité et le niveau d’observance des
patients [61], 52}, 40, [73].

En France, les prestataires de soins & domicile (PSAD) sont chargés de fournir, régler et entretenir les machines de
PPC chez les patients. Augmenter I'observance semble justifié a trois niveaux. Tout d’abord pour les patients, afin
d’améliorer leur réponse au traitement. Ensuite pour I’Etat, pour maintenir les avantages de 'investissement dans la prise

en charge du SAOS car certains effets de la PPC sont réversibles des la premiére nuit d’interruption [16] [39], pour réduire
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les coiits de santé [86] et sociétaux associés & la non prise en charge du SAOS. Enfin pour les PSAD, afin d’obtenir un
remboursement plus élevé par 'assurance maladie car le remboursement est déterminé par plusieurs forfaits en fonction
de Vobservance quotidienne moyenne par périodes de 28 jours consécutifs. Les PSAD doivent donc rendre compte de
l'utilisation des machines pour chacun de leurs patients. Certains modeles de machine enregistrent des données d’utilisation
supplémentaires utiles pour mesurer des indicateurs quotidiens. Ces indicateurs peuvent étre des objectifs pertinents pour
le suivi de la thérapie. Ces données peuvent inclure : 1) la durée pendant laquelle le patient porte le masque lorsque
la machine délivre une pression thérapeutique qui mesure l’observance au traitement, appelée ici la ”durée de port du
masque” ; 2) les pressions et fuites d’air au niveau du masque, qui permettent de controler 'usure des consommables et/ou
les réglages de lappareil et 3) P'TAH résiduel, qui correspond au nombre d’événements d’apnées ou d’hypopnées observées
sous traitement qui indique Uefficacité curative de la PPC. Depuis le ler janvier 2018, les PSAD ont ’obligation légale de
proposer aux patients le télé-suivi de leur traitement qui permet la transmission automatique de ces données au PSAD. Ce
dernier les met a disposition des médecins, des patients et fournit les données d’observance a I’assurance maladie.

Comme nous avons pu le voir, le SAOS est une pathologie complexe avec de nombreuses conséquences sur la santé a
long terme des patients atteints. Le télé-suivi de 'observance a la PPC offrant des données précises et en quantité, ces

données offrent une opportunité importante de mieux comprendre I'impact de I'observance & la PPC sur les conséquences

du SAOS.

1.2 Les facteurs associés a I’observance a la PPC

Les seuils de référence de 1'observance a la PPC visés par les soignants et les patients sont relativement arbitraires
et la qualité des données est insuffisante pour établir une durée optimale d’utilisation de la PPC. Il n’est pas clair si les
améliorations liées au traitement par PPC sont dues & un effet de seuil (par exemple, lorsque 'utilisation est > 4 h/nuit)
ou montrent une relation dose-réponse. La situation est d’autant plus complexe, que la durée optimale de ’observance a la
PPC peut varier en fonction de I'outcome étudié par exemple le risque d’événements cardiovasculaires, le risque de trouble
métabolique ou la somnolence diurne.

Le taux d’arrét de la PPC reste élevé, moins de 50% des patients continuent & utiliser la PPC plus de 4h par nuit
apres plusieurs années [50) [I7]. Au cours des 20 derniéres années, aucune amélioration significative de 1’observance & la
PPC n’a été observée malgré des améliorations évidentes des aspects techniques des appareils [53]. La gravité du SAOS,
évaluée par 'indice d’apnées-hypopnées, et les aspects techniques relatifs aux appareils de PPC semblent étre des facteurs
mineurs dans 'explication de 'adhésion & la PPC. Les autres facteurs (comorbidités, facteurs psychologiques, profil des
couples, statut socio-économique, acces aux soins et diversité culturelle) devraient étre mieux reconnus et inclus dans des
interventions sur mesure [32] [56] [63]. Le manque d’observance & la PPC n’est pas sans conséquence, I’étude SAVE a montré
que le sous-groupe dont 'observance a la PPC était >4 h par nuit présentait une réduction du risque d’accident vasculaire
cérébral et d’hypertension artérielle [50]. Dans I’essai RICCADSA [60], le sous-groupe utilisant la PPC >4 h par nuit a
montré un taux plus faible d’événements cardiovasculaires. Il existe également des données concretes démontrant un lien
entre l'observance a la PPC et les événements cardiovasculaires et de mortalité prématurée [20]. Les coiits économiques
associés au SAOS sont considérables pour l'individu et pour la société [20]. A titre d’exemple, le colit économique des
accidents de la route liés au SAOS a été estimé & 810 000 collisions et 1 400 déces aux Etats-Unis en 2000 [20]. Le SAOS

non traité entraine 1’agrégation et la progression des comorbidités qui peuvent potentiellement augmenter la consommation
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de soins de santé. Nous abordons également les défis et les pieges pour la visualisation et l'analyse des plateformes de
surveillance & distance de la PPC. Les stratégies pour améliorer ’observance devraient étre adaptées individuellement et
viser a améliorer les habitudes de vie, notamment ’activité physique et I’alimentation. L’acces a ces stratégies devrait étre
soutenu en améliorant les tableaux de bord de visualisation des plateformes de surveillance & distance de la PPC et en
diffusant la télé-santé et les analyses innovantes, y compris l'intelligence artificielle. Ces éléments ont été publiés dans une

revue dont je suis co-auteur présenté en annexe 1. La figure est un résumé graphique.
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Figure 1.5: Facteurs influengant ’adhésion & la PPC, outils/méthodes d’analyse des données, identification des phénotypes
de patients et développement d’interventions personnalisées.

Source : [53]

1.3 Evaluation de la PPC en vie réelle

En recherche, et en particulier en recherche clinique, il est fréquent de chercher a évaluer 'effet d’un traitement ou d’un
facteur d’exposition sur une variable réponse. Les essais controlés randomisés (ECRs) sont les études qui, bien menées,
permettent d’obtenir le plus haut niveau de preuve. Dans ce type d’étude, I'assignation du traitement est aléatoire, chaque
patient ayant la méme probabilité de recevoir chaque traitement et les caractéristiques de chaque groupe ne different que
par le traitement. Les essais controlés randomisés présentent aussi des limitations et ne sont pas toujours réalisables, en
fonction de contraintes éthiques, logistiques ou financieres. [85] [I0]. Par exemple, il serait non acceptable d’un point de
vue éthique de demander & des patients non-fumeurs de fumer afin d’évaluer leffet du tabac[57, [58, [5I]. Dans ce cas, une
analyse de données observationnelles, comparant les fumeurs et non-fumeurs est une solution pragmatique.

Les données recueillies en vie réelle possedent des avantages multiples. Elles ont généralement des effectifs beaucoup
plus importants que dans les ECRs et elles sont souvent plus représentatives de la vie réelle (les patients des ECRs étant
généralement plus observants, mieux suivis et en meilleure santé que la population générale|3]]). Il existe, de plus, une tres
grande variété de sources de données observationnelles. Ainsi, chaque base de données complétée régulierement constitue
un potentiel jeu de données [28].

Les études observationnelles sont, par nature, exposées a des biais systématiques. Bien que ces biais puissent aussi se

produire dans les ERCs mal menés, ils sont omniprésents dans les études observationnelles, si ces derniéres ne sont pas
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planifiées et analysées de maniere adéquate. Les biais les plus fréquents sont :

e Le biais de confusion. Dans une étude observationnelle, les traitements ne sont pas prescrits aléatoirement a chaque
patient. Un patient aura donc plus ou moins de chance de recevoir un des traitements selon ses caractéristiques. Si
certaines de ces caractéristiques ont aussi un effet sur le critere de jugement, alors 'estimation non ajustée de 'effet
causal du traitement sera biaisée. On appelle de telles variables des facteurs de confusion. Plus généralement, le biais
de confusion existe lorsque l'effet observé d’un traitement est expliqué partiellement ou compleétement par une ou

plusieurs variables non prises en compte dans I'analyse.

e Le biais de sélection, quant a lui, est le biais induit par le processus de sélection des individus dans ’étude (par
exemple, pré-sélection de patients ayant un meilleur état de santé général) ou dans I’analyse [30]. S’il s’agit d’un
probleme de sélection des patients dans 1’étude, les résultats ne peuvent étre généralisés a la population dans son
ensemble. S’il s’agit d’un probleme de sélection des patients pour 'analyse, 'effet estimé du traitement est biaisé par

rapport a ’échantillon d’origine.

e Le biais de mesure ou de classification se produit lorsque la quantité mesurée (exposition ou critére de jugement) est
différente de sa valeur réelle. Cela peut étre le cas pour les self-reported outcomes, pour lesquels les patients peuvent
avoir un biais de rappel. [I8]. Le biais de classification peut prendre différentes formes. Par exemple, le biais de temps
immortel, qui peut apparaitre quand le début du suivi et le début du traitement ne coincident pas [44] 48] peut étre

vu comme une mauvaise classification du traitement, et conduire a une sur-estimation de 'effet causal du traitement.

Il existe des méthodes statistiques permettant d’établir des relations causales a partir de données observationnelles. Ces
méthodes reposent, comme dans le cas des ECRs, sur des hypotheses strictes et un plan d’étude spécifiques. Les méthodes
reposant sur les scores de propension (SP) ont été proposées pour corriger le biais de confusion présent dans I'analyse des
données observationnelles. La prise en compte des autres biais nécessite d’autres outils, qui ne font pas ’objet de cette
these. La théorie des scores de propension a été initialement développée pour des expositions binaires et sa mise en oeuvre
pour des expositions a plusieurs niveaux n’a regu que peu d’attention, ce qui peut expliquer son utilisation limitée dans la
pratique [88].

Ces méthodes sont de plus en plus explorées dans le domaine médical. Elles semblent particulierement bien adaptées au
SAOS qui est une pathologie ou il existe de nombreuses bases de données de suivi de patients. On peut citer par exemple,
la cohorte European Sleep Apnoea Database (ESADA), la base de données MARS développée par le CHU de Grenoble,
pour Multimorbidity Apnea Respiratory failure Sleep ou I’Observatoire Sommeil de la Fédération de Pneumologie (OSFP).
Il est donc possible d’utiliser ces bases de données et les méthodes basées sur les scores de propension pour évaluer I'effet
causal marginal de ’adhésion & la PPC sur différentes variables réponses (outcomes).

L’observance & la PPC est un processus complexe avec de nombreux facteurs comme : le sexe [62], 'IMC, la gravité du
SAOS [75] et I’age [72] qui ont un effet causal direct & la fois sur 'observance & la PPC mais aussi sur différents outcomes.
Afin d’évaluer 'effet de I'observance a la PPC, il est important de prendre en compte ces facteurs potentiels de confusion.
L’observance a la PPC étant une durée, la résumer a un seuil binaire durée d’utilisation supérieure ou inférieure a 4h par
exemple, est une perte d’information importante[d]. Il semble donc utile d’évaluer l'effet de plusieurs seuils d’observance
afin de mesurer l'effet causal de la PPC.

L’évaluation de l'effet de I'observance a la PPC semble donc étre une problématique dans laquelle les SP, appliqués

aux traitements a plusieurs niveaux, sont un outil adapté afin de déterminer si l'effet du traitement varie avec le niveau
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d’observance.

1.4 Objectifs de la these

Cette these a pour objectif d’approfondir I'application des approches SP multi-niveaux dans le domaine clinique, no-
tamment dans le domaine du syndrome d’apnées du sommeil. Pour cela, les travaux réalisés se sont décomposés de la fagon

suivante :
1. Proposer une exploration systématique de I'usage des méthodes d’inférence causale avec traitement multi-niveaux dans
la littérature médicale afin d’évaluer les spécialités médicales dans lesquelles ces méthodes sont les plus appliquées.

Et en particulier de :

(a) Evaluer avec quel modele ces méthodes sont implémentées et dans quel langage de programmation.

(b) Comparer pour combien de groupes de traitement, de quelle taille et pour quel type d’outcomes ces méthodes
sont utilisées.

(c) Evaluer la qualité de 1'usage rapporté des ces méthodes.

2. Proposer des applications des méthodes basées sur les scores de propension appliquées aux traitements multi-niveaux,

afin de sensibiliser a I'usage de ces méthodes et des hypotheses dont elles dépendent.

3. Evaluer les performances et les limites de modeles autres que les régressions multinomiales pour ’estimation des scores

de propension dans le cas des traitements multi-niveaux.

Le chapitre 2 pose les bases des méthodes de 'inférence causale. Le chapitre 3 développe la méthode et les résultats d’une
revue systématique de 'usage des ”Inverse Probability of Treatment Weighting” (IPTW) multi-niveaux dans la recherche
médicale. Le chapitre 4 développe une application des IPTW multi-niveaux pour évaluer 'effet causal de 'observance a la
PPC sur la somnolence diurne. Le chapitre 5 compare les performances d’'une méthode de machine learning utilisée pour

I'inférence avec d’autres méthodes couramment utilisées. Enfin le chapitre 6 conclut mon travail de these.
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Il. Inférence Causale

La théorie présentée ici est relativement succincte, les différents éléments sont détaillés plus longuement dans les sections

suivantes et les articles associés inclus dans le manuscrit.

2.1 Cadre théorique des outcomes potentiels

Contrairement aux statistiques traditionnelles qui visent a évaluer les associations entre une exposition et un outcome,
I'inférence causale fait référence a des hypotheses et a un plan d’étude spécifique pour pouvoir tirer des conclusions causales
a partir des données [59]. Un cadre théorique, le cadre théorique des outcomes [70], a été proposé pour définir un langage
permettant d’exprimer des quantités causales et définissant des hypotheses nécessaires a I'identification de ces effets causaux.

Dans cette section, les concepts principaux de 'inférence causale sont présentés dans le cadre d’un outcome continu ou
binaire Y, un traitement binaire A, avec A = 1 correspond au traitement d’intérét et A = 0 correspond a ’absence de
traitement, et un ensemble C de covariables mesurées au niveau individuel. Cette théorie sera étendue aux traitements a
plus de deux modalités dans les sections suivantes.

La théorie des outcomes potentiels, aussi appelée théorie des contrefactuels, postule I'existence hypothétique, pour
chaque individu, d’un outcome correspondant a ce qui aurait été observé a chaque niveau de traitement. Par exemple, dans
notre cas d'un traitement A binaire, chaque individu ¢ (i = 1,...,n) a deux outcomes potentiels, Y;(0) et Y;(1) capturant
la réponse de I'individu i en ’absence de traitement, ou recevant le traitement dont on essaye d’estimer l'effet causal. [82].
Le contraste entre Y;(0) et Y;(1) correspond & effet causal du traitement A pour l'individu i. A 1’échelle de la population,
le contraste entre Y(0) et Y(1) correspond a I'effet causal marginal.

En pratique, pour chaque individu, seulement un seul outcome est observé (I'outcome factuel) et autre outcome est
appelé contrefactuel. Dans ce contexte, 'inférence causale peut donc étre vu comme un probleme de données manquantes.
Sous un ensemble d’hypotheses décrites dans la sous-section suivante, et grace a des outils statistiques spécifiques, il est

néanmoins possible d’identifier et estimer des effets causaux a 1’échelle de la population (mais pas au niveau individuel).

Hypothéses permettant 1’identification de I’effet causal

Les hypothéses nécessaires & l'identification d’effets causaux dans le cadre théorique des outcomes potentiels sont
présentées ci-dessous. Il est important de noter qu’elles sont empiriquement non vérifiables, & ’exception de I’hypothese de

positivité.

e L’hypothese de positivité stipule qu’il existe une probabilité non nulle de recevoir chaque niveau de traitement a
chaque niveau de combinaison des covariables parmi les individus de la population cible [I4], c’est a dire 0 < P(A =

a|C) < 1,for a=0,1. Par exemple, l'existence de contre-indications formelles & I'un des traitements évalués dans la
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population observée constitue une violation de I’hypothese de positivité car les patients présentant la contre-indication

ne pourraient pas étre exposés au traitement contre-indiqué.

e L’hypothese de consistance postule que 'outcome observé d’un individu sous son exposition observée est identique a
loutcome potentiel de cet individu sous l'intervention hypothétique correspondant & ce niveau d’exposition [67, 27],
c’est-a-dire: pour A = a, Y(a) =Y avec Y représentant ’outcome observé. Cela suppose que l'observation est la
méme chose que l'intervention. La plausibilité de cette hypothese dépend de la précision avec laquelle le traitement
est défini. Par exemple, pour un traitement pharmacologique, une définition précise de la molécule, sa posologie, le

mode d’administration, etc. est nécessaire pour garantir la consistance de 'effet du traitement.

e L’hypothese de non-interférence stipule que le traitement d’un individu n’a aucune influence sur les outcomes potentiels
d’autres individus: 4; L Y;(0),Y;(1) Vi,j =1,...,ni # j. Un exemple de violation de cette hypothese est de considérer

les vaccins car la vaccination d’un individu peut affecter le statut de la maladie d’autres individus.

e L’échangeabilité conditionnelle fait référence a I’hypotheése de 'absence de facteurs de confusion non mesurés: Y (0),Y(1) L
A|C. En inférence causale, tous les prédicteurs conjoints de exposition et des outcomes doivent étre pris en compte.

Ainsi, toutes les variables liées aux traitements et aux outcomes doivent étre incluses [14]

e L’hypothese d’une spécification correcte du modele postule que les probabilités inconnues pour un patient d’appartenir
a chaque groupe de traitement, connaissant tous les facteurs de confusion, sont modélisées par un modele correcte-
ment spécifié. Par exemple, la modélisation d’une relation exponentielle a 1’aide d’'un modele linéaire constitue une
violation de cette hypothese. Cette hypothese stipule également que toutes les variables confondantes et leurs formes

fonctionnelles réelles sont utilisées pour ajuster le modele.

Les hypotheses 1 a 4 sont nécessaires pour 'identification de I'effet causal et I'hypothése 5 est nécessaire pour son estimation.

2.2 Meéthode d’inférence causale sur données observationnelles

Estimands d’intérét en inférence causale

Plusieurs estimands sont souvent définis dans le cadre de l'inférence causale :

e I’Average Treatment Effect (ATE) correspond a leffet moyen du traitement en comparant deux mondes hypothétiques
dans lesquels tous les individus de la population sont traités versus non traités. Dans le cas d’un traitement binaire
avec un outcome Y et un traitement A, les outcomes potentiels obtenus avec les 2 modalités du traitement sont notés

Y(0) et Y(1). ATE =E[Y(A;)] — E[Y (4o)].

e L’Average Treatment effect on the Treated (ATT) correspond & leffet moyen du traitement chez les traités. Y

ATT = E[Y (1)|A = 1] — E[Y(0)|4 = 1]

e L’Average Treatment effect on the Untreated (ATU) correspond & leffet moyen du traitement chez les non-traités. Y

ATU =E[Y (1)|A = 0] — E[Y (0)]A = 0]

e L’Average Treatment effect on in the Overlap population (ATO), a été proposé plus récemment et correspond & effet

moyen du traitement dans une population similaire a ce qui aurait été observé dans un essai randomisé.
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IATT est un estimand particulierement intéressant quand on essaye d’évaluer 'effet bénéfique de supprimer une exposition
a risque comme le tabac par exemple chez les individus exposés. L’ATU, a l'inverse est utile lorsqu’on cherche a évaluer
Peffet qu’aurait la prescription du traitement & une population plus large que celle définie par les recommandations cliniques.
Quand il n’y a pas d’interaction entre 'effet traitement et les variables associées avec l'attribution du traitement, ’ATE,

IATT, PATU et ’'ATO sont égaux. Dans le cadre de cette these, nous nous focaliserons uniquement sur 'ATE.

Estimation ajustée par une régression

Une premiére maniere de tenir compte des déséquilibres sur les facteurs de confusion est d’ajuster sur les caractéristiques
déséquilibrées. Pour cela, on modélise 'outcome en fonction du traitement ainsi que des facteurs de confusion. Puis, il est
possible d’utiliser le modele ainsi obtenu pour prédire I'outcome qu’aurait obtenu chaque patient s’il avait recu chacun des
différents traitements.

Il est alors possible de faire la différence entre les outcomes obtenus pour chaque traitement et ainsi calculer les écarts

d’outcomes entre les groupes de traitement, cette méthode est la g-computation [66].

Score de propension

Le score de propension est la probabilité pour chaque patient 7,7 = 1, ..., n d’appartenir a son propre groupe de traitement,
connaissant ses caractéristiques individuelles C = (C1, ..., Cf), avec k nombre de caractéristiques individuelles SP = P(A =
alCy = ¢, ...,Ck = ¢i). Les scores de propension sont des scores d’équilibre, tels que définis par Rosenbaum et Rubin [6§].
Un score d’équilibre, b(x), est une fonction des covariables observées x telle que la distribution conditionnelle de x compte
tenu de b(x) est la méme pour 'unité traitée (Z = 1) et l'unité témoin (Z = 0). Cela signifie qu’a chaque valeur du
score de propension, les individus ont, en moyenne, des distributions similaires de leurs caractéristiques. Par conséquent,
les scores de propension sont utilisés pour équilibrer les covariables entre les groupes pour l'estimation de 'ATE. Cela
nécessite, outre les quatre hypotheses d’identification, que le modele de SP soit correctement spécifié, c’est-a-dire que le
modele pour 'affectation du traitement comprenne tous les facteurs de confusion dans leur forme fonctionnelle correcte et
qu’il inclut les interactions potentielles. Les lignes directrices actuelles recommandent d’inclure tous les facteurs de risque
(confondants ou non) et d’éviter d’inclure les prédicteurs du traitement (variables instrumentales) dans le modele de score

de propension [43].

Appariement et stratification

Une fois estimé et apres avoir obtenu un bon équilibre des covariables, le score de propension peut étre utilisé de
différentes manieres pour l'estimation de l'effet du traitement. Les approches les plus courantes sont l'appariement, la
stratification et la pondération par 'TPTW. L’appariement, qui implique la création de paires de personnes traitées et
non traitées ayant des valeurs de score de propension similaires, permet principalement d’estimer I’ATT, méme si des
méthodes d’appariement bidirectionnel permettent d’estimer 'ATE. Cependant, ’appariement entraine généralement une
perte de taille de ’échantillon, ce qui affecte a la fois la puissance et la généralisabilité de 1’étude. Ce phénomene est
amplifié lorsque le nombre de niveaux de traitements augmente. La stratification crée des sous-classes de patients ayant des
scores de propension similaires dans lesquelles les effets du traitement sont estimés et mis en commun entre les strates. La
stratification entraine souvent des déséquilibres résiduels, en particulier si le nombre de strates est trop faible. Cependant,

cette approche peut étre utile pour explorer la présence d’interaction entre le SP et le traitement.



Inférence Causale 17/

Les limitations de 'appariement et de la stratification m’ont incité a concentrer mon travail de these sur les IPTWs.

Inverse Probability-of-Treatment Weighting

L’IPTW est une méthode basée sur les scores de propension issus des travaux de Rosenbaum and Rubin [68]. La
paternité de 'TPTW revient a Robins [67]. Dans un IPTW) il est nécessaire de pondérer chaque individu par 'inverse de

leur score de propension.
1
P(A; = ailer = c1iy ooy Ck = Chi)

IPW; =

Quand les effectifs sont assez grands, les IPTWs et la g-computation, présentée précédemment, conduisent a des résultats
similaires [76]. L’avantage de 'TPTW, par rapport & un ajustement classique sur les covariables est qu’il conduit & un résultat

marginal alors que les résultats de I’ajustement sont conditionnels.

Estimateur doublement robuste

Les méthodes doublement robustes combinent les deux approches présentées ci-dessus. En utilisant a la fois un modele
basé sur les scores de propension et une modélisation de la distribution de 'outcome, ces 2 modeles fournissent une estimation
asymptotiquement non biaisée et dont la variance tend vers zéro quand la taille de I’échantillon tend vers 'infini si un des

deux modeles est spécifié correctement.[36]. Des exemples de méthodes doublement robustes sont :

e I'Inverse Probability Weighted Regression Adjustment (IPW-RA) qui consiste & effectuer une régression multivariée

pondérée par I'inverse du score de propension pour estimer I'effet causal (conditionel) du traitement.

e ’Augmented Inverse Probability of Treatment Weighted estimator (AIPTW). Les estimateurs IPTW ont souvent une
imprécision majorée par rapport a I’ajustement par régression multivariable. En combinant les deux approches, il est
possible de gagner en efficacité. L’AIPTW est une méthode doublement robuste qui consiste a ajouter a l’estimateur
IPTW un terme de moyenne nulle basé sur la régression de 'outcome. L’estimation des poids se fait par modélisation
de la régression, comme dans l'estimation IPTW standard. L’estimateur ATPTW est un estimateur doublement
robuste, ce qui signifie qu'il reste cohérent méme si 'un des modeles de score de propension ou de résultat est mal

spécifié [80].
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Controle de 1’équilibre

La validité des estimateurs de SP pour ’estimation de l'effet du traitement repose sur leur capacité a équilibrer les
covariables entre les groupes de traitement. Cette capacité peut étre évaluée a l'aide de mesures telles que la différence
moyenne standardisée (SMD). La SMD, pour une covariable C' et un traitement binaire, est définie comme suit : SMD =

(C1—=Co)

2 2

— 5 avec Co et C; la moyenne de I'échantillon des variables C et o3 et o la variance de 'échantillon de la variable C
0110,

dans les groupes de traitement 0 et 1, respectivement. Les SMD peuvent étre calculées pour chaque variable avant et apres
la pondération, en utilisant les moyennes et les variances pondérées. En regle générale, des SMD < 10% sont considérées

comme un seuil satisfaisant [77].
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Problématiques des traitements multi-niveaux

La théorie IPTW a été développée a l'origine pour les traitements binaires et sa mise en ceuvre pour les traitements
multi-niveaux n’a regu que peu d’attention, ce qui peut expliquer son utilisation limitée dans la pratique [88]. Quelques
exemples d’application des SP pour les traitements multi-niveaux peuvent toutefois étre trouvés dans [2] qui a étudié
I’association entre les béta-agonistes a longue durée d’action, les corticostéroides oraux et la combinaison de ces deux
produits sur I'exacerbation de I'asthme et [I] qui a étudié 1’association entre plusieurs niveaux d’exercice physique et les
accidents vasculaires cérébraux, I'insuffisance cardiaque, et la mortalité. Dans le cas de traitements multiples ou multi-
niveaux, chaque individu possede plusieurs scores de propension. Pour un traitement binaire, chaque patient aura deux
scores de propension, mais un seul est directement estimé, puisque 'autre est son complément. Pour les traitements multi-
niveaux, il y a autant de scores que de groupes de traitement. Ceux-ci peuvent étre obtenus a partir des prédictions
d’'un modele de régression multinomiale, mais d’autres méthodes sont présentées dans les sous-sections suivantes. Il est
possible d’utiliser des méthodes spécifiques aux traitements ordonnés quand on rencontre ce type de traitement, mais
Iestimation des PS est plus complexe dans ce cas. Méme dans la situation des traitements ordonnés, une approche multi-
niveaux reste une approche valable permettant une estimation plus simple des PS au prix d’une légere perte de puissance.
Lors de l'estimation de I’ATT, les traitements multi-niveaux offrent une grande variété de choix d’estimateurs causaux.
Le choix du comparateur doit étre guidé par 'objectif de 1’étude et la question clinique sous-jacente. Pour ’ATE, il y a

autant de contrastes que de comparaisons deux a deux, méme s’ils ne sont pas tous pertinents pour la question de recherche.

D’autre part, ’estimation de 1’équilibre des covariables dans ce cas est plus complexe, car il y a autant de SMDs que de
paires de traitement. En pratique, il est possible pour chaque covariable de présenter la moyenne des SMDs sur toutes les
paires pour cette covariable, ou la SMD la plus grande parmi toutes les paires.

Dans cette theése je me concentrerai sur le cas particulier des traitements multi-niveaux en commengant par étudier
comment ils sont employés dans la littérature médicale puis en appliquant ces méthodes a une problématique de recherche

clinique et pour finir en comparant différentes méthodes pour leur estimations.



Revue IPTWs multi-niveaux 19/

Ill. Revue systématique de la littérature sur

I’application des IPTWs multi-niveaux

3.1 Présentation du travail

Comme nous 'avons vu précédemment, les méthodes d’inférence causale basées sur des données observationnelles
représentent une alternative aux ECR lorsque ces derniers ne sont pas réalisables ou lorsque 1’on recherche des preuves
en situation réelle. L’TPTW est I'une des approches marginales les plus populaires pour tenir compte des facteurs de confu-
sion dans les études observationnelles. La figure présente le nombre de publications dans Pubmed faisant mention des

IPTW.
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Figure 3.1: Nombre de publications dans Pubmed faisant mention des IPTW (mots clef : propensity score, Inverse Proba-
bility of Treatment Weighting, IPTWs) (01/06/2023)
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Dans la recherche médicale, 'estimateur IPTW est principalement utilisé pour estimer 'effet causal moyen d’un traite-
ment binaire, méme lorsque le traitement comporte en réalité plusieurs niveaux, malgré la disponibilité d’estimateurs
IPTW pour des niveaux de traitements multiples. Cependant on peut retrouver des exemples d’IPTW avec traitement
multi-niveaux comme [2] ou [I]. Cela souleve des questions quant & la pertinence de l'utilisation de 'IPTW dans ce
contexte. Nous avons donc procédé a une revue systématique des publications médicales faisant état de l'utilisation de
'TPTW en présence d’un traitement a plusieurs niveaux. Nos objectifs étaient d’étudier la fréquence d’utilisation et la mise
en ceuvre de ces méthodes dans la pratique et d’évaluer la qualité de leurs rapports. Cette revue systématique est enreg-
istrée sur PROSPERO (CRD42022352669). Afin de dédupliquer et de sélectionner les résumés correspondant au traitement
multi-niveaux nous avons utilisé Rayyan. C’est une application open-source permettant le travail collaboratif avec un outil
de recherche de duplicata et qui permet d’organiser les résumés et de mettre en évidence les mots clefs d’inclusion ou
d’exclusion. Sur les 5 299 articles sélectionnés dans Pubmed, Embase et Web of Science, 106 articles provenant de 17 do-
maines médicaux différents ont été retenus pour I’analyse finale. Le nombre de groupes de traitement variait entre 3 et 9, la
grande majorité des articles (90 (84.9 %)) comportant 3 ou 4 groupes. La méthode la plus couramment utilisée pour estimer
les scores de propension était la régression multinomiale (51 (48,1 %)) et les ”Generalized Boosted Models” (GBMs) (48
(45,3 %)). Les covariables du modele de pondération été rapportées dans 91 articles (85,9 %). Vingt-six articles (24,5 %) ne
discutaient pas de 1’équilibre des covariables aprés la pondération et seize articles (15,1 %) faisaient référence aux hypotheses
nécessaires pour obtenir des déductions correctes. Les résultats de cette revue systématique montrent que les publications
médicales utilisent rarement les méthodes IPTW pour plus de deux niveaux de traitement. Parmi les publications qui ’'ont
fait, la qualité des rapports n’était pas optimale, en particulier en ce qui concerne les hypotheses et la construction du
modele. L’TPTW pour les traitements multi-niveaux pourrait étre appliquée plus largement dans la recherche médicale et
I’élaboration de lignes directrices pratiques dans ce contexte pourrait étre nécessaire pour aider les chercheurs dans leur
analyse et améliorer la qualité des rapports. Cette revue de la littérature est en cours de soumission dans le Journal of
Clinical Epidemiology. Dans ce travail j’ai contribué a chaque étape : 1’élaboration de la requéte d’extraction des abstracts,
la sélection manuelle des résumés, I’élaboration et la complétion de la grille d’extraction des résultats, 'analyse des résultats

ainsi que la rédaction et la soumission de l'article. La figure [3.2] est un résumé graphique.
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Use and reporting of inverse-probability-of-treatment weighting (IPTW) for multi-category

treatments in medical research: a systematic review

Context

Inverse-probability-of-treatment weighting (IPTW) is one of the most popular approaches to account for confounding in
observational studies. In medical research, IPTW is mainly applied to estimate the causal effect of a binary treatment, even when
the treatment has in fact multiple categories, despite the availability of IPTW estimators for multiple treatment categories.

Objectives

To perform a systematic review to investigate the frequency of use and the implementation of
IPTW in the presence of a multi-category treatment in practice, and to assess the quality of the
reporting of these studies.

5660 screened
abstracts

l

106 included
articles

Results

17 medical areas

3 to 9 treatment groups
(85% with 3 or 4 groups)

Estimation of weights:
48% multinomial regression
45% Generalized boosted models

Conclusion

The estimand is not clearly stated in 67% of
the articles

Assumptions underlying the validity of
IPTW are reported in 15% of the articles
Methods used for variable selection was
specified in 26% of the articles
Information about how missing covariate
data were handled were not reported in
66% of the articles

No summary or graphical presentation of
the weight in 95% of the articles

*  Medical publications scarcely use IPTW methods for more than two treatment categories
¢ The quality of reporting was suboptimal, in particular in regard to the assumptions and model building
* Arecommended guideline will help to report results and to ensure reproducibility of the research.
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Figure 3.2: Résumé graphique des résultats de la revue systématique de la littérature sur ’application des IPTWs multi-
niveaux dans la littérature médicale
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Abstract

Causal inference methods for observational data represent an alternative to randomised controlled
trials when they are not feasible or when real-world evidence is sought. Inverse-probability-of-
treatment weighting (IPTW) is one of the most popular approaches to account for confounding in
observational studies. In medical research, IPTW is mainly applied to estimate the causal effect of a
binary treatment, even when the treatment has in fact multiple categories, despite the availability of
IPTW estimators for multiple treatment categories. This raises questions about the appropriateness
of the use of IPTW in this context. Therefore, we conducted a systematic review of medical
publications reporting the use of IPTW in the presence of a multi-category treatment. Our objectives
were to investigate the frequency of use and the implementation of these methods in practice, and
to assess the quality of their reporting. This systematic review is registered on PROSPERO
(CRD42022352669).

Using Pubmed, Embase and Web of Science, we screened 5660 articles and retained 106 articles in
the final analysis that were from 17 different medical areas. The number of treatment groups varied
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between 3 and 9, with a large majority of articles (90 (84.9%)) including 3 or 4 groups. The most
commonly used method for estimating the weights was multinomial regression (51 (48.1%)) and
generalized boosted models (48 (45.3%)). The covariates of the weight model were reported in 91
articles (85.9 %). Twenty-six articles (24.5 %) did not discuss the balance of covariates after weighting,
and only 16 articles (15.1 %) referred to the assumptions needed to obtain correct inferences.

The results of this systematic review illustrate that medical publications scarcely use IPTW methods
for more than two treatment categories. Among the publications that did, the quality of reporting was
suboptimal, in particular in regard to the assumptions and model building. IPTW for multi-category
treatments could be applied more broadly in medical research, and the application of the proposed
guidelines in this context will help researchers to report their results and to ensure reproducibility of
their research.
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1. Introduction

Randomised controlled trials (RCTs) typically provide the highest level of evidence for causal
inference. In RCTs, participants are randomised to treatment groups, which ensures that, on
average, observed and unobserved participants’ characteristics are balanced across groups(1).
This balance is key to make causal inferences about the treatment(s) being studied. However, RCTs
are not always feasible for ethical reasons (e.g. when the exposure of interest is harmful) (2,3),
are very costly, and sometimes lack generalisability and transportability because of stringent
inclusion criteria. Real-world data have been increasingly used as an alternative or complement
to RCTs(4). Real-world observational studies present multiple advantages over RCTs: they usually
include a wider diversity of patients (e.g., older patients with comorbidities are often excluded
from trials). Furthermore, the follow-up period is usually longer in retrospective studies and the
outcome can be directly available. Regarding prospective studies, the follow-up period can also
be longer when compared to RCTs.Thus, observational studies are useful for investigating the
long-term intervention effects as well as adverse events. Comparative effectiveness research
using observational data has received increasing attention, and methodological work has been
conducted to propose innovative designs, statistical tools and strategies for their analysis(5). In
recent years, accreditation bodies have been giving more credit to such study designs, as
evidenced by the validation of Covid-19 vaccines by the FDA (6).

Nevertheless, unlike RCTs, observational studies are prone to confounding. When estimating the
causal effect of a treatment, estimates from unadjusted analyses are biased if risk factors differ
between groups. Several causal inference methods have been proposed to account for observed
confounding, and they are split into two categories: those modelling the confounders-outcome
relationships (e.g. g-computation), and those modelling the confounders-treatment relationships
(e.g. propensity score methods) (7). The latter has the advantage of mimicking RCTs, by recovering
balance between groups on observed covariates using multiple balancing scores and allows
researchers to define population based on conterfactuals(8). Inverse-probability-of-treatment
weighting (IPTW), in which patients are re-weighted according to the inverse of their propensity
of receiving the treatment actually received, creates a pseudo-population in which covariate
distributions are similar between treatment groups. Because of its similarity with the philosophy
of RCTs, IPTW is widely used for comparative effectiveness research (9).

However, IPTW is mostly implemented to estimate the causal effect of binary treatments(10),
although researchers may be interested in the evaluation of several treatments (or several
categories of treatment). This is the case when several treatments exist for the same indication,
or when researchers want to compare the effect of two treatments and their combination (11—
13). IPTW estimators have been proposed in this context (14). A review presented a
methodological description of causal inference for multiple treatments (15) and suggested how
to apply these methods, but it is unclear how often and how well they are used in practice. In
particular, models for categorical outcomes are not always used for the estimation of the weights,
but instead a series of models for binary outcomes are used. In addition, several types of modelling
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strategies can be used to estimate the weights, including parametric and non-parametric
approaches, but it is unclear which approaches are commonly implemented.

Therefore, we conducted a systematic review of the medical literature to describe current practice
in the use of IPTW for a multi-category treatment, and the quality of reporting of these studies.
Based on the findings, we propose recommendations that we hope may contribute to a better
transparency in the use and reporting of IPTW in this setting.

IPTW and causal inference on observational data

Unlike traditional statistics, estimating associations between exposures and outcomes, causal
inference refers to specific hypotheses, study designs and statistical methods to draw causal
conclusions from the data (16). A specific framework, based on the concept of potential outcomes,
has been developed to propose a causal language allowing the mathematical representation of
causal questions. The potential outcome is what would have happened had the patient received
a particular treatment (17). Patients have as many potential outcomes as there are treatment
categories. In this framework, the main issue is that only the effect of one treatment on a given
patient can be observed, and other potential outcomes must be estimated from the data.

Within this framework, the causal effect can be identified from the data under the assumptions
of consistency, no interference, positivity, and conditional exchangeability. Under consistency, the
outcome of an individual under their observed exposure is the same as their potential outcome
had they received their observed intervention via the hypothetical intervention (5,18). The no
interference assumption states that the treatment received by an individual has no influence on
the potential outcomes of the other individuals. The positivity assumption states that, given their
own characteristics, every individual has a non-zero probability of receiving any exposure
categories (19). Finally, the conditional exchangeability states that, given the measured variables,
the exposure and potential outcomes are independent. The validity of these assumptions is
required to be able to identify the causal effect from the data, but the additional assumption of a
correct specification of the analysis model(s) is needed to ensure the validity of the causal effect
estimate. These assumptions, together with the assumed causal relationships between
confounding factors, treatments and outcomes are at the heart of the reasoning necessary for the
application of causal inference methods, and their plausibility should always be discussed when
reporting results.

The IPTW is a weighting propensity score-based method (18). Regarding Rosenbaum and Rubin’s
definition, the propensity score is “the conditional probability of assignment to a particular
treatment given a vector of observed covariates”(8). Thus, the propensity score is the probability,
given the individuals’ characteristics, to receive a specific treatment. When the treatment is
binary, the probability of receiving the control treatment (or no treatment) is 1-PS. When the
treatment has multiple categories, each individual has a propensity score for each treatment
category.(15,20) The ATE can then be estimated using the IPTW estimator, in which individuals
are weighted by the inverse of the treatment they actually received. Other methods, such as
gradient boosting could be used (22). However, the weights can be modified to target other
estimands, such as the average treatment effect on the treated (ATT) or the average treatment
effect in the overlapping population (ATO (23)). The balancing ability of the weights can be
checked by comparing covariate distributions between treatment groups, using, for instance,
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standardised mean differences. IPTW estimates are unbiased if a good balance is achieved
between groups, but residual imbalance can be addressed with augmented IPTW (AIPTW)(24,25).
AIPTW combines multivariable regression and IPTW in a way that only one of the two models
needs to be correctly specified to obtain unbiased estimates of the causal effect. Checking for the
absence of extreme weights is also key to ensure the validity of the estimation. Weight truncation
or trimming(26) is sometimes used to limit the of large weights to the analysis (19). Large weights
may increase the variance of the estimates and lead to biased estimates in some instance. Such
methods are used to increase the precision of the estimate, but may lead to residual confounding
and change the target population, making the causal interpretation more difficult. Another
important consideration when using IPTW estimators is variance estimation which must account
for two aspects of the estimation. The uncertainty in propensity score estimation and the
intraindividual correlation introduced via weighting should be captured in the outcome model to
avoid misestimating the variance. Estimators based on the delta method (27) and non-parametric
bootstrap have been proposed.

In summary, for the validity of IPTW and AIPW estimates we must ensure that: (i) the identification
assumptions for causal inference are plausible, (ii) the estimator targets the correct estimands,
(iii) the propensity score model is correctly specified and (iv) appropriate variance estimators are
used. It is therefore very important for these elements to be reported when publishing the
findings of a study analysed using IPTW.

Methods using IPTW for more than two treatment categories face additional technical challenges.
Because of data scarcity or strong indication bias, the plausibility of the positivity assumption may
be less likely when the number of treatment categories increases. With multiple treatment
categories, it is necessary to question the choice of treatment reference for the estimand.
Therefore, our systematic review focused on this setting, where a correct implementation and a
clear reporting are required to ensure validity and reproducibility.

Methods

3.1.Inclusion and exclusion criteria

We performed literature searches on PubMed, Web of Science and Embase from 01/01/2011 to
27/06/2021, for peer-reviewed articles published in English. The systematic review included all
publications in medical research involving human participants using an IPTW estimator with
multiple treatment categories for the primary analysis. The review was limited to applied research
and did not focus on methological papers. The study is registered on PROSPERO
(CRD42022352669).

There was no restriction in terms of research area, study design, type of intervention or outcome.
Exclusion criteria were: non-medical research, methodological studies (e.g. simulation study,
reviews.), non-original research articles (e.g. letters), articles using IPTW for subgroup or
sensitivity analyses.

3.2.Search strategy
The search strategy screened articles whose abstracts, title or keywords contained the followings:
inverse probability weight, inverse probability of treatment weight, augmented inverse propensity
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weight, as well as the associated acronyms (IPW, IPTW, AIPW, AIPTW, AIPWE). The generic term
“propensity score” was not considered to improve the specificity of the algorithm, as previously
done (9). We also conducted a reverse search for articles citing McCaffrey et al. (2013)(14),
Yoshida et al. (2018)(28), or Li and Li (2019)(29). The search strategy is given in Appendix 1. The
abstracts were then manually and independently screened for eligibility by FB and SB.
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3.3. Extracted information
The extracted information was divided into nine fields: 1) description of the studies, 2) estimand and
measure of association, 3) assumptions, 4) covariate selection, 5) propensity score estimation, 6)
covariate balance, 7) analysis model, 8) software and statistical packages and 9) good research
practice (Table 1).

3.4. Data extraction procedure
A standardised, pre-piloted form was used to extract data from the included studies and tested on 10
randomly selected studies. The full text of the eligible studies identified after screening were retrieved
and the data extracted by FB and SB. Any disagreement over the eligibility or extracted items was
resolved through discussion with CL if an agreement could not be reached.

4. Results

4.1.Screening and inclusion
The search yielded a total of 5,299 articles (after the removal of duplicates), which were screened
based on abstracts. From these, 303 were identified for full-text screening and 106 articles fulfilled
the inclusion criteria and were included (complete list given in Appendix 2). The selection process is
summarised in Figure 1.

4.2. Description of the included studies
Multi-category treatments were observed in 17 different medical fields, but three medical specialties
accounted for half of included studies: 35 studies (47.3%) were either in cardiology (32 studies: 30.2%),
9 in nephrology (8.5%) and 7 in Gastroenterology (6.6%). Almost all the included articles (103, 97.2 %)
were cohort studies.

A variety of wording was used to refer to the method applied. IPTW and weighted regression were
the two most common wording encountered (n=73 (68.9%) of and n=15 studies (14.2%), respectively).
The majority of studies (n=100(94.3%)) justified the use of IPTW, the main reason being confounding
adjustment.

The number of treatment groups ranged between 3 and 9 with a majority of studies comparing three
groups (n=59, 56.7%). Forty-Four articles (41.5%) had between 4 and 6 groups, and 1 (1%) article
included 9 groups.

The total sample sizes ranged from 65 to 12,700,000 with a median of 161,583 participants. The
minimum total sample size ranged from 12 to 638,905 with a median 0f480.A summary of the results
is presented in Figure 2 and Table 3.

4.3. Estimand and measure of association
In two-thirds of the articles (71 (67%)), the estimand was not clearly stated and had to be determined
from the calculation of the weights, when this was available. The majority of the studies (90 (85%))
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focused on estimating the ATE, (5 (4.7%)) focused on estimating the ATT and 1 (0.9%) article estimated
the ATO. It was impossible to identify the estimand in 10 (9.4%) articles.

For the measure of association, 58 studies (54.7%) reported hazard ratios, 22 (20.8%) reported odds
ratios, 8 (7.6 %) reported risk ratios, 7 (6.6%) reported difference and 9 (8.5%) articles used other
measures. It was impossible to determine the measure of association in 2 (1.9%) articles.

4.4, Assumptions
Only sixteen articles (15.1%) explicitly mentioned the assumptions underlying the validity of IPTW and
discussed their context-specific plausibility.

4.5. Covariate selection and handling of missing data
The variables included in the weight model were mentioned in 91 (85.9%) articles. The method used
for variable selection was specified in 28 (26.4%) of the articles: 14 (50%) used evidence from the
literature, 11 (40.3%) articles used automated selection 9{40.9%}-used-evidence-from-the-literature
and 3 (10.7%) used a DAG to inform the selection. In most articles (70 (66%)), the way missing
covariate data was handled was not reported. In the articles which did report this, 16 (40%) used a
complete case analysis, 8 (20%) used multiple imputation and 12 (30%) used other ad hoc methods.

4.6. Propensity score estimation

A majority of the studies (51 (48.1%)) used multinomial regression to estimate the weights, followed
by Generalized Boosted Models (GBMs) (48 (45.3%)), and one (0.9%) used covariate balancing
propensity score. The remaining 6 studies (5.7%) did not specify the method. One hundred and one
(95.3%) of the articles did not present any summary or graphical representation of the weights, 4
(3.8%) articles presented a histogram of the weights and 1 (0.9%) another representation. Among
the included articles, 23 (21.7%) articles explicitly stated whether or not they stabilised weights.
Among these articles, 16 used (69.6%) stabilised weights. Trimming or weight truncation were
mentioned in 24 (22.6%) articles. Of these 24 articles, only 18 studies actually did perform trimming
or truncation and the other 6 studies just mentioned trimming or weight truncation without
applying it. One potential explanation for not applying weight or trimming in these 6 papers is that
extreme weights were under 10.

4.7. Assessing covariate balance
Among the reviewed articles, 26 (24.5%) did not mention whether the covariate balance after
weighting was investigated. The most frequent method for estimating equilibrium was the SMD (i.e.,
60 articles, 56.6%), 4 (3.8%) the Kolmogorov-Smirnov distance, 12 (11.3%) used p-values, 3 (2.8%)
used graphs and 1 (0.9%) reported the population standard bias.

4.8. Analysis model
IPTW was implemented in 83 (78.3%) articles, and AIPTW in 23 (21.7%). These estimators were applied
to a wide range of outcomes: time-to-event 64 (60.4%), binary 20 (18.9%), continuous 10 (9.4%),
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count 6 (5.6%), categorical 5 (4.7%) and ordinal 1 (0.9%). The weighted outcome models used to
estimate the causal effect of the treatments were diverse and depended mainly on the type of
outcomes. The results are summarised in Table 3 and in Figure 2. Methods for variance estimation
were reported in 18 (17%) studies, 13 (72.2%) studies used a robust estimator, 4 (22.2%) used non-
parametric bootstrap and 1 used uncorrected variance.

4.9. Software and statistical packages
The three main software packages were: R 39 (37.1%), SAS 35 (33.3%) and STATA 18 (17.1%). Four
(3.8%) of the articles used a combination of R, SAS and STATA and in 4 (3.8%) of the articles the
statistical software was not clearly identified. Among the articles using a programming language other
than R, 7 (6.6%) used R as a secondary programming software for the "TWANG" package in order to
estimate the weights using GBMs.

4.10. Good research practice
Only 8 (7.6%) studies had previously registered a protocol. Only 4 (3.8%) study reported that the code
was available and 3 (2.8%) proposed an access to all or part of the data. Finally, 9 studies (8.5 %)
referred to the STROBE statement.
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5. Discussion

This systematic review aimed to collect detailed information from published observational studies to
assess how IPTW methods with a multi-category treatment are applied in medical research. As we
focused the review on practical implementation in applied studies, we excluded methodological
papers. From 5,660 screened articles, only 106 (3.4%) focussed on a multi-category treatment and the
reasons for choosing IPTW over other approaches were rarely given. Moreover, the plausibility
assumptions underpinning the validity of IPTW were discussed in very few studies. Overall, the quality
of the reporting was poor, with key elements missing, thus compromising the interpretability and
generalizability of the results.

In the majority of the studies, the estimand was not reported. This is a concern as the estimand
determines the way results are interpreted. In addition, estimation of the ATT relies on less stringent
assumptions.

The implementation and reporting were also often inadequate. Indeed, one of the most striking
results from this review is the low frequency of studies reporting the assumptions for the identification
of causal effects, and their plausibility, which is however crucial to make causal claims. This result was
already observed in a previous study focusing on binary treatments (9). Interestingly, a few studies
discussed the plausibility of modelling assumptions (e.g., proportionality of hazards), but failed to
report the assumptions for causal inference.

This could be explained by a lack of practical guidelines for the reporting of these studies. Although
these assumptions are not empirically verifiable, the plausibility of the assumption of no interference
can be determined based on the knowledge of the clinical setting. The plausibility of the consistency
assumption may be ensured with a precise definition of the exposure of interest. While the
assumption of conditional exchangeability is often questionable in observational studies, the
elaboration of a DAG from expert knowledge followed by an application of d-separation rules may
dramatically reduce the risk of confounding. Finally, the plausibility of the positivity assumption can
be explored from the distribution of the propensity score and the absence of extreme weights (24),
although the absence of extreme weights does not guarantee that the positivity assumption holds.".

Empirical positivity may be a challenge when estimating causal effects for more than two treatment
groups as indication guidelines may be more specific when multiple treatments are available for the
same condition and the sample size may be smaller in each group increasing the chance of violation
of the positivity assumption in the sample. In this systematic review some studies analysed up to 9
groups, and did not investigate violations of the positivity assumption.).

The propensity score model was most often a multinomial regression model. This can probably be
explained by the fact that this method is a direct extension of the logistic regression model used in
IPTW for binary treatments, is simple to implement in standard statistical software, and relatively
inexpensive in terms of computational power. Generalized Boosted Models (GBMs), a machine
learning method based on regression trees, is featured prominently in this literature review. Although
these methods are more computationally expensive, there is an easy-to-use implementation in the
"TWANG" package (30) with a tutorial for causal effect estimation in the case of multi-category
treatments (14). An advantage of GBMs is that they are non-parametric and therefore do not require
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the specification of a functional form. Furthermore, in the TWANG implementation, the stopping rule
for the GBM algorithm is based on a balance metrics for the covariates, thus maximising the balance
across treatment groups. However, the method to compute the weights was not always reported,
which compromises the transparency and reproducibility of the results.

The validity of propensity score methods depends on the ability of the scores to balance treatment
groups with respect to the covariates (24). In our review, balance was assessed in most studies, but a
few used p-values, that are not recommended because they strongly depend on the sample size.
Balance should be assessed before and after weighting for instance by presenting standardized mean
differences for each covariate and for each pair of treatments or by presenting the mean or maximum
SMD per variable across all treatment comparisons. However, there is currently no consensus on the
way to assess balance for multiple treatments and further work is needed to provide practical
guidelines.

In terms of analysis model, the type of model was generally well reported, but not the variance
estimator. This is very important because the estimated variance must account for (i) the correlation
introduced via weighting (ii) the uncertainty around the propensity score estimates. In practice, many
authors used sandwich estimators for (i) but issue (ii) is often overlooked, despite available estimators
(27) including for multi-category treatments (29) and the validity of non-parametric bootstrap.

Guidelines for the application of IPTW for binary treatments exist (9,31), and we would like to propose
steps for their reporting in the case of multi-category treatments. These recommendations are
summarised in Figure 3.

6. Conclusion

Causal inference approaches using IPTW are largely applied in medical research but multi-category
treatment remains scarcely used. This systematic review highlighted the suboptimal reporting quality
of studies in this context, in particular for assumptions and model building. The application of practical
guidelines, as proposed here, is needed to help researchers improve the presentation of their results
to ensure a better understanding of their methods and the reproducibility of their results.
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Table 1: presentation of extracted information

Fields

Extracted information

Description of the included studies

Area of research

Study registration number

Study design

Wording used to refer to IPTW
Justification of the method

Presence and appropriateness of sample size
calculation

Type of analysis model

Sample size in each treatment groups
Number of treatment groups

Nature of the comparator

Nature of the outcome

Estimand and measure of association

Estimand (ATE, ATT, ATO)
Measure of association (HR, OR, RR, Other)

Assumptions

Mention of assumptions
Mention of use of STROBE checklist

Covariate selection

Presence of DAG

Variable include in weight model
Method used for variable selection
Method used for missing values

Propensity score estimation

Model used for propensity scores
Type of weight

Summary of weights

Weight stabilisation

Weight trimming or truncation

Assessing covariate balance

Covariate balance
Methods used for assessing balance

Analysis model

Method used (IPTW, AIPTW)
Variance estimation method

Software and statistical packages

Name of softwares and packages used

Good research practice

Protocol
Open data
Open code
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Table 2: Type of outcome reported and outcome models

Outcome type Outcome model N (%)
Continuous Linear 9 (8.5%)

. Negative binomial 1 (0.9%)
Binary .

Logistic 18 (17%)

] Cox 63 (59.4%)
Time-to-event Linear 1(0.9%)
Categorical Multinomial 5(4.7%)
Count Poisson 6 (5.7%)
Ordinal Multinomial 1 (0.9%)
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Table 3: Summary of the main results

Elements of IPW method N (%)

ATE 90(85.0%)
, ATT 5(4.7%)
Estimand ATO 1(0.9%)
Unknown 10(9.4%)
Guessed from the weights 71(67%)

Estimand definition Explicitly written 25 (23.6%)
Not reported 10(9.4%)

Measure of association

Assumptions

Covariate selection

Method used for variable
selection

Method used for missing values

Summary of weights

Weight stabilisation

Model used for propensity scores

Methods used for assessing
balance

Analysis model

Variance estimation method

HR
OR
RR
Other
Unknown
Mention of assumptions (yes)
Mention of STROBE (yes)
Variables included in the weight model
From the literature
Automated selection
From the DAG
Not specified
Complete-case
Multiple imputation
Adjustment
Group mean
Other
Unknown
Histograms
Other
Unknown
Yes
No
Unknown
Multinomial
GBM
Other
Unclear
SMD
KS
Graph
P-values
Other
Unknown
IPTW
AIPTW
Robust
Bootstrap
Uncorrected
Unknown

58(54.7%)
22(20.8%)
8(7.6%)
9(8.5%)
2(1.9%)
16(15.1%)
9(8.5%)
91(85.9%)
14(13.2%)
11 (11.4%)
3(2.8%)
78(73.6%)
16(15.1%)
8(7.6%)
1(0.9%)
1(0.9%)
9(8.5%)
70(66%)
4(3.8%)
1(0.9%)
101(95.2%)
16(15.1%)
7(6.6%)
83(78.3%)
51(48.1%)
48(45.3%)
1(0.9%)
6(5.7%)
60(56.6%)
4(3.8%)
3(2.8%)
12(11.3%)
1(0.9%)
26(24.5%)
83(78.3%)
23 (21.7%)
13(12.3%)
4 (3.8%)
1(0.9%)
88(83%)
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Figure 1: Flow chart of the systematic review process.

MSM: Marginal structural model, IPTW: inverse probability of treatment weight.
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Variance estimator Estimand
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Justification of
the use of IPTW
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Missing data
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Balance checks

e
Variable selection Number of treatment
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Figure 2: Summary of the main results

Results are presented in percentage. In green: point related to the introduction section, in blue:
points related to the methods section and in red points related to the results.
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Figure 3: Guideline for causal inference approaches

This guideline proposes a list of the main points to follow regarding the introduction (green
windows), methods (blue windows), results (red windows) and discussion (red windows) sections to
report a study based on weighted approaches in general and using multilevel treatment in particular.

IPTW: inverse probability of treatment weight, ATE: Average treatment effect, ATT: Average treatment
effects on the treated, ATO: average treatment effect in the overlap population, DAG: directed acyclic
graph, PS: propensity score.
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The algorithm below will be used to search PubMed, Web of sciences and Embase from 01/01/2001 to
28/02/2018 for papers published in English only.

Pubmed :

((("IPW"[Title/Abstract] NOT ("IPW"[Title/Abstract] AND ("rmrp"[Title/Abstract] OR
"rmst"[Title/Abstract] OR "ftx"[Title/Abstract] OR "Incrna"[Title/Abstract]) ) JOR "AIPW"[Title/Abstract]
OR "IPTW"[Title/Abstract] OR "AIPTW"[Title/Abstract] OR "AIPWE"[Title/Abstract] OR "Inverse
probability weight*"[Title/Abstract] OR "inverse propensity weight*" [Title/Abstract] "inverse
probability of treatment weight*"[Title/Abstract] OR "augmented inverse propensity
weight*"[Title/Abstract] OR "Inverse-probability weight*"[Title/Abstract] OR "inverse-probability of
treatment weight*"[Title/Abstract] OR "augmented inverse-propensity weight*"[Title/Abstract] OR
"Marginal Structural Model*"[Title/Abstract] OR "inverse-propensity weight*" [Title/Abstract]) NOT
("matching*"[Title/Abstract] ) AND (2011:2021[pdat])) AND (English[Language])

Web of sciences:

(TS=((IPW NOT (IPW AND (rmrp OR rmst OR ftx OR Incrna)) ) OR AIPW OR IPTW OR AIPTW OR AIPWE OR
Inverse probability weight* OR inverse probability of treatment weight* OR augmented inverse propensity
weight* OR InverseS$probability weight* OR inverseSprobability of treatment weight* OR augmented
inverse$propensity weight* OR Marginal Structural Model* OR inverse$propensity weight*) NOT
TS=(matching*)) AND LA=(English) AND DT=(Article) AND PY=(2011-2021) NOT WC= ( GEOCHEMISTRY
GEOPHYSICS OR PHYSICS MATHEMATICAL OR ENERGY FUELS OR TRANSPORTATION SCIENCE
TECHNOLOGY OR ASTRONOMY ASTROPHYSICS OR OCEANOGRAPHY OR AGRICULTURAL ECONOMICS
POLICY OR GREEN SUSTAINABLE SCIENCE TECHNOLOGY OR ENGINEERING ELECTRICAL ELECTRONIC OR
PHYSICS APPLIED OR PHYSICS MULTIDISCIPLINARY OR REPRODUCTIVE BIOLOGY OR AUTOMATION
CONTROL SYSTEMS OR MECHANICS OR COMPUTER SCIENCE THEORY METHODS OR ENGINEERING
MECHANICAL OR MATHEMATICS OR ECOLOGY OR TRANSPORTATION OR MATERIALS SCIENCE
MULTIDISCIPLINARY OR CHEMISTRY MULTIDISCIPLINARY OR OPERATIONS RESEARCH MANAGEMENT
SCIENCE OR REHABILITATION OR WATER RESOURCES OR ENGINEERING CHEMICAL OR METEOROLOGY
ATMOSPHERIC SCIENCES OR ENGINEERING ENVIRONMENTAL OR ENGINEERING MULTIDISCIPLINARY OR
INSTRUMENTS INSTRUMENTATION OR ECONOMICS OR BIOPHYSICS OR BIOCHEMISTRY MOLECULAR
BIOLOGY OR SOCIAL SCIENCES MATHEMATICAL METHODS OR CELL BIOLOGY OR GEOSCIENCES
MULTIDISCIPLINARY OR TELECOMMUNICATIONS OR ENVIRONMENTAL STUDIES OR COMPUTER SCIENCE
INTERDISCIPLINARY APPLICATIONS OR GEOLOGY OR FORESTRY OR CHEMISTRY PHYSICAL OR
BIOCHEMICAL RESEARCH METHODS OR ENGINEERING INDUSTRIAL OR GEOGRAPHY PHYSICAL )

Embase :

('ipw':ab,ti NOT ('ipw':ab,ti AND ('rmrp':ab,ti OR 'rmst':ab,ti OR 'ftx":ab,ti OR 'Incrna':ab,ti)) OR
'aipw':ab,ti OR 'iptw':ab,ti OR 'aiptw':ab,ti OR 'aipwe':ab,ti OR 'inverse probability weight*':ab,ti OR
'inverse probability of treatment weight*':ab,ti OR 'augmented inverse propensity weight*':ab,ti OR
"inverseSprobability weight*":ab,ti OR "inverseSprobability of treatment weight*":ab,ti OR "augmented
inverseSpropensity weight*":ab,ti OR 'marginal structural model*':ab,ti OR "inverseSpropensity
weight*":ab,ti) NOT 'matching*':ab,ti AND ([article]/lim OR [article in press]/lim) AND [2011-2021]/py
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IV. Application de I'l|PTW multi-niveaux pour
I’évaluation de
I’effet de I'observance a la PPC sur la somnolence

diurne

4.1 Présentation du travail

Dans cette étude, nous montrons comment deux méthodes d’inférence causale peuvent étre appliquées a des données
observationnelles pour 'estimation de V'effet de différentes plages d’adhésion a la PPC sur la somnolence diurne mesurée
par le score de somnolence d’Epworth (ESS). L’ESS est un score obtenu a partir de 8 questions dont les réponses sont cotées
de 0 a 3. Le score final, compris entre 0 et 24 évalue leur niveau de somnolence, une somnolence diurne normale conduit
a un score entre 0 et 6. Les données ont été collectées a partir d’une vaste cohorte prospective d’observation francaise de
patients souffrant de SAOS. Quatre groupes d’observance a la PPC ont été pris en compte (0-4 ; 4-6 ; 6-7 et 7-10 heures par
nuit). La régression multivariable, 'TIPTW et 'TIPTW-RA ont été utilisées pour évaluer 'impact du niveau d’adhésion a la
PPC sur la somnolence diurne. Cette étude a porté sur 9 244 patients souffrant de SAOS et traités par PPC. Un Graphe

Orienté Acyclique (DAG) a été développé pour représenter les liens causaux supposés entre Iobservance a la PPC et la

somnolence diurndFigure 4.1
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Sex
Age
\ \4; OSA severity
Environmental
factors
SES
Comorbidities \
Personal L /< / 2 Symptoms at
situation \ baseline
N
Medication Neck
circumference
i . (cm) y
! ) Daytime

sleepiness at
follow-up visit

Figure 4.1: Graphe orienté acyclique
Graphe orienté acyclique pour la relation causale entre I’adhésion & la PPC a plusieurs niveaux et la somnolence diurne résiduelle.
La fleche droite en pointillé indique la relation causale & ’étude ; les fleches pleines indiquent les relations connues. PPC : Pression
positive continue ; SAOS : Apnées obstructives du sommeil. ; SES : Statut socio-économique. La situation personnelle regroupe : le
mode de vie, la situation matrimoniale, les enfants. Fond gris : facteurs de confusion non observés Cadre pointillé : exposition ;
Cadre plein : résultat Symptomes au départ : somnolence au volant, fatigue matinale, maux de téte matinaux, troubles de la libido,
transpiration nocturne, fatigue mesurée par I’échelle de Pichot et SaO2 nocturne moyenne Comorbidités : dépression mesurée par
Péchelle de dépression de Pichot et syndrome des jambes sans repos. source : [12]

L’ESS initial moyen était de 11 (£5,2) avec une réduction moyenne de 4 points (+5,1) sous traitement par PPC. Dans
I’ensemble, D'effet causal de 'observance a la PPC sur la somnolence diurne a été mis en évidence principalement dans le
groupe ayant une faible observance a la PPC (0-4h) par rapport au groupe ayant une forte observance & la PPC (7-10h). 1l
n’y a pas de différence si I'on considére un niveau plus élevé d’adhésion a la PPC (>4h). Nous avons montré que 'TPTW et
PTPTW-RA peuvent étre facilement mises en ceuvre pour répondre aux questions concernant les effets causaux en utilisant
des données d’observation lorsque des essais randomisés ne peuvent pas étre menés. Les deux méthodes donnent une
interprétation causale directe au niveau de la population et permettent d’évaluer la prise en compte appropriée des facteurs

de confusion mesurés. La figure issue de l'article présente les différents résultats obtenus avec chaque méthode.
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Unadjusted IPW-RA

o

IPTW Multivariable linear regression

Difference in means Epworth score with the reference group

|

0.0-

Adherence groups

Figure 4.2: Différence moyenne du score d’Epworth entre chaque groupe d’observance et le groupe de référence utilisant
différentes méthodes
Chaque point représente la différence moyenne du score d’Epworth entre chaque groupe d’observance et le groupe de référence
(7-10h). Les barres verticales représentent les intervalles de confiance & 95 % de ces estimations. source : [12]

Ce travail a fait 'objet d’une publication dans le journal Annals of american thoracic society. Le choix d’un article
applicatif dans une revue clinique a été motivé par le souhait de rendre les IPTWs multi-niveaux plus largement accessibles
aux cliniciens. J’ai contribué a chaque étape de ce travail : la définition de la question de recherche, le nettoyage des

données, I’analyse des données et la rédaction du manuscrit.

4.2 Manuscrit publié (annals of american thoracic society)
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Abstract

Rationale: Continuous positive airway pressure (CPAP), the first
line therapy for obstructive sleep apnea (OSA), is considered
effective in reducing daytime sleepiness. Its efficacy relies on

adequate adherence, often defined as >4 hours per night. However,

this binary threshold may limit our understanding of the causal
effect of CPAP adherence and daytime sleepiness, and a multilevel
approach for CPAP adherence can be more appropriate.

Obijectives: In this study, we show how two causal inference
methods can be applied on observational data for the estimation
of the effect of different ranges of CPAP adherence on daytime
sleepiness as measured by the Epworth Sleepiness Scale (ESS).

Methods: Data were collected from a large prospective
observational French cohort for patients with OSA. Four groups
of CPAP adherence were considered (0-4, 4-6, 6-7, and 7-10

h per night). Multivariable regression, inverse-probability-of-
treatment weighting (IPTW), and inverse propensity weighting

with regression adjustment (IPW-RA) were used to assess the
impact of CPAP adherence level on daytime sleepiness.

Results: In this study, 9,244 patients with OSA treated by CPAP
were included. The mean initial ESS score was 11 (#5.2), with a mean
reduction of 4 points (*5.1). Overall, there was evidence of the causal
effect of CPAP adherence on daytime sleepiness which was mainly
observed between the lower CPAP adherence group (0-4 h) compared
with the higher CPAP adherence group (7-10 h). There are no
differences by considering higher level of CPAP adherence (>4 h).

Conclusions: We showed that IPTW and IPW-RA can be easily
implemented to answer questions regarding causal effects using
observational data when randomized trials cannot be conducted.
Both methods give a direct causal interpretation at the population
level and allow the assessment of the appropriate consideration of
measured confounders.

Keywords: causal inference; inverse probability weight;
daytime sleepiness; sleep apnea
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ORIGINAL RESEARCH

Obstructive sleep apnea (OSA) is a major
health concern with multiorgan
consequences and significant economic cost
and social burdens (1). OSA is defined by
recurrent complete or partial obstruction of
the upper airway during sleep. It has been
estimated that more than 1 billion men and
women aged 30-69 years worldwide suffer
from moderate to severe OSA (2). OSA
frequently co-occurs with comorbidities such
as obesity, diabetes, hypertension, or other
cardiovascular and metabolic diseases and
has a major impact on quality of life (1, 3-5).
Continuous positive airway pressure
(CPAP), the first-line therapy for OSA, is
highly effective in terms of symptom
improvement, even in minimally
symptomatic patients who initially complain
of fatigue and nonrestorative sleep (6).
Previous studies have demonstrated that
adequate adherence to CPAP treatment is
the prerequisite for reducing symptoms.
CPAP also has an effect on quality of life by
improving daytime sleepiness. Indeed, CPAP
use is associated with a significant decrease in
the Epworth Sleepiness Scale (ESS) score (7),
and a majority of initially sleepy patients
(with ESS scores >10) experience a
significant improvement in their ESS scores
after CPAP initiation (8). The effect size of
the response and the dose-response
relationship have mainly been established by
meta-analyses summarizing existing
randomized clinical trials (9, 10).

Randomized controlled trials (RCTs)
are considered as the gold standard for causal
inference in medical research, providing the
highest level of evidence. Unfortunately,
RCTs are not always feasible, for ethical,
logistical, or financial reasons (11, 12).
Furthermore, RCT's often have strict
inclusion criteria and typically include
younger patients with few or no
comorbidities, thus limiting the
generalizability of the findings (13). Current
data emerging from RCT's might not
represent the true impact of CPAP for
reducing subjective sleepiness in unbiased
real-life populations (14-16).

When RCTs cannot be implemented or
when real-world evidence is needed,
observational studies, such as cohorts or
registries, contain a wealth of data for causal
inference. However, unlike RCTs,
observational studies are prone to
confounding bias due to the absence of
randomization, meaning that treatment
groups might be unbalanced. Therefore,
specific statistical methods have been

proposed to address this issue to target the
causal nature of the relationship between
multilevel exposures and outcomes. There
are several ways to account for the effect of
measured confounding factors. In medical
research, the most standard approaches are
multivariable regression and standardization
for the estimation of marginal effects. In
medical research, the most standard
approaches are multivariable regression and
standardization for the estimation of
marginal effects. Propensity score (PS)
approaches are a first methodological way to
replicate covariate balance associated with
randomized trials (with the difference that
PSs only achieve balance on measured
variables) and minimize selection bias. This
was explored by Keenan and colleagues (17)
for balance CPAP adherence. However, PS
approaches result in a decrease in the overall
sample size. Finally, the inverse-probability-
of-treatment weighting (IPTW) estimator
developed within the counterfactual theory
has been increasingly used (18).

When a study population is large
enough, PS-based methods, such as IPTW,
and multivariable regression lead to similar
results (19). Unlike multivariable regression,
IPTW allows the comparison and evaluation
of covariate balance after weighting and leads
to directly interpretable marginal effects (and
not conditional effects). Most of the IPTW
theory has been developed for binary
exposures, and its implementation for
multilevel exposures has been given little
attention, which can explain its limited use in
practice (20).

In the present study, we aim to describe
two weighted methods for the estimation of
causal effects—namely, IPTW and inverse
propensity weighting with regression
adjustment (IPW-RA)—and to illustrate
their implementation and interpretation for
the analysis of the causal effect of CPAP
adherence on the change in ESS score from
baseline in a large national prospective
cohort.

Methods

Patients with a diagnosis of sleep apnea by
polygraphy or polysomnography, who were
older than 18 years of age, and who were
treated by CPAP were included from the
“Observatoire Sommeil de la Fédération de
Pneumologie” (OSFP) database, a national
French registry for sleep apnea. Patients with
missing values for CPAP adherence or ESS

Bettega, Leyrat, Tamisier, et al.: Causal Inference Methods in Sleep Apnea

scores either at the diagnostic visit or at the
first follow-up visit were excluded from our
study.

We used a multiple imputation by
chained equations method to replace missing
data values in the dataset under certain
assumptions about the data missingness
mechanism (i.e., assuming that the data are
missing at random). Details on imputation
are available (see Supplementary Material 1,
as well as Table E1 for the number of missing
values, in the online supplement).

The exposure (i.e., average objective
adherence) came from CPAP device
downloads during the first follow-up visit by
the pulmonologist. To evaluate adherence as
a multilevel treatment, patients were divided
into four equally sized adherence groups on
the basis of average nightly CPAP adherence
as follows: CPAP use I) between 0 and 4
hours by night; 2) between 4 and 6 hours by
night; 3) between 6 and 7 hours by night; and
4) between 7 and 10 hours by night. The last
group was used as the reference.

The outcome, daytime sleepiness, was
assessed using the self-administered ESS
questionnaire, which leads to a score between
0 and 24, with 24 being the maximum
drowsiness. The patient’s reported ESS score
was considered at two time points: at the
diagnostic visit and at the first follow-up visit.

To assess the impact of CPAP
adherence on the ESS score, all potential
confounders must be accounted for (i.e., all
variables that can be related with the ESS
score and CPAP adherence must be
considered). For example, among patients
with OSA, those who were younger, very
elderly, or female were much more likely to
present lower adherence to CPAP (21). Thus,
age, obesity, and sex have an impact on the
outcome (daytime sleepiness) and, therefore,
must be considered as confounding factors;
otherwise, the estimate of the causal effect
between the exposure and response variables
would be biased. To ensure that these
potential confounding factors are accounted
for, the IPTW estimator can be applied as
explained in the next section of this article.
Moreover, the IPW-RA can be used to
increase the robustness of standard IPTW to
a misspecification of the weight model. This
method is a double robust estimator of average
treatment effect (ATE) (22). In both methods,
two steps are considered: 1) A weight is
computed for each patient; and 2) these
weights are subsequently used in a regression
model to predict the ATE on the ESS score.
The ATE is defined as the average difference
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between the potential outcomes for every
individual in the population. It is the contrast
between two hypothetical worlds. When the
exposure has multiple levels, there are as many
ATEs as there are possible contrasts.

Counterfactual Theory
Contrary to traditional statistics, which aim
to assess associations between an exposure
and an outcome, causal inference refers to
specific assumptions and study design to be
able to draw causal conclusions from the
data (23). In the potential outcome
framework (the framework developed for
causal inference), the potential outcome
refers to what would have happened if a
patient had received a treatment (24). To
evaluate the effect of several treatments, it is
necessary to establish the effect of each
treatment on each patient. There are as many
potential outcomes as there are treatments.
However, the observation of each potential
outcome is nearly impossible, because each
patient usually receives only one treatment.
One of the main problems with
observational data is the fact that the
exposure is not independent of the other
variables. To address this issue, the IPTW is
based on the creation of a pseudopopulation
in which the exposure variable (i.e., CPAP
adherence) becomes independent of the
potential outcomes given the covariates.
The pseudopopulation is the result of
assigning a weight to each participant that is,
informally, proportional to the participant’s
probability of receiving his or her own
exposure.

Assumptions

To use a pseudopopulation to measure the
effect of CPAP adherence on daytime
sleepiness without bias, we need to verify

Table 1. Table of causality assumptions

four assumptions to identify the causal
effect—I) consistency, 2) noninterference,
3) conditional exchangeability, and 4)
positivity—and one assumption about the
estimation of the causal effect: no model
misspecification. The four assumptions are
summarized in Table 1.

The consistency assumption is often
stated such that an individual’s potential
outcome under his or her observed exposure
is exactly the same outcome as it would have
been if the patient had received his or her
observed intervention by means of the
hypothetical intervention (18, 25). This
assumes that observing is the same as
intervening. The treatment needs to be
precisely defined to ensure that observed
treatment and hypothetical treatment use in
causal framework lead to the same outcomes
for a given patient.

Noninterference assumption states that
an individual’s treatment has no influence on
the potential outcomes of other individuals.
An example of a violation of this assumption
is to consider vaccines because vaccinating
one individual may affect the disease status
of other individuals.

Conditional exchangeability refers to
the assumption of no unmeasured
confounders. In causal inference, all joint
predictors of exposure and outcomes must
be accounted for. Thus, all variables related
with treatments and outcomes, (i.e., in this
case, all variables linked with CPAP
adherence and daytime sleepiness variations)
have to be included. In our study, this is
illustrated by causal directed acyclic graphs
(DAG) (Figure 1) (26). Information on the
design of the DAG and the links between the
variables is provided in Supplementary
Material 2 in the online supplement. This
assumption is empirically untestable and can

only be verified through expert knowledge
(27). However, we can assume that most
important confounders have been properly
included in the OSFP database because of
expert medical knowledge and the selection
of variables.

Positivity states that, given their own
characteristics, every individual has a
nonzero probability of receiving any
exposure level (27). For example, the
existence of formal contraindications to one
of the treatments evaluated among the
observed population is a violation of the
positivity assumption, because the patients
with the contraindication could not be
exposed to the contraindicated treatment.

In addition to these four assumptions, we
need a correct model specification, i.e., the
unknown probabilities for a patient to belong
to each treatment group knowing all
confounders is modeled through a correctly
specified model. For instance, modeling an
exponential relationship using a linear model is
a violation of this assumption. This assumption
also states that all confounding variables and
their real functional forms are used to fit the
model. Double robust estimators such as
IPW-RA can help address this assumption.

Weight Estimation and

Balancing Properties

In our study, we predicted for the patient, ,
the probability of belonging to the adherence
group noted A, given their confounding
factors AGE and BMI, and their observed
values (age and bmi). We used age and body
mass index, BM, for illustrative purposes in
this example:

P(Al = aj | AGE, = agel-,BMIi = bmii, .. )

Then, each individual was weighted
according to the inverse of the probability of

Assumptions

Consistency

Definitions

The outcome of an individual under their observed No

exposure is the same as their potential outcome
had they received their observed intervention by
means of the hypothetical intervention.

Non-interference

The treatment received by an individual has no No

influence on the potential outcomes of the other

individuals.
Conditional
exchangeability

accounted for.

Given the measured variables, the exposure and
potential outcomes are independent; i.e., all joint
predictors of exposure and outcomes are

Can It Be Tested from the Data?

No, but the investigation of the balance between
exposure groups after weighting may give an indication
of the plausibility of this assumption for the measured

variables (but not the unmeasured variables)

Positivity Given their own characteristics, every individual has a Yes, by investigating the range of the estimated
nonzero probability of receiving any exposure level. propensity score values
1572 AnnalsATS Volume 19 Number 9 | September 2022
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Symptoms at

baseline

Sex
Age
OSA severity
Environmental
factors
SES
Comorbidities
Personal
situation AN
Medication Neck
circumference
(cm)

Daytime
sleepiness at
follow-up visit

Figure 1. Causal directed acyclic graph for the relation between multilevel continuous positive airway pressure (CPAP) adherence and residual
daytime sleepiness under CPAP. Dotted arrow indicates causal relation under investigation. Solid arrows indicate known relations. Personal
situation regroups: lifestyle, marital status, children. Gray background indicates unobserved confounders. Dotted frame indicates exposure.
Solid frame indicates outcome. Symptoms at baseline: sleepiness at the wheel, morning tiredness, morning headaches, libido disorder, night
sweating, fatigue measured by Pichot’s depression scale, and mean nocturnal arterial oxygen saturation (SaO,). Comorbidities: depression
measured by Pichot’'s depression scale and restless legs syndrome. OSA = obstructive sleep apnea; SES = socioeconomic status.

receiving the treatment they actually received
(i.e., their adherence group). The probability,
for each individual, of belonging to their
treatment group was computed using a
multinomial logistic regression:

IPW,
_ 1
o P(Al = q | AGE, = age,-,BMI,- = bmi,-,. . ) ’

An example of weight assessment is
illustrated in Figure 2. To minimize the
bias-variance compromise, a weight
truncation was performed. All weights that
exceed a specified threshold were each set to
that threshold. Several thresholds for weight
truncation were investigated from the
1st—99th to the 25th-75th percentiles, and
the threshold that offered the best
bias-variance ratio was chosen.

To create a model able to estimate the
causal effect, we needed to select a set of
variables. We use the recommendations of
Lefebvre and colleagues on model
specification (28). These authors
recommended the inclusion of all risk factors
(confounders or not) and avoid including
pure predictors of exposure, also known as
instrumental variables, in the treatment

model. According to these rules, for this
study, candidate variables are all variables
that are not instrumental variables, selected
by using univariable linear regressions for the
outcome, with less than 60% of missing
values, without collinearity. To control for
the type I error rate, selection was performed
on a subgroup consisting of 20% patients
stratified by adherence group. These patients
were used only to choose the variables and
were removed for weight and final models.
To ensure that no major confounding factors
have been overlooked by our procedure, the
choice of variables to be included, and their
relationship to each other, was made in
collaboration with OSA clinical experts (R.T.,
J.L.P.,and M.RB.).

Four approaches were implemented and
compared for the estimation of the outcome:
1) mean comparison using a f test; 2) a
multivariable regression; 3) using the IPTW
estimator; and 4) using the double robust
IPW-RA. The simple ¢ test does not account
for confounding and, therefore, is not
appropriate for the analysis of nonrandomized
studies. We report these results as a
benchmark for adjusted methods. Final results
are expressed as ATE (95% confidence
interval) from the reference group (7-10 h).

Bettega, Leyrat, Tamisier, et al.: Causal Inference Methods in Sleep Apnea

For the IPTW, the final weighted model
was adjusted for the exposure. For the
IPW-RA, the final weighted model was
adjusted for the exposure and all the
confounders included in the weight model, to
account for potential remaining imbalances
in confounders between groups. The
IPW-RA combines the strengths of the IPTW
and multivariable regression: Confounders
are adjusted for in a multiple regression
model, also weighted by the inverse of the
PS. By doing so, the causal effect estimate
will be unbiased if either the weight model
or the outcome model is correctly specified.
The weights are the IPTW weights, and the
covariates in the outcome model can be any
covariate still unbalanced despite the
weighting. A simple IPW-RA allows the
estimation of a conditional causal effect, but
it is possible to marginalize on the
distribution of the covariates to estimate a
marginal effect (the ATE).

As model-based standard errors are
incorrect because they do not account for
the uncertainty in PS estimation, we chose
to bootstrap weight and treatment effect
estimations. This allowed us to estimate
confidence intervals based on percentiles
for the treatment effect without making
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Figure 2. lllustration of the estimation the inverse-probability-of-treatment weight (IPTW) with a categorical exposure. 1) The population may be
divided into two groups according to sex (12 females and 8 males). 2) Within each group, patients are divided according to their adherence to
continuous positive airway pressure (CPAP). For each individual in each subgroup, the probability of belonging to their actual adherence group
(Pcrapisex: i-€., probability of treatment given the sex) may be estimated from empirical proportions. 3) From this probability, we compute the
IPTW: Pcp:\msex' 4) We use this weighting to create a pseudopopulation. In this pseudopopulation, individuals with a high probability of belonging
to a treatment group are downweighted; in contrast, individuals with a low probability of belonging to a treatment group are upweighted. The
pseudopopulation encompasses both factual and counterfactual observations. In this pseudopopulation, all adherence groups are
exchangeable, and it is possible to compute directly the difference for a specific outcome. 5) A common issue with pseudopopulation is that
individuals with a very low propensity score (very close to 0) will end up with a huge weight, resulting in extremely large pseudopopulation and
potentially making the weighted estimation unstable. A common way to address this issue is the stabilized weight, which uses the marginal
probability of treatment instead of 1 in the weight numerator resulting for a patient belonging in the first adherence group in ezt

Pcpapjsex”

assumptions about the distribution of the
parameters. We evaluated the possibility of
integrating missing value imputation into
the bootstrap, but this procedure was time
consuming and increased the time needed
far too much. To keep a reasonable
execution time, we therefore chose to

analysis is presented in Supplementary
Material 3 in the online supplement.

All statistical analyses were performed
using R Statistical Software (version 4.0.2). The
tests were performed at a 5% significant level.

were mainly men (n = 6,492; 70.2%) with a
mean age of 57 years (SD = 12.4) and mean
body mass index was 32 kg/m” (SD = 6.9).
The mean apnea-hypopnea index (AHI) was
41 events per hour (=20.4), and 6,510 (70%)
patients had severe OSA.

The mean observance was 5 hours,

impute the missing values before the Results 35 min by night, and patients were divided
bootstrap (29). in four groups according to their average
We performed a complementary Population CPAP use by night as follows: 1) CPAP use

between 0 hours and 4 hours, n=1,977
(21.4%); 2) CPAP use between 4 hours and

analysis using the same model and method
with morning fatigue as outcome. This

From the OSFP database, 9,244 patients were
included in the study. The included patients
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6 hours, n=3,519 (38.1%); 3) CPAP use
between 6 hours and 7 hours, n=2,023
(21.9%); and 4) CPAP use between 7 hours
and 10 hours, n=1,725 (18.7%). For more
information, differences across all variables
and subgroups are presented in Table 2.

Overall, the unadjusted mean initial ESS
was 11 (£5.2). There was a mean reduction
in the ESS score of 4 (*5.1) at the follow-up
visit under CPAP treatment. This reduction
was different according to the CPAP
adherence groups: The smallest difference
was observed in the adherence group with
CPAP use for 0-4 hours, with a mean ESS
score that varied from 11 (£5.3) to 8 (=4.7),
resulting in a difference of 3 (*5), which was
lower compared with the three other
adherence groups. In the adherence group
using CPAP for 4-6 hours, the mean
reduction was 5 (*5.2) and was similar to
that of the higher level of CPAP adherence
groups (6-7 hours and 7-10 hours), who had
a mean reduction of 5 (5.2) (Figure 3).

Comparison of Statistical Approaches
First, we performed a weighted regression
analysis using the IPTW estimator. The
positivity assumption was verified by making

sure that the mean of the maximum IPTW
weights obtained by bootstrap was
reasonable. To investigate the presence of
outliers, we verified the distribution of the
weights by adherence group (Table E2). The
mean of truncated weights was 4.0 (4.0; 4.0)
(Table E3).

After weighting, the standardized mean
differences of all variables for each adherence
group showed no imbalance on confounders
(Figure 4). Adjustment in the final model
was performed to correct for potential
remaining imbalance in confounders. The
coefficients of the multinomial logistic
regression are available in Table E4. The
second modeling approach was based on the
double robust approach, IPW-RA.
Coefficients of the IPW-RA are available in
Table E5.

Confounders selected are the following
variables at diagnosis: age (in years), neck
circumference (in centimeters), sleepiness at
the wheel, morning tiredness, morning
headaches, libido disorder, dysfunction,
night sweating, daytime sleepiness as
measured by ESS score, fatigue as measured
by Pichot’s scale score, depression as
measured by Pichot’s depression scale,

Table 2. Patient characteristics according to the adherence group

apnea-hypopnea index, sex, restless legs
syndrome, morning tiredness, morning
headaches, night sweating, and fatigue as
measured by Pichot’s scale.

When the adherence groups are
compared with an unweighted mean
difference, patients in the adherence group
using CPAP for 0-4 hours had an average
ESS score of 2 points higher than the
reference group (95% bootstrap confidence
intervals based on percentiles 1.9; 2.1).
Patients using CPAP for 4-6 hours had an
average ESS score of 0.8 (0.7; 0.9) points
higher than patients using CPAP for 7-10
hours. Patients using CPAP for 6-7 hours
had an average ESS score of 0.2 points
(05 0.3) higher than patients using CPAP for
7-10 hours, and there is evidence of a
difference between groups (overall CPAP
adherence effect, p < 0.001). By using
multivariable regression, IPTW, or [IPW-RA
estimators, the results are attenuated as
compared with the unadjusted analysis but
similar to each other: Patients using CPAP
for 0-4 hours had an average ESS score of
1.1 points (0.8; 1.3) higher than patients
using CPAP for 7-10 hours with IPTW.
Patients using CPAP for 4-6 hours had an

Variables

Variables at diagnosis
ESS score
Gender, male
Age, yr
Body mass index, kg/m?
Apnea—hypopnea index, events/h
Tobacco status
Depression scale
Pichot’s fatigue scale
Morning headaches
Morning tiredness
Diabetes
Variables at follow-up
ESS score
Residual apnea—hypopnea index
under CPAP
Pichot’s fatigue scale
Morning headaches
Morning tiredness
Number of ADR types under CPAP
Duration since diagnosis, yr

Group 1: 04 Group 2: 4-6 Group 3: 6-7 Group 4: 7-10
All Groups, h (n=1,977, h (n=3,519, h (n=2,023, h (n=1,725,
(N=9,244) 21.4%) 38.1%) 21.9%) 18.7%)
10.9 (5.2) 11.0 (5.3) 10.9 (5.2) 10.8 (5.2) 10.8 (5.3)
6,485 (70.2%) 1,337 (67.6%)s 2,470 (70.2%) 1,457 (72%)4 1,221 (70.8%)
57.3 (12.4)1 4 55.5 (12.8)23.4 56.7 (12.1)1 34 57.9 (11.9)124 59.7 (12.4)123
32.0 (7.1) 31.9 (6.8) 31.9 (7.4) 32.0 (7.2) 32.4 (6.8)
40 7 (20.5)1,3.4 37.8 (19.6)234 39.7 (19.7)1 34 42.7 (21.5)12 43.6 (21.2)1 2
6 (0.7) 0.6 (0.8)4 0.6 (0.7)4 0.6 (0.7) 0.5 (0.7)12
4 0 (3.8) 4.3 (3.9)2 3.9 (3.8), 3.9 (3.7) 4.1 (3.8)
13.3 (8.2) 13.8 (8.6)2 12.9 (8.1)14 13.1 (8.1) 13.6 (8.2),
3,697 (40%) 820 (41.5%) 1,423 (40.4%) 813 (40.2%) 641 (37.2%)
7,178 (77.7%) 1,546 (78.2%) 2,743 (77.9%) 1,560 (77.1%) 1,329 (77%)
2,492 (27%) 568 (28.7%) 906 (25.7%) 518 (25.6%) 500 (29%)
6.3 (4.2)134 7.5 (4.8)234 6.3 (4.1)134 5.7 (3.9)12 5.5 (3.9)1 2
4.1 (4.7) 4.5 (5.5),3 3.8 (4.2), 3.9 (4.5) 4.2 (4.9)
(7 2)1,3 9.4 (7.7)213’4 7.4 (6-9)1,3 6.8 (6.7)1,2’4 7.4 (73)1 3
2, 479 (26.8%)4 579 (29.3%)4 982 (27.9%)4 533 (26.3%)4 385 (22.3%)1 2.3
4, 954 (53.6%)14 1,166 (59%)234 1,906 (54.2%)14 1,055 (52.2%)4 827 (47.9%)1 2
7(11)134 1.0 (1.3)2,34 0.6 (1.0)1,34 0.5 (1.0)4 2 0.5 (1.0)12
O 9(1.5)14 0.8 (1.2)34 0.9 (1.4)4 1.0 (1.7)4 1.1 (1.9)12

Definition of abbreviations: ADR = adverse drug reaction; CPAP = continuous positive airway pressure; ESS = Epworth Sleepiness Scale.
Values are presented as mean (SD) for quantitative variables and as number (%) of individuals for qualitative variables.
A ttest was performed for the quantitative variables and a Pearson’s chi-squared test for the categorical variables after application of a

Bonferroni correction for multiple testing.

Subscript numbers refer to columns statistically different at the 5% threshold; for example, 1 means that there is a statistically significant
difference between the adherence group of that column and adherence group 1 (0-4 h) for the variable in question.
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Figure 3. Box plot of raw Epworth Sleepiness Scale scores according to the visit by adherence group. CPAP = continuous positive airway

pressure.

average ESS score of 0.5 points (0.3; 0.7)
higher than patients using CPAP for

7-10 hours. Patients using CPAP for

6-7 hours had an average ESS score of 0.2
points (0; 0.5) higher than patients using
CPAP for 7-10 hours. (Results for the four
methods are presented in Figure 5.) IPTW-RA
was the most efficient approach, leading to
narrower 95% confidence intervals.

Discussion

In this study, we illustrated the application of
an inverse probability of treatment weighting
estimator by assessing the impact of CPAP
adherence levels on ESS score in a large
population (n =9,244) of CPAP-treated
patients. Our results suggested evidence of a
difference in the ESS score at the follow-up
visit between the low adherence groups and
the high adherence group (>7 h). However,
there was no evidence of a difference for
patients with a high CPAP adherence level
(6-7 hvs. 7-10 h). This result is consistent

1576

with other studies (30, 31). Further
applications should be performed to
investigate the use of such methods on other
symptoms and signs of daytime sleepiness.
The results presented in Figure 5
showed that the effect size (the mean
difference in the ESS score between each
adherence group and the reference) is of
greater magnitude when confounding is not
accounted for (unadjusted analysis)
compared with adjusted multivariable
regression and weighted methods. This is
due to the presence of positive confounding
when comparing groups; therefore, these
estimates are strongly biased. To avoid
inducing bias, multivariable regression and
weighted methods accounting for all
confounding factors should be preferred. In
summary, unadjusted methods lead to bias
estimates if groups being compared differ in
terms of characteristics also associated with
the outcome, which is almost always the case
in nonrandomized studies. Multivariable
regression models, under a correct
specification of the model and the validity of

the four identifiability assumptions, lead to
the estimation of unbiased conditional causal
effects. Although marginal and conditional
effects are identical in linear models, it is not
the case in nonlinear model, and conditional
effects are harder to interpreting in a public
health context. Using weighted approaches,
an investigation of the weight distribution
allows us to identify violations of the
positivity assumption and potential lack of
overlap. When these problems exist,
standard regression methods rely on
extrapolation, but an incorrect extrapolation
will be more difficult to identify.
Furthermore, the treatment allocation
mechanism is sometimes easier to model
than the outcome mechanism, thus reducing
the risk of model misspecification using
weighted estimators. In addition, weighted
estimators lead to the estimation of marginal
effects, which are often more easily
interpretable and useful for policy making, as
compared with conditional estimates from
multivariable regression. Finally, when using
multivarjable regression, the model is built to
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Diagnosis morning tiredness -+ e °
Restless legs syndrome 4 e °
T T T
0.00 0.10 0.25

SMD

Figure 4. SMD before and after weighting. CPAP = continuous positive airway pressure; SMD = standardized mean difference.

estimate the causal effect of the intervention,
but the other coefficients of the model do not
have a causal interpretation. However, in
practice, the other coefficients are reported
and interpreted causally, whereas this is
prevented with the use of weighted
estimators, which provide a single estimate.
In addition, IPW-RA has a double robust
property, which minimizes the risk of bias
due to model misspecification.

By comparing results of IPTW and
IPW-RA, we found that the conclusions are

similar; however, the use of a double robust
IPW-RA estimator allows an increase in
confidence in the consideration of possible
risk of model misspecification. However, as
in any observational study, unmeasured
confounders cannot be ruled out, but it
cannot be checked from the data.

From a methodological point of view,
the present study highlights the benefits of
applying IPW methods to estimate the effect
of a multilevel exposure in assessing
marginal causal effects. Under a set of

Bettega, Leyrat, Tamisier, et al.: Causal Inference Methods in Sleep Apnea

assumptions, it is possible to estimate the
causal effect of an exposure on an outcome
with well-designed observational studies,
which can be used as an alternative to
randomized clinical trials (32). In this study,
the ATE is the most relevant estimand for
understanding the potential benefits if all the
patients were adherent. However, the weights
can be easily modified for the estimation of
the ATE on the treated patients. IPTW and
IPW-RA are examples of modern statistical
methods developed over the past decades
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Unadjusted

-

1.5 -
1.0 -
0.5 -

0.0 -

2.0 -

1.5 -

Difference in means Epworth Sleepiness Scale score with the reference group

1.0 -

0.5 -

0.0 -

0-4h

IPTW

4-6h

IPW-RA

Multivariable linear regression

6-7h 0-4h

Adherence groups

4-6h 6-7h

Figure 5. Difference in mean Epworth Sleepiness Scale scores between each adherence group and the reference group using different

methods. Each point represents the difference in mean Epworth Sleepiness Scale score between each adherence group and the reference
group (7-10 h). The vertical bars represent the 95% confidence intervals of these estimates. IPTW = inverse-probability-of-treatment weight;
IPW-RA = inverse propensity weighting with regression adjustment.

that have improved health research by
moving the interpretation from associational
to causal (33).

To limit the risk of bias when using
IPTW, it is important to assess the
distribution of the weights and to consider
whether the functional form of the weight
model is correctly specified. In addition, a

1578

careful investigation of the plausibility of the
assumptions required for causal inference is
needed. This implies extensive discussion
between the statistician and clinician to be
vigilant with regard to variable selection and
model validation. Moreover, if [IPW
estimators are now well known and
extensively used, mainly for binary exposure,

the application of such methods needs to be
carefully performed, and the reporting of
these methods in clinical research should be
improved (34).

Unlike for binary exposures, a few
published studies (35, 36) have applied IPW
to multilevel exposure to assess the marginal
causal effect on an outcome. However,
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multilevel exposure is of great relevance in
the medical field, as many treatments have
several levels or need to be compared with
other treatments or combination of
treatments.

We proposed a method to consider
CPAP adherence as a multilevel variable, in
contrast to a binary one, and we have
illustrated the application of the IPW method
to reduce confounding bias. Further
methodological research for causal inference

proposed. Indeed, it could be of interest to
compare these approaches to those based on
machine learning algorithms to calculate
weights, such as the gradient boosting
algorithms that have already been used for
this purpose (37). Beyond the trimming we
used, which relies on the choice of an
arbitrary cutoff, other methods, such as the
overlap weighting methods (38), have been
developed to minimize the risk of extreme PS.
In conclusion, IPW for multilevel

study showed that patients with different
levels of CPAP adherence experienced a
different reduction in their daytime
sleepiness as measured by the ESS score.
We also showed that patients who had high
CPAP adherence experienced a greater
reduction in daytime sleepiness than
nonadherent patients at their first follow-up
visit. l

Author disclosures are available with the

applied to multivalued exposures could be

exposures is a promising approach. This

text of this article at www.atsjournals.org.
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Causal inference with multiple exposures: application of
inverse-probability-of-treatment weighting to estimate the
effect of daytime sleepiness in obstructive sleep apnea patients.
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Supplementary material 1 : Imputation

Variables contained at least one missing which needed to be imputed, table 1 summarized
number of missing values by adherence group for each of those variables.

We performed 10 imputed data sets using predictive mean matching as imputation method.
After that we verified that the 10 imputed data sets were consistent with each other by looking at

the distributions of the imputed variables in the different data sets.

E3



60 /[173

IPTW multi-niveaux observance & la PPC sur la somnolence diurne

Supplementary material 2 : Directed acyclic graph

To construct the current DAG, we used existing knowledge from different original data publica-
tion and systematic reviews of expert consensus papers. We assumed that sex,®! body mass index
(BMI), OSA severity™ and age®™ have a direct causal effect on CPAP-adherence. This was reported
from the analysis of a large cohort study including half a million participants. There are mecha-
nisms explaining direct causal links between age, sex and BMI with cardiovascular and metabolic
comorbidities. Obesity has an impact on OSA severity but is per se a major determinant for the
occurrence of comorbidities. Some specific comorbidities such as cardiac failure,®* hypertension
or stroke® can induce rostral fluid shift during night that exacerbate or originate sleep apnea.F6
Some of these comorbidities impact daytime sleepiness with a ”protective effect” for heart failure®”
or favoring daytime hypersomnia like obesity or diabetes. This is true both at baseline and under
CPAP.P® There is a weak link between OSA severity and daytime sleepiness.F?F19 High OSA
severity at baseline is a predictive factor for residual sleepiness under CPAP.F!! Age and BMI
are directly associated with OSA severity as it was shown in several publications using clustering
approaches and there are distinct evolutions of symptoms from baseline under treatment according
to age and sex.P12°F15 Finally, severity of symptoms at baseline is a good predictor for residual
daytime sleepiness under CPAP.F&E9%E16 Unmeasured confounders merit to be considered when
assessing the link between CPAP adherence and OSAS severity: socio- economic status (SAS) with
impact of deprivation index which has been shown associated to a lower CPAP adherence, 1719
racial disparities,®?° intimal context such as spousal involvement, 2" F22 health literacy™?? or per-
sonal perception of treatment efficacy.F?* Environmental factors like pollution or temperature can
impact also both CPAP adherence or OSAS severity.F2% 26 Finally, medication can both impact
CPAP adherence and daytime sleepiness.F2” However, these variables do not need to be included in
the minimal adjustment set for the estimation of the causal effect of CPAP adherence on daytime

sleepiness. Indeed, by applying d-separation rules to this DAG, age, sex, comorbidities, BMI, OSAS

severity were identified as the confounders to adjust for in our analysis to assess causal effect.
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Supplementary material 3 : Additional analysis of causal ef-
fect of CPAP adherence with morning fatigue as outcome

An additional analysis was performed with morning fatigue as outcome and CPAP adherence as
exposure. This analysis was performed on all patients without missing values for outcome, baseline
outcome and exposure (n = 4833). Morning fatigue is self-reported by patients on a scale between
0 and 10.

The results are presented as the difference in morning fatigue scale compared to the most
adherent group (7-10h) with 95% CI.

IPTW : 0-4h : 0.59 (0.43; 0.75), 4-6h: 0.23 (0.08; 0.37) and 6-7h: 0.00 (-0.17; 0.18),

IPWRA: 0-4h : 0.59 (0.43; 0.73), 4-6h: 0.23 (0.08; 0.37) and 6-7h: 0.04 (-0.12; 0.2),

Multivariable regression: 0-4h : 0.59 (0.44; 0.74), 4-6h: 0.23 (0.09; 0.37) and 6-7h: 0.03 (-0.13;
0.21)

Unadjusted mean comparison: 0-4h : 0.63 (0.43; 0.83), 4-6h: 0.4 (-0.14; 0.24) and 6-7h: -0.22 (-0.41;

-0.02). The results are consistent with those observed with Epworth score.
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E1 Table: Number of missing value by variables and group

All groups 0-4h (1) 4-6 h (2) 6-7h (3) 7-10 h (4)
11553 2471 4398 2528 2156
Variables at diagnosis

Body mass index (kg/m2) 118 (1.0%) 30 (1.2%) 46 (1.0%) 22 (0.9%) 20 (0.9%)
Neck circumference 4,148 (35.9%) 870 (35.2%) 1,535 (34.9%) 937 (37.1%) 806 (37.4%)

Tobacco status 30 (0.3%) 5 (0.2%) 15 (0.3%) 7 (0.3%) 3 (0.1%)

Nocturia 44 (0.4%) 9 (0.4%) 14 (0.3%) 15 (0.6%) 6 (0.3%)
Respiratory arrests 425 (3.7%) 94 (3.8%) 148 (3.4%) 98 (3.9%) 85 (3.9%)
Pichot’s fatigue scale 941 (8.1%) 141 (5.7%) 365 (8.3%) 226 (8.9%) 209 (9.7%)
Depression scale 1,099 (9.5%) 180 (7.3%) 410 (9.3%) 262 (10.4%) 247 (11.5%)
Micro awake index 3,957 (34.3%) 694 (28.1%) 1,504 (34.2%) 939 (37.1%) 820 (38.0%)
Mean nocturnal SaO2 3, 206 (27.8%) 691 (28.0%) 1,266 (28.8%) 717 (28.4%) 532 (24.7%)

Gender (male) 4 (0.1%) 2 (0.1%) 8 (0.2%) (0 1%) 1 (0.0%)

Hypertension 50 (0. 4%) 12 (0.5%) 21 (0.5%) 0 (0.4%) 7 (0.3%)

Hypercholesterolemia 48 (0.4%) 9 (0.4%) 9 (0.4%) 2 (0.5%) 8 (0.4%)
Restless legs syndrome 73 (0.6%) 19 (0.8%) 22 (0.5%) 20 (0. 8%) 12 (0.6%)

Variables at follow-up

Nocturia 83 (0.7%) 20 (0.8%) 32 (0.7%) 6 (0.6%) 5 (0.7%)
Pichot’s fatigue scale 1,135 (9.8%) 182 (7.4%) 443 (10.1%) 256 (10.1%) 254 (11.8%)
Mask type 1171 (10.1%) 261 (10.6%) 431 (9.8%) 263 (10.4%) 216 (10.0%)
Humidifier 28 (0.2%) 9 (0.4%) 8 (0.2%) 7 (0.3%) 4(0.2%)
Residual apnea hypopnea index under CPAP 769 (6.7%) 206 (8.3%) 281 (6.4%) 167 (6.6%) 115 (5.3%)
Average pressure of CPAP 1,660 (14.4%) 370 (15.0%) 638 (14.5%) 369 (14.6%) 283 (13.1%)

ESS : Epworth Sleepiness Scale; CPAP : Continuous Positive Airway Pressure
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E2 Table: Distribution of weights

Adherence group Mean Minimum Maximum
0-4 h 4.7(4.5; 4.9) 1.5(1.2; 1.7) 20.1(13.2; 29.5)
4-6 h 2.6(2.6; 2.7) 1.8(1.7; 2.0) 5.9(4.4; 8.6)
6-7 h 4.6(4.4; 4.7)  2.5(2.2; 2.8) 13.2(10.4; 17.5)
7-10 h 5.4(5.2; 5.6) 2.3(2.0; 2.6) 20.1(14.7; 27.4)

Data are presented as mean (95% confidence interval) of bootstrap iterations

E3 Table: Weight truncations

Truncations Mean Minimum Maximum
(0; 1) 4.0(4.0; 4.0) 1.5(1.3; 1.7) 22.4(17.1; 28.8)
(0.01; 0.99) 4.0(4.0; 4.0) 2.0(1.9; 2.1) 10.1(9.6; 10.7)
(0.05; 0.95) 3.9(3.9; 3.9) 2.2(2.2; 2.3) 7.3(7.1; 7.5)
(0.1; 0.9) 3.9(3.8;3.9) 2.3(2.3; 2.4) 6.2(6.1; 6.3)
(0.25; 0.75)  3.7(3.6; 3.7)  2.7(2.6; 2.7) 4.8(4.8; 4.9)
(0.5; 0.5) 3.6(3.5; 3.7)  3.6(3.5; 3.7) 3.6(3.5; 3.7)

Data are presented as mean (95% confidence interval) of bootstrap iterations
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E4 Table: IPWRA weight model coefficient to assess the probability of being in an adherence group

Variables

Coefficients of 4-6 h group

Coefficients of 6-7 h group

Coefficients of 7-10 h group

Diagnosis age (years)
Diagnosis neck circumference
Diagnosis sleepiness at the wheel
Diagnosis morning tiredness
Diagnosis morning headaches
Diagnosis libido disorder
Diagnosis night sweating
Diagnosis exertional dyspnea
Diagnosis epworth sleepiness scale
Diagnosis pichot’s fatigue scale
Diagnosis depression scale
Apnea Hypopnea Index at diagnosis
Gender (male)
Hypertension
Restless legs syndrome
Morning tiredness
Morning headaches
Libido disorder
Night sweating
Nocturia
Pichot’s fatigue scale

Residual apnea hypopnea index under CPAP

0.013(0.008; 0.018)
0.010(-0.005; 0.027)
0.205(0.084; 0.338)
0.114(-0.037; 0.273)
0.012(-0.126; 0.153)
-0.096(-0.253; 0.071)
-0.046(-0.191; 0.098)
-0.111(-0.243; 0.019)
0.001(-0.012; 0.013)
0.005(-0.006; 0.016)
0.003(-0.016; 0.022)
0.004(0.002; 0.007)
-0.002(-0.152; 0.145)
-0.037(-0.155; 0.084)
0.146(0.005; 0.288)
-0.106(-0.254; 0.028)
0.056(-0.106; 0.208)
0.304(0.121; 0.487)
-0.084(-0.236; 0.068)
-0.084(-0.199; 0.031)

-0.040(-0.050; -0.031)
-0.035(-0.047; -0.024)

0.022(0.016; 0.028)
0.007(-0.011; 0.024)
0.197(0.047; 0.348)
0.045(-0.138; 0.222)
0.053(-0.112; 0.229)
-0.015(-0.199; 0.184)
-0.004(-0.173; 0.167)
-0.129(-0.275; 0.013)
-0.010(-0.024; 0.005)
0.025(0.013; 0.037)
0.006(-0.014; 0.028)
0.012(0.008; 0.015)
0.073(-0.090; 0.231)
0.001(-0.153; 0.132)
0.069(-0.099; 0.243)
-0.082(-0.244; 0.067)
0.052(-0.116; 0.228)
0.301(0.092; 0.495)
-0.137(-0.321; 0.034)
-0.230(-0.360; -0.090)
-0.061(-0.073; -0.051)
-0.037(-0.052; -0.023)

0.030(0.024; 0.037)
0.021(0.004; 0.039)
0.060(-0.088; 0.213)
0.153(-0.033; 0.338)
0.005(-0.168; 0.162)
-0.056(-0.252; 0.149)
-0.005(-0.176; 0.162)
-0.033(-0.179; 0.119)
-0.009(-0.024; 0.006)
0.029(0.016; 0.041)
0.004(-0.019; 0.028)
0.013(0.009; 0.016)
-0.016(-0.194; 0.152)
0.035(-0.105; 0.183)
0.020(-0.155; 0.183)
-0.295(-0.459; -0.133)
-0.093(-0.290; 0.108)
0.398(0.187; 0.614)
-0.255(-0.446; -0.065)
-0.025(-0.165; 0.119)
-0.045(-0.057; -0.033)
-0.029(-0.043; -0.017)

Data are presented as mean (95% confidence interval) of bootstrap iterations

ESS : Epworth Sleepiness Scale; CPAP : Continuous Positive Airway Pressure; ADR : adverse drug reaction
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E5 Table: IPWRA weight model coefficient to assess the probability of being in an adherence group

Variables

Coefficients of 4-6 h group

Coefficients of 6-7 h group

Coefficients of 7-10 h group

Diagnosis age (years)
Diagnosis neck circumference
Diagnosis sleepiness at the wheel
Diagnosis morning tiredness
Diagnosis morning headaches
Diagnosis libido disorder
Diagnosis night sweating
Diagnosis exertional dyspnea
Diagnosis epworth sleepiness scale
Diagnosis pichot’s fatigue scale
Diagnosis depression scale
Apnea Hypopnea Index at diagnosis
Gender (male)
Hypertension
Restless legs syndrome
Morning tiredness
Morning headaches
Libido disorder
Night sweating
Nocturia
Pichot’s fatigue scale

Residual apnea hypopnea index under CPAP

0.013(0.008; 0.018)
0.010(-0.005; 0.027)
0.205(0.084; 0.338)
0.114(-0.037; 0.273)
0.012(-0.126; 0.153)
-0.096(-0.253; 0.071)
-0.046(-0.191; 0.098)
-0.111(-0.243; 0.019)
0.001(-0.012; 0.013)
0.005(-0.006; 0.016)
0.003(-0.016; 0.022)
0.004(0.002; 0.007)
-0.002(-0.152; 0.145)
-0.037(-0.155; 0.084)
0.146(0.005; 0.288)
-0.106(-0.254; 0.028)
0.056(-0.106; 0.208)
0.304(0.121; 0.487)
-0.084(-0.236; 0.068)
-0.084(-0.199; 0.031)

-0.040(-0.050; -0.031)
-0.035(-0.047; -0.024)

0.022(0.016; 0.028)
0.007(-0.011; 0.024)
0.197(0.047; 0.348)
0.045(-0.138; 0.222)
0.053(-0.112; 0.229)
-0.015(-0.199; 0.184)
-0.004(-0.173; 0.167)
-0.129(-0.275; 0.013)
-0.010(-0.024; 0.005)
0.025(0.013; 0.037)
0.006(-0.014; 0.028)
0.012(0.008; 0.015)
0.073(-0.090; 0.231)
0.001(-0.153; 0.132)
0.069(-0.099; 0.243)
-0.082(-0.244; 0.067)
0.052(-0.116; 0.228)
0.301(0.092; 0.495)
-0.137(-0.321; 0.034)
-0.230(-0.360; -0.090)
-0.061(-0.073; -0.051)
-0.037(-0.052; -0.023)

0.030(0.024; 0.037)
0.021(0.004; 0.039)
0.060(-0.088; 0.213)
0.153(-0.033; 0.338)
0.005(-0.168; 0.162)
-0.056(-0.252; 0.149)
-0.005(-0.176; 0.162)
-0.033(-0.179; 0.119)
-0.009(-0.024; 0.006)
0.029(0.016; 0.041)
0.004(-0.019; 0.028)
0.013(0.009; 0.016)
-0.016(-0.194; 0.152)
0.035(-0.105; 0.183)
0.020(-0.155; 0.183)
-0.295(-0.459; -0.133)
-0.093(-0.290; 0.108)
0.398(0.187; 0.614)
-0.255(-0.446; -0.065)
-0.025(-0.165; 0.119)
-0.045(-0.057; -0.033)
-0.029(-0.043; -0.017)

Data are presented as mean (95% confidence interval) of bootstrap iterations

ESS : Epworth Sleepiness Scale; CPAP : Continuous Positive Airway Pressure; ADR : adverse drug reaction
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E6 Table: Multivariable weighted linear regression to assess the impact of CPAP adherence group

on ESS under CPAP

Label

Model coefficients

Diagnosis age (years)
Diagnosis neck circumference
Diagnosis tobacco status 1
Diagnosis tobacco status 2
Diagnosis sleepiness at the wheel
Diagnosis morning tiredness
Diagnosis morning headaches
Diagnosis libido disorder
Diagnosis night sweating
Diagnosis exertional dyspnea
Diagnosis epworth sleepiness scale
Diagnosis pichot’s fatigue scale
Diagnosis depression scale
Apnea Hypopnea Index at diagnosis
Gender (male)
Hypertension
Restless legs syndrome
Morning tiredness
Morning headaches
Libido disorder
Night sweating
Nocturia
Pichot’s fatigue scale
Residual apnea hypopnea index under CPAP
Adherence groups 1
Adherence groups 2

Adherence groups 3

-0.016(-0.022; -0.009)
-0.014(-0.032; 0.004)
0.055(-0.104; 0.210)
-0.166(-0.399; 0.041)
0.328(0.170; 0.490)
-0.356(-0.546; -0.163)
-0.038(-0.217; 0.147)
0.047(-0.148; 0.256)
-0.028(-0.189; 0.131)
-0.103(-0.254; 0.049)
0.344(0.325; 0.362)
-0.110(-0.124; -0.096)
-0.028(-0.053; -0.002)
-0.019(-0.023; -0.015)
0.268(0.091; 0.435)
-0.012(-0.172; 0.140)
0.145(-0.045; 0.330)
0.421(0.259; 0.586)
-0.010(-0.227; 0.208)
0.124(-0.089; 0.341)
0.283(0.080; 0.478)
-0.199(-0.346; -0.054)
0.336(0.321; 0.351)
0.030(0.014; 0.048)
1.054(0.848; 1.265)
0.536(0.351; 0.720)

0.291(0.087; 0.500)

Data are presented as mean (95% confidence interval) of bootstrap iterations

ESS : Epworth Sleepiness Scale; CPAP : Continuous Positive Airway Pressure; ADR : adverse drug reaction
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V. Performance des GBM pour I'l|PTW multi-niveaux

5.1 Présentation du travail

Les IPTWs sur les données observationelles sont des méthodes statistiques bien identifiées et développées dans divers
domaines d’application, en particulier en médecine clinique[22].

Dans le cas de traitements multiples, les régressions multinomiales sont, comme nous ’avons vu dans la revue de la
littérature (section 4), la méthode la plus utilisée pour I’estimation des poids en IPTW ; elles ont été utilisées dans différentes
applications [13] [12] dans le cadre d’un traitement multi-niveaux. Le calcul des scores de propension a ’aide de la régression
multinomiale implique les mémes hypotheses que celles utilisées pour la régression logistique.

Les GBMs sont des méthodes non paramétriques basées sur le boosting et les arbres de décision. Elles présentent
I’avantage de ne pas faire d’hypothese a priori sur la distribution des données. Les GBMs sont couramment utilisés pour
estimer les scores de propension [74, [84], en particulier dans le cadre d’un traitement multi-niveaux. Leur introduction &
cette fin a été proposée par McCaffrey [49], et les GBM pour les scores de propension sont mis en ceuvre dans le package
R twang [65].

Le boosting crée un classificateur & partir d'un ensemble de classificateurs faibles [26]. Pour l’estimation du score de
propension avec les GBM, les classificateurs faibles sont un ensemble d’arbres de régression qui saisissent les relations
complexes entre 'affectation du traitement et les facteurs de confusion, tout en évitant 'ajustement excessif [49] [64]. Cet
ensemble de prédictions est combiné pour obtenir un classificateur fort.

Ces modeles présentent des propriétés intéressantes pour l’estimation des scores de propension. Plusieurs auteurs ont
montré que dans le cas d’un traitement binaire, ils conduisent & un meilleur équilibre entre les covariables et & une erreur
quadratique moyenne plus faible [24, 41] quand ils sont comparés avec les régressions multinomiales. Dans le contexte d’un
traitement multi-niveaux, McCaffrey et al. ont montré que les GBMs permettent d’atteindre un meilleur équilibre entre
les groupes et d’observer une variabilité réduite des poids par rapport & une régression multinomiale [49]. Comme nous
Pavons montré dans notre revue systématique (Section 4), les GBMs sont la deuxiéme méthode d’estimation du score de
propension la plus répandue dans la littérature médicale. Cela peut s’expliquer par Iexistence du tutoriel de McCaffrey
et al [49] ainsi que par existence du package R "TWANG” qui fournit une implémentation facile & utiliser des GBMs. 1l
semble donc important d’évaluer leurs performances en comparaison avec d’autres méthodes d’estimation classiques.

Les objectifs de ce travail étaient d’évaluer les différences en termes de capacité d’équilibrage et de biais dans ’estimation
de PATE entre quatre méthodes: les GBMs, le Covariate balancing propensity score (CBPS), I’Augmented Inverse Prob-
ability of Treatment Weighting (AIPTW) et une méthode de référence, la régression logistique multinomiale, en présence
d’un traitement a plusieurs niveaux. Pour cela nous avons procédé a une étude de simulation comprenant de multiples

tailles d’échantillons. Elle était basée sur 3 scénarios : (i) un scénario ol les covariables ont un effet additif sur 'assignation
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du traitement (ii) un scénario avec des termes d’interactions supplémentaires (iii) un scénario avec du bruit et des variables
instrumentales. Pour cette étude de simulation, nous avons suivi les bonnes pratiques recommandées par Morris et al [55].
Dans ce travail, j’ai montré que les GBMs ne conduisaient pas & un meilleur équilibre entre les covariables que les régressions
multinomiales ou les CBPSs quand ceux-ci étaient correctement spécifiés. Les GBMs ont conduit a un meilleur équilibre que
les CBPSs ou les régressions multinomiales quand celles-ci n’étaient pas correctement spécifiées comme dans les scénarios (i)
et (ii). En revanche, méme dans ces 2 scénarios ou les GBMs conduisent & un meilleur équilibre, leur estimation de PATE
était aussi biaisée que dans les modeles mal spécifiés (ATIPTW, ajustement CBPS et régression multinomiale) contrairement
aux versions correctement spécifiées de ces modeles qui conduisent a une estimation non biaisée de I’ATE.

Le manuscrit de ce travail est en cours de finalisation pour soumission. J’ai contribué a 1’élaboration du plan de

simulation, & ’écriture du script de simulation, a ’analyse des résultats et a la rédaction du manuscrit.

5.2 Manuscrit en cours de finition pour une soumission
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1 Introduction

A wide range of statistical methods for causal inference from observational data
has been developed in the last decades, and these methods have been applied
in many fields, especially in medicine and epidemiology Granger et al. (2020).
The potential outcomes framework has been proposed to provide a unified lan-
guage for causal inference and facilitate the implementation and interpretation
of causal inference methods Rubin (2005). It relies on the definition of potential
outcomes under hypothetical interventions, which refers to what would have
happened to each individual under assignment of each intervention. The causal
effect is then expressed as a contrast of these potential outcomes, in the entire
population (for the estimation of the average treatment effect - ATE) or among
those actually exposed to the intervention (for the estimation of the average
effect on the treated - ATT). The potential outcomes framework and statistical
methods for causal inference are particularly useful to draw causal inferences
from observational studies when controlled randomised trials are not feasible,
or when one wants to estimate real-world effects Hernan (2004).

Propensity score (PS) methods were developed within the potential out-

comes framework to address confounding bias ROSENBAUM and RUBIN (1983).

Briefly, the propensity score is defined as the individual’s probability of receiv-
ing the treatment, conditionally to their own characteristics. The propensity
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score can be used to construct an inverse-probability-of-treatment (IPTW) es-
timator, in which individuals are weighted by the inverse of the propensity
score of the treatment actually received. Under a set of assumptions, the com-
parison of outcomes between treatment groups in the weighted sample is the
causal treatment effect. Observational studies using IPTW estimators are gain-
ing increasing recognition, especially by regulatory agencies such as the Food
and Drug Administration (FDA), for example in the evaluation of COVID-19
vaccine Pawlowski et al. (2021).

Most studies using IPTW focus on the estimation of the causal effect of a
binary treatment, and fit a logistic regression model to estimate the propensity
score and derive the weights. However, although the situation of a treatment
with more than two levels is quite common, appropriate implementations of
IPTW to this setting remain rare, despite the availability of statistical methods
for this situation McCaffrey et al. (2013). Instead, it is frequent in the litera-
ture to observe that a series of binary logistic regressions are used rather than
considering a categorical variable for the treatment, together with modelling
strategies for categorical outcomes. Rodriguez-Bernal et al. (2020); Ali et al.
(2015). For example, the effect of treatment adherence can be categorized to
assess a dose-response effect of different adherence levels on an outcome. This
is the case for instance when evaluating the causal effect of adherence to Con-
tinuous Positive Airway Pressure (CPAP) treatment — the first-line treatment
for moderate to severe obstructive sleep apnea — which is often considered to
be efficient with a use greater than 4 hours per night. However, the effect of
different thresholds of CPAP adherence has not been extensively investigated.

When investigating the causal effect of multiple treatments or a treatment
with more than two levels, a multinomial regression model is a standard ap-
proach for the estimation of the propensity score. This approach is commonly
implemented in the literature Bozorgmehri et al. (2021); Bettega et al. (2022).
Estimating the weights from the predictions of a multinomial regression model
relies on the same assumption of correct specification of the propensity score
model as with a binary treatment. The parametric form of this model may be
difficult to specify, which motivates the use of alternative methods such as gen-
eralized boosted models (GBM), Covariate Balancing Propensity Score (CBPS)
or Augmented inverse probability of treatment weighted estimator (AIPTW).
For binary treatments, several authors showed that these models could lead to
a better balance of the covariates between groups after weighting, and a lower
mean squared error of the treatment effect estimate Harder et al. (2010); Lee
et al. (2009). For multilevel treatments, McCaffrey et al. showed that GBM al-
lowed a better balance between groups and reduced the variability of the weights
compared to a multinomial regression McCaffrey et al. (2004).

GBMs are the second most common method for the estimation of the weights
for IPTW with a multilevel tretament in the medical literature. This can be ex-
plained by the existence of the tutorial developed by McCaffrey et al McCaffrey
et al. (2004), as well as the existence of the R package twang Ridgeway et al.
(2022), which provides an off-the-shelf implementation of IPTW using GBMs.
However, it is important to determine if the popularity of GBMs stems from
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superior statistical properties, or convenience in the implementation.

Therefore, the aims of this paper is to evaluate the statistical performances of
multinomial regression, CBPS and GBMs for the estimation of propensity score
weights used in IPTW, and AIPW with a multi-level treatment using Monte-
Carlo simulations. More specifically, we will explore the balancing abilities
of each method, and the bias in the resulting ATE estimates. The paper is
organised as follows. Section 2 introduces the potential outcomes framework,
the IPTW and AIPW estimators, and methods for the estimation of the weights.
Sections 3 and 4 present the design and the results of a Monte-Carlo simulation
assessing the performances of the fours methods for the estimation of the ATE.
Section 5 presents an application on these methods for the estimation of the
causal effect of CPAP adherence on daytime sleepiness among individuals with
obstructive sleep apnea. Section 6 provides a discussion of the results and
avenues for future research.

2 Theoretical background

2.1 Potential outcome framework

The potential outcome framework was proposed by Rubin (1974) to provide a
causal language for causal inference from observational data. With a binary
outcome, the aim to estimate the causal effect of a treatment Z (Z=1 if treated,
0 if not) on an outcome Y. The potential outcomes framework relies on the con-
cept of hypothetical interventions and hypothetical counterfactual worlds. We
note Y'(0) the potential outcome under hypothetical treatment Z=0 and Y (1)
the potential outcome under hypothetical treatment Z=1. Then, the average
treatment effect in the population (ATE) can be expressed as the contrast be-
tween these two potential outcomes E[Y (1) —Y'(0)]. Or the ATT is an estimate
of the causal effect on the sub-population of treated individuals. It is defined as
E[Y(1)|Z = 1] — E[Y(0)|Z = 1]. It differs from ATE when the treatment does
not affect treated and untreated individuals in the same way.

In practice, an issue is that we cannot observe both Y; and Yy at the indi-
vidual level, but instead, we only observe the effect on the outcome under one
of a treatment levels. This is called the fundamental problem of causal infer-
ence (Rubin, 1974). However, under a set of four assumptions, causal effects
can be identifiable from the data at hand. These assumptions are consistency,
non-interference, positivity and conditional exchangeability.

(i) The consistency assumption is often stated such that an individual’s ob-
served outcome under their observed treatment is the same as their po-
tential outcome under the hypothetical treatment (Robins et al., 2000;
Hernan, 2004). This assumes that observing is the same as intervening
and that there is only one version of the treatment. A precise definition
of the treatment (components, timing, dose, etc.) is required to increase
the plausibility of the consistency assumption. The consistency is defined
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in terms of the potential outcomes for an individual ¢ as Y;(1) = Yi|z =1
Cole and Frangakis (2009).

(ii) The assumption of no-interference states that the treatment received by an
individual is independent of other individuals potential outcomes: for two
individuals ¢ and j with ¢ # j, Z; 1L Y;(0),Y;(1). An example of a violation
of this assumption can be observed in vaccine studies where vaccines may
have an indirect protective effect on other individuals potential outcomes.

(iii) Conditional exchangeability refers to the assumption of no unmeasured
confounding, that is, there is no variable associated both with the treat-
ment and the outcome that are not available for the analysis. This hy-
pothesis can be formally defined as Y (0),Y (1) L Z|C] with C a set of
confounders. This assumption cannot be tested empirically and its plau-
sibility can only be discussed using context-specific knowledge. (Cole and
Hernan, 2008).

(iv) Positivity states that given their own characteristics, every individual has
a non-zero probability of receiving any level of treatment (Cole and Her-
nan, 2008): for all i P(Z; = z) > 0. For example, the existence of formal
contraindications to one of the treatments evaluated in the target popu-
lation is a violation of the this assumption.

In randomized controlled trials (RCTs), the assumptions of exchangeabil-
ity — a stronger assumption than conditional exchangeability — and positivity
are ensured by design, which is not the case in observational studies. In these
studies, assuming conditional exchangeability, statistical methods have been
proposed to incorporate confounders in the analysis to obtain unbiased esti-
mates of the treatment effect. Two categories of methods can be considered: i)
methods based on the outcome such as regression adjustment or g-computation
and ii) methods based on the treatment assignment mechanism, such as propen-
sity score methods. In this work we focus on propensity score-based methods,
that model the treatment assignment separately from its effect on the outcome,
which brings it closer to RCTs, as confounding is addressed before analysing
outcome data. In this section, we first introduce propensity score methods for
binary treatments, and then their extension to multilevel treatments.

2.2 Propensity scores and IPTW

The propensity score is the probability for each patient 7,7 = 1, ..., n of belonging
to their own treatment group, knowing their individual characteristics C1, ..., Ck,
with k& number of chacharacteristics. PS = P(Z = z|C1 = ¢1,...,Cr = cx).
Propensity scores are balancing scores, as defined by (ROSENBAUM and RU-
BIN, 1983). A balancing score, b(c), is a function of the observed covariates c
such that the conditional distribution of ¢ given b(c) is the same for treated (Z
= 1) and control (Z = 0) unit. This means that at each value of the propensity
score, individuals have, on average, similar distributions of their characteristics.
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Therefore, propensity scores are used to balance covariates between groups
for the estimation of the ATE. This requires, in addition to the four identifi-
cation assumptions, the propensity score model to be correctly specified, i.e.
the model for the treatment assignment includes all the confounders, in their
correct functional form, and includes potential interactions. Current guidelines
recommend the inclusion of all risk factors (confounders or not) and avoid in-
cluding predictors of treatment (instrumental variables), in the propensity score
model (Lefebvre et al., 2008). The validity of propensity score estimators for
the estimation of the treatment effect relies on their ability to balance the co-
variates between treatment groups. This can be assessed using metrics such as
the standardised mean difference (SMD). The SMD, for a covariate C and a

binary treatment, is defined as follows: SMD = if%é") with Cp and C; the

it+og
sample mean of the variables C and o2 and o7 the sample variance of variable
C in treatment group 0 and 1, respectively. SMDs can be calculated for each
variable before weighting, and after weighting, by using the weighted means and
variances instead. Typically, SMDs j10% are considered acceptable.

Once estimated and achieving a good covariate balance, the propensity
score can be used in different ways for the estimation of the treatment effect.
Most common approaches are matching, stratification and inverse-probability-
of-treatment weighting (IPTW). Matching, which involves the creation of pairs
of treated and untreated individuals with similar propensity score values, al-
lows us to estimate the ATT. However, matching typically leads to a loss in
sample size, affecting both the power and generalisability of the study. This
phenomenon is amplified when the number of treatment levels increases. Strat-
ification creates sub-classes of patients with similar propensity scores in which
treatment effects are estimated and pooled across strata. Stratification often
leads to residual imbalances, especially if the number of strata is too small.
Thus, in this study, we will focus on IPTW, which has very good balancing prop-
erties. In IPTW, individuals are re-weighted by the inverse of their propensity
score to create a pseudo-population in which treatment groups are compara-
ble on measured covariates. Individuals with a low probability of receiving the
treatment they actually received will therefore be upweighted. The presence
of extreme weights indicates violations or near violations of the positivity as-
sumption. These inverse weights allow the estimation of the ATE, but other
weighting schemes can be used to estimate the ATT or other estimands such
as the average treatment effect in the overlapping population (ATO) Crump
et al. (2006). The causal treatment effect can then be estimated using either
a difference in weighted mean outcomes, or using a weighted regression model.
However, standard errors of the treatment effect estimates must account for
(i) the correlation in the data induced by the weighting procedure and (ii) the
uncertainty in propensity score estimation. This can be done using the Delta
method, or via non-parametric bootstrap Austin (2016).
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2.3 Multilevel treatment

IPTW theory was originally developed for binary treatments and its implemen-
tation for multilevel treatments has received little attention, which may explain
its limited use in practice Yoshida et al. (2019). Some examples of the applica-
tion of propensity scores for multilevel treatments can however be found in Ali
et al. (2015) who investigated the association between long-acting beta-agonists,
oral corticosteroids and both for asthma exacerbation and Ahn et al. (2021) who
investigated the association between multiple level of exercise habits and stroke,
heart failure, and mortality. With multiple or multilevel treatments, each in-
dividual has multiple propensity scores. For a binary treatment, each patient
will have two propensity scores, but only one is directly estimated, since the
other is its complement. For multilevel treatments, there are as many scores as
treatment groups. These can be obtained from the predictions of a multinomial
regression model, but alternative methods are presented in the next subsections.
When estimating the ATT, multilevel treatments offer a wide variety of choices
of causal estimands. The choice of the comparator should be guided by the ob-
jective of the study and underlying clinical question. For the ATE, there are as
many contrasts as the number of two-by-two comparisons, although they may
not all be relevant for the research question of interest.

2.4 Machine learning for propensity score estimation
2.4.1 Standard prediction

Propensity scores are individual predictions and therefore classification or pre-
diction methods based on machine learning could be thought to be useful, espe-
cially when the parametric form of the propensity score model is complex. For
instance, random forests are robust non-parametric prediction algorithms. The
initial goal of machine learning algorithms is to minimize the prediction error.
However, for causal inference using propensity scores, the goal is not to predict
treatment allocation as best as possible, but to achieve balance between treat-
ment groups. Furthermore, including in the propensity score variables strongly
associated to the treatment (but not the outcome) increases the bias in the
estimate of the causal treatment effect. Therefore, some machine learning al-
gorithms, such as Generalized Boosted Models (GBMs) have been proposed to
overcome this problem, by changing the targeted metrics for optimisation.

2.4.2 Generalized Boosted Models

GBMs are non-parametric methods based on boosting and decision trees, and
present the advantage of not making any a priori hypothesis on the distribution
of the data. GBMs are commonly used for estimating propensity scores (Shi
et al., 2020; Wang et al., 2019) especially in the multilevel treatment setting.
Their introduction for this purpose was proposed by McCaffrey, and GBMs
for propensity scores are implemented in the R package twang Ridgeway et al.
(2022).
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Boosting creates a classifier from a set of weak classifiers (Hastie et al.,
2009b). For propensity score estimation with GBMs, the weak classifiers are
a set of regression trees, that capture complex relationships between treatment
assignment and confounders, while avoiding over-fitting (McCaffrey et al., 2004;
Ridgeway, 1999). This set of predictions are combined to obtain a strong clas-
sifier. The shrinkage parameter constrains the maximum contribution of each
classifier to the strong classifier. Individuals misclassified by the weak classifiers
have a higher probability of being incorporated into the next weak classifier. To
improve performance (Friedman, 2001) each weak classifier is trained on a sub-
set of the individuals controlled by the sub-sampling rate. When using GBMs
for the estimation of propensity scores, the optimal number of trees is chosen
to minimize a stopping rule criterion. This criterion focuses on differences in
the weighted distributions of the confounders between treatment groups, often
summarised with the standardised mean difference or the Kolmogorov-Smirnov
distance.

GBMs showed interesting results for propensity score estimation (McCaffrey
et al., 2004). They allow a more stable estimation of weights than parametric
models and a less biased estimation of the treatment effect in non-linear situ-
ations (Harder et al., 2010; Lee et al., 2009). Moreover GBMs incorporate the
variable selection step (McCaffrey et al., 2004). This property is particularly
useful when dealing with a large number of confounding factors.

2.5 Alternative parametric methods for IPTW

Fully non-parametric methods typically require large sample sizes, and alterna-
tive parametric methods have been proposed to improve the performances of the
standard IPTW estimator. Covariate Balancing Propensity Score (CBPS) aims
to improve propensity-score based estimation by optimizing confounder balance,
whereas augmented inverse-probability weighting incorporate an additional step
of confounder adjustment to correct for remaining residual imbalances.

2.5.1 Covariate balancing propensity score

CBPS is a method for estimating PS, a major difference with other methods is
that it combines in a single model the mechanism of treatment assignment and
the balance between covariates.We estimate the CBPS by using the moment
conditions based on the covariate balancing property under the GMM or EL
framework (Hayashi, 2000; Owen, 2001) . The CBPS possesses various appeal-
ing attributes. First, CBPS estimation reduces the impact of potential errors
in specifying a parametric propensity score model by selecting parameter val-
ues that optimize the resulting covariate balance. Second this method is easily
generalizable to treatments with more than 2 levels or continous treatments (Im-
bens, 1999; Imai and van Dyk, 2004). In this article CBPS are estimated using
generalized method of moments as proposed by Imai, Kosuke et al. (Imai and
Ratkovic, 2013).
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2.5.2 Augmented inverse probability of treatment weighted estima-
tor

IPTW estimators often have inflated imprecision compared to multivariable
regression adjustment. By combining both approaches, it is possible to gain
efficiency. AIPTW is a doubly robust method that works by augmenting the
IPTW estimator with a mean-zero term based on regression on the outcome.
The estimation of the weights is done via regression modelling, as in the standard
IPTW estimation. The AIPTW estimator is a doubly robust estimator, which
means that the estimator remains consistent even if one of the propensity score
or outcome model is misspecified (Tsiatis et al., 2008).

X.Y; _ (1=-X.)Y;
#(Z:) 1-7(Zs)

(Xi—#(Z:))
F(Z)A-#(Z)

ATE s1pw = ;Z?_l{

(1= #(Z)EY|Xi = 1, Z;) + #(Z)E(Y;]| X; = 0, Zm}

Note that while GBM and CBPS are alternative methods to multinomial (or
logistic) regression for the estimation the propensity score (first step), AIPTW
modifies the treatment effect estimation model (second step).

3 Simulation study

3.1 Aims

We evaluate the performance of GBM and multinomial logistic regression for PS
estimation under several scenarios including model misspecification and varying
sample size. The aim is to evaluate the balance properties of the weights ob-
tained with different specifications of GBM and multinomial logistic regression
models in each scenario, and to investigate both the bias and precision in the
estimation of the ATE.

3.2 Simulation structure

We place ourselves in the context of an observational study with a continuous
outcome and a multilevel treatment with 3 modalities, as well as 26 variables, 14
continuous and 12 binary. 7 continuous and 8 binary variables are independently
associated with the treatment and the outcome, 3 continuous and 2 binary
variables are independently associated with the outcome only, 2 continuous and
1 binary variables are independently associated with the treatment only and 2
continuous and 1 binary variables are not associated with either the treatment
or the outcome (noise variables).

We use these variables in 3 treatment assignment scenarios : (A) a model
with simple confounder effect,(B) a model with confounder and interaction terms
and a (C) a model with confounder, noise and instrumental variables.
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In order to evaluate the impact of the sample size on the performance of
the methods, we consider 3 hypothetical cohorts with different sample sizes,
n = 1000, n = 5000 and n = 10000.

1000 datasets are generated for each of the 3 simulation scenarios.

The variables involved in the simulations are summarized in the diagrams
and table below.
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Figure 1: Variable Relationships in simulation for the three simulation scenarios

Diagram presenting the three simulated scenarios, (A) additive scenario (B) scenario

with interactions terms (C) scenario with instrumentals variables and noise Variables
13,14 and 26 are noise
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3.3 Data-generating mechanisms

We generate datasets with 26 variables, 14 continuous variables following a
standard normal distribution A'(0, 1) and 12 binary variables following binomial
distributions with probabilities : 0.05,0.2 and 0.5.

3.4 Treatment assignment mechanism

The variables use to calculate the probability of the multinomial distribution
vary according to the scenario, with parameters defined as:
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Z 4 = softmazx(Bicontinuous; +Bacontinuousa+Pscontinuous,+LGacontinuouss+
B continuousy + Bg continuousg + Pr continuousyg + Pg binaryis + Bo binary e +
B1o binaryir + P11 binaryigs + Bi2 binaryig + P13 binaryz: + Bia binaryss +
615 binary24)

Zp = softmax(Za + Bis continuousy X continuouss + B19 continuousy x
continuouss + P20 continuousy X continuousig)

Zc = softmax(Z a + P21 continuousyy + P22 continuousia + B2z binaryss)

All coefficient used in the treatment assignment mechanism are presented in
supplementary table S1, S2 and S3.

3.5 Outcome simulation

The outcome Y is a continuous variables simulated in all scenarios using 20 of
the 26 covariates and a noise e variable that is generate using a A(0,0.1). The
treatment prevalence is similar in the 3 scenarios for each group is Z = 0 = 30%,
Z =1=37% and Z = 2 = 33% .The true contrast between Y (0) and Y (1) and
Y (2) are 0.75 and 1.5.

The generation of the outcome in Scenario (A) and (C) use the same for-
mula:
Y = —-1.206z; +1.23z2 — 0.323+0.50624 +0.14625 + 1.54326 — 0.65627 +0.625 +
00351‘9-0781‘104—1648.%11—5—00921’124—08181‘13+092.’L‘14+0193%15+0549$16+
0-967x17+0-612x18_0-766x19_1-383x20+0-75]1T7"eatment:1+1~5]1T7"eatment:2+€
Scenario (B) :
Yp = Y4, c+continuousy X continuouss+continuous, X continuouss+-continuousy X
continuousig

10
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variables type description ‘ outcome | Treatment_additive | Treatment_interaction | Treatment noise
x1 continous | treatment/outcome X X X X
x2 continous | treatment/outcome ‘ X X X X
x3 continous outcome X
x4 continous | treatment/outcome ‘ X X X X
x5 continous | treatment/outcome X X X X
x6 continous outcome X
x7 continous | treatment/outcome X X X X
x8 continous outcome ‘ X
x9 continous | treatment/outcome X X X X
x10 continous | treatment/outcome ‘ X X X X
x11 continous instrumental X
x12 continous instrumental ‘ X
x13 continous noise
x14 continous noise
x15 boolean | treatment/outcome X X X X
x16 boolean | treatment/outcome ‘ X X X X
x17 boolean | treatment/outcome X X X X
x18 boolean | treatment/outcome ‘ X X X X
x19 boolean | treatment/outcome X X X X
x20 boolean outcome ‘ X
x21 boolean | treatment/outcome X X X X
x22 boolean outcome X
x23 boolean | treatment/outcome X X X X
x24 boolean | treatment/outcome ‘ X X X X
x25 boolean instrumental X
x26 boolean noise ‘

x1:x2 continous | treatment/outcome X* X

x4:x5 continous | treatment/outcome ‘ X* X

x7:x10 | continous | treatment/outcome X* X

3.6 Methods compared

The different methods compared for the estimation of propensity scores are (i)
a purely additive multinomial logistic regression model using all risk factors
(confounders or not), (ii) a GBM, (iii) a multinomial logistic regression, (iv)
an AIPTW and (v) CBPS using all risk factors and taking into account the
interaction. The GBMs minimises the mean standardized difference between the
variables using all risk factors. In the third scenario we compare seven models
(i) a GBM, (ii) a multinomial logistic regression, (iii) a CBPS and (iv) an
ATPTW with same variables as GBM and (v) a multinomial logistic regression,
(vi) a CBPS and (vii) an AIPTW fit without instrumental variables and noise
variables. The GBM minimises the mean standardized difference between the
variables using all risk factors, the instrumental variables and noise variables. In
the second and third scenario the linear model which does not take into account
the right variables is therefore misspecified.

The ATE is estimated with a weighted linear regression estimating the effect
of the treatment on the outcome. No covariates are included in the outcome
model. Non-parametric bootstrap with 500 replications was used to estimate
the standard error of the ATE and normal-based 95% confidence intervals were
constructed after checking the distribution of the bootstrap replicates.

3.7 Measure of interest

We compare for each propensity score estimation method the distribution of
weights and the presence of extreme weights.

11
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We also evaluate in each scenarios the mean (95 % CI) ATE and the bias in
the estimation of the ATE and the coverage rate of the true value of the ATE.
The empirical variance of the ATE among the 1000 simulation, the bootstrap
variances of the ATE and the model based variance for the regression. We also
compute the Monte-Carlo errors among the 1000 simulations.

Finaly, we compare the SMD of the variables for each treatment levels obtain
with the different methods.

The statistical analysis has been done using R version 4.0.3, the implemen-
tation of the GBMs is the one of the R packages GBM version 2.18.

12
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4 Results

The results are presented for a sample size of 10,000. The full results for the
the sample sizes are presented in the Supplementary Tables.

4.1 Distribution and balancing ability of the weights

We compared the distribution of the weights obtained using the different ap-
proaches in the three scenarios.

Figure 2 presents the distribution of the mean weights across the 1000 simu-
lations for the three scenarios. In the three scenarios GBMs led to lower weights
and a lower dispersion of weights. The maximum weight for correctly specified
models is 178. This weight is observed for multinomial regressions in scenario 2.
The maximum weight observed among the GBMs is 66.8 in the case of scenario
3. CBPS leads to a maximum weight of 125 in scenario 2. The weights obtained
with the different models for the 3 scenarios are summarised in figure 4.1 and
table 1.

13
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Median weight

Scenario 1 Scenario 2 Scenario 3
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Figure 2: Boxplot of median weight over 1000 replication (n = 10000)
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Table 1: Table of weights according to the model scenarios (n = 10000)

Treatment group IPTW GBM CBPS IPTW misspecified CBPS misspecified
Simple confounders
0 2.1 (1.6; 3) 2 (1.6; 2.8) 2.1 (1.7; 3)
1 2.7 (1.8;4.5) 24 (1.7;4) 2.7(1.8;4.5)
2 1.9 (1.4;27) 1.8 (1.4;25) 1.9 (1.4; 2.7)
Simple confounders and interaction terms
0 2.1 (1.6; 3) 2 (1.6; 2.8) 2.1 (1.6; 3) 2.2 (1.7, 3.1) 2.2 (1.7; 3.1)
1 2.5 (1.7; 4.3) 2.3 (1.6; 3.8) 2.5 (1.7; 4.3) 2.7 (1.8; 4.5) 2.7 (1.9; 4.5)
2 1.8 (1.4;2.8) 1.8 (1.4;25) 1.8 (1.4;2.8) 1.9 (1.4; 2.8) 1.9 (1.5; 2.8)
Simple confounders and noise
0 2.4 (1.9;3.2) 1.6 (1.2;2.4) 2.4 (1.9; 3.2) 1.7 (1.3; 2.6) 1.7 (1.3; 2.6)
1 2.7 (1.8;4.5) 2.3 (1.6;3.7) 2.7 (1.9; 4.5) 2.4 (1.6; 4.2) 2.5 (1.7; 4.2)
2 2 (1.6;2.8) 1.4 (1.2;21) 2.1 (1.6;2.8) 1.5 (1.2; 2.3) 1.5 (1.2; 2.3)

@ Results are presented in the form: median(1st quartile; 3rd quartile)

4.2 Covariates balance

It is interesting when comparing causal inference models to compare whether
one of the models leads to a better balance between the variables for each
treatment group. In figure 4.2 we present the mean SMD obtained from the

1000 simulations for each of the variables in the 3 scenarios.

15
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scenario

The GBMs lead to a slightly poorer balance than the logistic regression in
the simple confounders scenario.

The GBMs lead to a slightly poorer balance than the correctly specified
logistic regression models but better than the misspecified models in the scenario
with interaction terms. This scenario is the only one in which one of the models
leads to an imbalance with a SMD greater than 0.1 for the regression model
without interaction terms.

In the scenario with instrumental variables and noise the GBMs lead to a
lower quality balance in even misspecified regressions.

4.3 Average Treatment Effect

The result of this part presents the average ATE over the 1000 simulations and
its bootstrap confidence interval.

The GBMs lead in all three scenarios and for all sample sizes to a slightly
biased estimate of the ATE. In the scenario with interaction terms the ATE
estimate of the GBMs remains less biased than that of the misspecified regres-
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sion. In the case of the scenario with simple confounders effect the GBM led
to a mean ATE of for contrast Y(1) - Y(0) 0.79 [0.59; 0.99], for contrast Y(2)
- Y(0) 1.5 [1.34; 1.65]. The multinomial logistic regression led to a mean ATE
of for contrast Y (1) - Y(0) 0.75 [0.51; 0.99], for contrast Y(2) - Y(0) 1.5 [1.33;
1.67]. The CBPS led to a mean ATE of for contrast Y(1) - Y(0) 0.77 [0.54;
0.99], for contrast Y(2) - Y(0) 1.5 [1.33; 1.67]. The AIPTW led to a mean ATE
of for contrast Y(1) - Y(0) 0.75 [0.74; 0.76], for contrast Y(2) - Y(0) 1.5 [1.49;
1.51]. The adjustment led to a mean ATE of for contrast Y(1) - Y(0) 0.75 [0.74;
0.76], for contrast Y(2) - Y(0) 1.5 [1.5; 1.5]. This difference between regression
and GBMs seems particularly pronounced when the sample size is small.

The GBMs seem to lead to a higher ATE estimate with narrower 95% confi-
dence intervals than the regressions. This phenomenon is particularly noticeable
when noise is introduced into the regression models which leads to a significant
widening of the 95% confidence interval. In the case of the scenario with con-
founders, noise and instrumental variables the GBM led to a mean ATE of for
contrast Y(1) - Y(0) 0.79 [0.56; 1.02], for contrast Y(2) - Y(0) 1.49 [1.28; 1.7].
The multinomial logistic regression with noise and instrumental variables led to
a mean ATE of for contrast Y(1) - Y(0) 0.76 [0.44; 1.09], for contrast Y(2) -
Y(0) 1.51 [1.21; 1.8]. The multinomial logistic regression correctly specify led
to a mean ATE of for contrast Y(1) - Y(0) 0.76 [0.53; 0.99], for contrast Y(2)
- Y(0) 1.5 [1.34; 1.66]. The CBPS with noise and instrumental variables led to
a mean ATE of for contrast Y(1) - Y(0) 0.77 [0.47; 1.06], for contrast Y(2) -
Y(0) 1.51 [1.24; 1.77]. The CBPS correctly specify led to a mean ATE of for
contrast Y(1) - Y(0) 0.77 [0.55; 0.99], for contrast Y(2) - Y(0) 1.5 [1.34; 1.66].
The AIPTW with noise and instrumental variables led to a mean ATE of for
contrast Y(1) - Y(0) 0.75 [0.68; 0.82], for contrast Y(2) - Y(0) 1.5 [1.44; 1.57].
The AIPTW correctly specify led to a mean ATE of for contrast Y(1) - Y(0)
0.75 [0.69; 0.81], for contrast Y(2) - Y(0) 1.5 [1.45; 1.56]. The adjustment with
noise and instrumental variables led to a mean ATE of for contrast Y(1) - Y(0)
0.75 [0.69; 0.81], for contrast Y(2) - Y(0) 1.5 [1.45; 1.56]. The adjustment cor-
rectly specify led to a mean ATE of for contrast Y(1) - Y(0) 0.75 [0.69; 0.81],
for contrast Y(2) - Y(0) 1.5 [1.45; 1.55].

The different estimates of the ATE and the 95% confidence interval for the
3 scenarios are presented in the figure 4.3.
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Table 2: Table of bias according to the model scenarios (n = 10000)

Treatment group Scenario 1 Scenario 2 Scenario 3
1-0 2-0 1-0 2-0 1-0 2-0

ATPW 0 [0; 0]94 % 0 [0; 097 % 0 [-0.1; 0.1)95 % 0[-0.1;0.1]95 %  0[-0.1; 0.195 % 0 [-0.1; 0.1]96 %
ATPW miss 0.6 [0.5; 0.8]0 % -0.4 [-0.6;-0.3]0 % 0 [-0.1; 0.1]96 % 0 [-0.1; 0.1]94 %
CBPS 0[-0.2; 0.2]100 % 0 [-0.2; 0.2]100 % 0.1 [0.2; 0.4]98 % 0 [-0.2; 0.2]100 % 0 [-0.2; 0.2]100 % 0 [-0.2; 0.2]100 %
CBPS miss 0.7 [0.4; 0910 % -0.5 [-0.7:-0.2]0 % 0 [-0.3; 0.3]99 % 0 [-0.3; 0.3]99 %
GBM 0[-0.2;0.2]100 % 0 [-0.2; 0.1]100 % 0.3 [0.1; 0.5]23 %  -0.2 [-0.4; 0]27 % 0 [-0.2; 0.3]99 % 0 [-0.2; 0.2]100 %
MTN 0[-0.2;0.2]100 % 0 [-0.2; 0.2]100 % 0 [-0.3; 0.3]99 % 0 [-0.2; 0.2]100 % 0 [-0.2; 0.2]100 % 0 [-0.2; 0.2]100 %
MTN miss 07004 11%  -05[-0.7;-0.20 % 0 [-0.3;0.3]98 % 0 [-0.3; 0.3]99 %
Adj 0 [0; 0194 % 0 [0; 0]96 % 0[-0.1;0.1]94 % 0[-0.1;0.1]96 % 0 [-0.1;0.1]96 % 0 [-0.1; 0.1]96 %
Adju miss 0.6 [0.5; 0.7]0 % -0.5 [-0.6;-0.4]0 % 0 [-0.1; 0.1]96 % 0 [-0.1; 0.1]95 %

4.4 Standard error

In this section we present the standard error obtained with the different methods
in the 3 scenarios. GBMs lead to a standard error that is generally lower than
that obtained with IPTW or CBPS, but higher than that obtained with AIPTW
or adjustment.

In the case of the scenario with simple confounders effect the GBM led to a
montecarlo error of for Z=1 0.05 and 0.03 for Z=2. A bootstrap standard error
of 0.1 for Z=1 and 0.08 for Z=2. And a model based error of 0.07 for Z=1 and
0.07 for Z=2. The multinomial logistic regression led to a montecarlo error of
for Z=1 0.09 and 0.05 for Z=2. A bootstrap standard error of 0.12 for Z=1 and
0.09 for Z=2. And a model based error of 0.07 for Z=1 and 0.07 for Z=2. The
CBPS led to a montecarlo error of for Z=1 0.08 and 0.04 for Z=2. A bootstrap
standard error of 0.12 for Z=1 and 0.09 for Z=2. And a model based error of
0.07 for Z=1 and 0.07 for Z=2. The AIPTW led to a montecarlo error of for
Z=1 0 and 0 for Z=2. A bootstrap standard error of 0 for Z=1 and 0 for Z=2.
And a model based error of 0 for Z=1 and 0 for Z=2. The adjustment led to a
montecarlo error of for Z=1 0 and 0 for Z=2. A bootstrap standard error of 0
for Z=1 and 0 for Z=2. And a model based error of 0 for Z=1 and 0 for Z=2.

In figure 4.4 we present the standard error estimator obtained from the 1000
simulations in the 3 scenarios. Full standard error obtained in each scenarios
are summarized in table 3 and the ratio of model standard error on empirical
standard error is presented in table 4.
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Figure 7: Standard Error estimator
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Table 3: Table of standard error according to the model scenarios (n = 10000)

Scenario 1 Scenario 2 Scenario 3

Treatment group 1 2 1 2 1 2
Bootstrap standard error
ATPW 0 0 0.03 0.03 0.03 0.03
ATPW miss 0.07 0.06 0.04 0.03
CBPS 0.12 0.09 0.15 0.12 0.11 0.08
CBPS miss 0.14 0.11 0.15 0.14
GBM 0.1 008 0.12 0.1 012 0.1
MTN 0.12 0.09 0.17 0.12 0.12 0.08
MTN miss 0.15 0.11 0.17 0.15
Adj 0 0 0.03 0.03 0.03 0.02
Adju miss 0.06 0.05 0.03 0.03
Montecarlo error
ATPW 0 0 0.03 0.03 0.03 0.03
ATPW miss 0.07 0.06 0.04 0.03
CBPS 0.08 0.04 0.11 0.07 0.07 0.04
CBPS miss 0.1 0.08 0.11 0.1
GBM 0.05 0.03 0.09 0.06 0.08 0.07
MTN 0.09 0.05 0.2 0.09 0.08 0.04
MTN miss 0.12 0.09 0.15 0.13
Adj 0 0 0.03 0.03 0.03 0.02
Adju miss 0.06 0.05 0.03 0.03
Simple confounders and noise
ATPW 0 0 0.03 0.03 0.03 0.03
ATPW miss 0.07 0.06 0.04 0.03
CBPS 0.07 0.07 0.09 0.09 0.08 0.08
CBPS miss 0.09 0.09 0.08 0.08
GBM 0.07 0.07 0.09 0.09 0.08 0.08
MTN 0.07 0.07 0.09 0.09 0.08 0.08
MTN miss 0.09 0.09 0.08 0.08
Adj 0 0 0.03 0.03 0.03 0.02
Adju miss 0.06 0.05 0.03 0.03
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Table 4: Table of ratio of standard error according to the model scenarios (n =
1000)

Scenario 1 Scenario 2 Scenario 3
Contrast 0-1 0-2 0-1 0-2 0-1 0-2
ATPW 093 1.09 1.02 1.03 0.98 1

AIPW miss 1 098 0.99 0.99
CBPS 0.95 1.7 1.03 1.86 0.82 1.26
CBPS miss 0.67 0.78 0.86 1.09

GBM 1.39 234 099 1.04 097 1.51
MTN 0.81 156 093 1.84 045 1

MTN miss 0.51 058 0.73 1.04
Adj 1.03 1.27 1.04 1 0.98 0.99
Adju miss 1.05 0.99 1 1.05

5 Illustrative example

To illustrate the practical implementation of multinomial regression, GBM,
CBPS and AIPTW, we applied them to a real data example. The data come
from a French prospective national cohort study that uses the research database
of the Observatoire Sommeil de la Fédération de Pneumologie (OSFP). The
OSFP is a web-based registry containing de-identified data collected on indi-
viduals with sleep disorders. We focused on patients diagnosed with obstruc-
tive sleep apnea (OSA) and treated with continuous positive airway pressure
(CPAP).

Adherence to CPAP is a major issue in the relief of OSA symptoms. A
commonly accepted minimal adherence threshold for efficacy is 4 hours per
night. However, it may be useful to refine our understanding of the causal effect
of CPAP adherence on sleep outcomes, by increasing the number of adherence
categories. Therefore, we divided adherence to CPAP into four levels (0-4h,
4-6h, 6-7h, 7-10h).

A major problem for OSA patients is daytime sleepiness. We therefore inves-
tigated the causal effect of CPAP adherence on a continuous score, the Epworth
Sleepiness Scale, which is a daytime sleepiness rating scale. We included all pa-
tients with a follow-up visit between 6 and 18 months after initiation of CPAP
to assess its impact on sleepiness. We included all patients with an Epworth
score completed for the diagnostic and follow-up visits.

Age, sex, body mass index (kg/m?), smoking status, score on Pichot de-
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pression scale, apnea hypopnea index, presence of morning headache, presence
of hypertension, presence of diabetes, presence of hypercholesterolemia all on
the initiation of treatment were considered as potential confounders in this
study.Figure 8 is a DAG representing the relationships between confounding
factors, treatment and outcome.

Sex

Age

OSA severity

Comorbidities
> Symptoms at

baseline

Neck
circumference
(cm) A
Daytime
sleepiness at
follow-up visit

:CPAPadherence:— - e = -
1

Figure 8: Causal directed acyclic graph
Causal directed acyclic graph for the relation between multilevel CPAP adherence
and residual daytime sleepiness under CPAP. Dotted straight arrow indicates causal
relation under investigation; solid arrows indicate known relations. CPAP:
Continuous Positive Airway Pressure; OSA: Obstructive Sleep Apnea
Dotted frame: exposure; Solid frame: outcome
Comorbidities : depression measured by Pichot’s depression scale presence of
morning headache, presence of hypertension, presence of diabetes and presence of
hypercholesterolemia.

We targeted the ATE quantified using mean differences, parametric models
were specified without interaction between potential confounders. In our ex-
ample, it seems reasonable to consider that the hypotheses are respected. For
exchangeability, we have taken into account the major confounding factors in
the context of our clinical problem. There does not seem to be any interference
or violation of positivity and we can assume that consistency is respected.

Of the 2565 patients included, 591 (23%) belong to the 0-4h adherence group,
977 (38%) to the 4-6h group, 553 (21.6%) to the 6-7Th group and 444 (17.3%) to
the 7-10h group. The mean absolute reduction in Epworth score over the course
of treatment was 3.4(5) for patients in the 0-4h adherence group, 4.7(5.2) for
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the 4-6h group, 5.0(5.1) for the 6-7h group and 5.2(5.2) for the 7-10h group.
The characteristics of the population according to the adherence groups are
summarised in Table 5.

The different methods lead to median weights of between 2.9 and 3.7. There
are no extreme weights, the maximum weight being 17.3, obtained with the
GBMs. As shown in Figure 9, all the methods achieve a satisfactory balance
between the various confounding factors. GBMs are the method leading to
the greatest imbalance. The results are shown in figure 10. Overall, adjusted
methods led to the estimation of a smaller effect of adherence on the reduction of
the Epworth score compared to the unadjusted value, suggesting the presence of
positive confounding. The GBMs and regressions lead in this case to extremely
similar results, with slightly narrower confidence intervals for the regression.
But the calculation time needed for the estimation of the ATE by the GBM is
more than a hundred times longer than that of the regressions. The fact that
the two methods lead to extremely close results can be explained by the not
very strong confounding as presented in figure 9.
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Table 5: Patient characteristics according to the adherence group

All groups
2,565

0-4h (1)
591 (23.0%)

46N (2)
977 (38.1%)

6-7 h (3)
553 (21.6%)

7-10 b (4)
444 (17.3%)

Variables at diagnosis
Gender (male)
Age (years)
Body mass index (kg/m2)
Depression scale
ESS score
Apnea hypopnea index (event/h)
Morning headaches
Hypertension
Diabetes
Hypercholesterolemia
Smoker
Former smoker

Variables at follow-up
ESS score
Duration since diagnosis (year)

1,764 (68.8%)
56.6 (12.8)1.4
31.8 (6.8)
41 (3.8)
10.7 (5.1)
39.2 (20.6)1.3
1,040 (40.5%)
1,193 (46.5%)
689 (26.9%)
755 (29.4%)
403 (15.7%)
763 (29.7%)1

6.3 (4.2)154
0.8 (0.3)

381 (64.5%)
54.6 (13.1)3,4
31.8 (6.8)
4.3 (3.9)
11.0 (5.2)4
36.5 (20.3)3.4
253 (42.8%)
258 (43.7%)
180 (30.5%)
164 (27.7%)
115 (19.5%)4
140 (23.7%)3,4

7.6 (4.6)254
0.8 (0.3)

677 (69.3%)
55.9 (12.1)34
314 (6.2)4
40 (3.8)
10.9 (5.1)4
38.0 (19.7)s.4
405 (41.5%)
451 (46.2%)
247 (25.3%)
279 (28.6%)
165 (16.9%)

( )

6.4 (4.1)154
0.8 (0.3)

396 (71.6%)
58.1 (12.5)1.
31.9 (6.8)
41 (3.8)
10.4 (5.0)
42.0 (21.1)1 2
220 (39.8%)
256 (46.3%)
138 (25%)
179 (32.4%)
73 (13.2%)
186 (33.6%),

54 (3.8)12
0.8 (0.3)

310 (69.8%)
58.7 (13.5)1.
32.8 (8.1),
3.9 (3.6)
10.1 (5.2)1.
41.7 (21.7)12
162 (36.5%)
228 (51.4%)
124 (27.9%)
133 (30%)
50 (11.3%),
151 (34%),

5.5 (4.1)15
0.8 (0.3)

ESS : Epworth Sleepiness Scale

Quantitative variables are presented as mean (standard deviation).

individuals (% of individuals)

t-test was performed for the quantitative variables and a Pearson’s Chi squared test for the categorical variables after

application of a Bonferroni correction for multiple testing.

1,2,3,4 numbers in subscript refers to columns statistically different at the 5% threshold. e.g. 1 means that there is a
statistically significant difference between the adherence group of that column and the 0-4 adherence group (1) for the

variable in question.

Qualitative variables are expressed in number of
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Diagnosis age (years)

Diagnosis tobacco status 4

Diagnosis body mass index (kg/m2) -

Apnea-Hypopnea Index at diagnosis -

Diagnosis Epworth Sleepiness Scale -

Hypertension 4

Diagnosis morning headaches

Diagnosis depression scale 4

Diabetes 1

Gender q

Hypercholesterolemia

we

oo

LX)

SMD with CBPS Weighting
SMD with GBM Weighting
SMD with regression Weighting
SMD without Weighting

0.0

Figure 9: Standardized mean difference before and after weighting

SMD: Standardized Mean Difference; CPAP : Continuous Positive Airway Pres-

sure; ADR: adverse drug reaction; SaO2: arterial oxygen saturation
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ATE

Figure 10: Difference mean in Epworth score between each adherence group and
the reference group using different methods

Each point represents the difference mean in Epworth score between each adherence
group and the reference group (7-10h). The vertical bars represent the 95% confidence
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6 Discussion

In order to limit the biases of observational studies, a wide range of methods
has been developed for estimating propensity scores which are widely applied in
medical research and epidemiology Granger et al. (2020) an received an increas-
ing attention. GBMs are not an exception, they are the second most common
method used for propensity score estimation in medical research in the case of
multi-level treatments Cook et al. (2019); Chu et al. (2019); Chou et al. (2020).

The present study aimed to evaluate the performances of GBM with multi-
nomial regression and CBPS for the estimation of the propensity score for mul-
tilevel treatments when estimating the ATE with IPTW, and compare them to
the performance of multivariable adjustment and AIPTW for the estimation of
causal effects.

Using simulations, we showed that in all the studied scenarios, GBMs lead
to smaller propensity score weights, and smaller variance estimates of the ATE
than multinomial regression, which is consistent with the other study on the
topic McCaffrey et al. (2013). As expected, misspecified models lead to biased
ATE estimates with larger variance and larger weight in scenario two. The bias
is only present in the second scenario, the GBMs have a bias of 0.3, while the
misspecified models have a bias of 0.6. Misspecified models lead to a boot-
strap standard error twice as large as their correctly specified equivalent. The
bootstrap standard error of GBMs is comparable to that of misspecified models.

The estimates of the ATE after estimating propensity scores using GBMs
were slightly biased, unlike those obtained with other methods when the under-
lying models are correctly specified, although the bias was typically very small.
This is expected as the models corresponding to the true data generation mech-
anism will always exhibit better performances. For weighted estimators, the
unbiasedness of the ATE estimates relies on the ability of the different methods
to balance covariates after weighting. Weights obtained using GBMs led to a
worst balance than those obtained with a correctly specified multinomial regres-
sion, especially in scenarios with interaction terms and noise and instrumental
variables. These results may be explained by limitations in the ability of GBMs
to select variables, with in particular the inclusion of instrumental variables,
which is known to introduce bias. Therefore, as with multinomial regression,
a preliminary step of variable selection, based on expert knowledge is required.
Residual imbalances on covariates and their interactions could also be explained
by the fact that during the iterative process of constructing the GBM model, the
weak classifiers focus on the most unbalanced individuals Hastie et al. (2009a),
giving them increasing importance. This can be mitigated by defining the bag
fraction, which is the fraction of data used in each weak learner.

Regarding precision, the bootstrap variance estimates after estimating propen-
sity scores using GBMs were much smaller than those of the multinomial re-
gression (with therefore narrower confidence intervals) but larger than those
obtained with a doubly robust method such as AIPTWs. This is coherent with
the literature, as AIPTW often improves precision when the treatment and
outcome model are correctly specified Robins et al. (1994). In addition, these
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differences between GBMs and other correctly specified methods are exacer-
bated when the sample size is small. This can easily be explained by the fact
that non-parametric models require large sample sizes.

Although GBMs showed good performances in situations were the paramet-
ric form of the propensity score model is hard to define, the implementation of
GBMs can be challenging since they are relatively expensive in terms of com-
putational resources, making them time-consuming to use for large data-sets,
especially in combination with non parametric bootstrap to calculate confidence
intervals. Computation time can be improved by reducing the interaction depth
in the algorithm, but this may have an impact on the resulting covariate balance.

To investigate the implementation of those methods,we applied them to
analyse a study assessing the effect of adherence to continuous positive air-
way pressure on daytime sleepiness in obstructive sleep apnea. In this clinical
application, all the methods lead to an acceptable SMD (< 0.1) for the different
confounding factors and none of the methods led to extreme weights. All the
methods resulted in similar estimates of the ATE, but in this particular case
the GBMs lead to the widest confidence intervals, which was expected given the
moderate sample size.

The main strength of this study is the comparison of a wide range of meth-
ods, under various scenarios on several key parameters (balance, bias and pre-
cision). Although GBMs and multinomial regressions are the most commonly
used methods with multilevel treatments, our results suggest that AIPW should
be considered in these settings. However, this study also has some limitations.
First, we focused on a few simple scenarios, but we can assume that if a method
fails in this context, the problem would also be encountered in more complex
situations. Second, like many machine learning methods, GBM remains sensi-
tive to the tuning of its hyper-parameters Parast et al. (2016). In this study
we did not focus on tuning the hyper-parameters, but it is possible that a
method that adapts the hyper-parameters to each data-set using grid search
would give better results. However, GBMs are relatively computationally ex-
pensive, and therefore such tuning may be more challenging to implement. In
this study we have chosen to focus on hyper-parameters close to the default
twang hyper-parameters which are likely to be used by researchers. For this
reason, we focussed on the use of the mean SMD as the criterion for stopping
GBMs, although the Kolmogorov-Smirnov statistic may be preferred in certain
circumstances Parast et al. (2016).

In conclusion, PS for multi-level treatment can be estimated by different
methods and our results showed that GBMs lead to a higher SMD than the other
models compared, and the ATE estimate obtained using the weights estimated
with GBMs may be biased compared to other correctly specified models. Al-
though GBMs are an useful tool in clinical research thanks to their easy-to-use
implementation and variable selection capability, researchers should carefully
select the appropriate method in their specific setting and consider the use of
doubly robust estimators.
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1 Treatment assignment coefficient

In the first scenario the additive scenario, we use 15 of the 26 covariates in probability of
treatment level assignment . The covariates include and coefficients associate with each levels are

summarize in table 1 below.

S1 Table
0 1 2
intercept 0.000 0.000 0.000

continuous 1 1.290 | 0.932 | 0.562
continuous 2 -0.838 | -0.798 | -0.998
continuous 4 0.778 | 1.588 | 0.419
continuous 5 0.641 0.478 | 0.893
continuous 7 0.294 | 0.500 | 0.417
continuous 9 1.172 | 0.538 | 0.702
continuous 10 | -0.639 | -0.594 | -0.385

binary 15 1.435 | 1.295 | 0.871
binary 16 0.767 | 0.578 | 0.266
binary 17 -0.161 | -0.624 | 0.318
binary 18 1.432 | 0.772 | 1.524
binary 19 -0.444 | 0.330 | 0.710
binary 21 0.514 | -0.215 | 0.869
binary 23 0.652 | 0.483 | 0.358
binary 24 0.462 | 0.106 | 0.957

In the second scenario we add interaction terms, we use 15 of the 26 covariates in probability
of treatment level assignment. The covariates include associate with each levels are summarize in

table 2 below.
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S2 Table

0 1 2
intercept 0.000 | 0.000 | 0.000
continuous 1 1.290 | 0.932 | 0.562
continuous 2 -0.838 | -0.798 | -0.998
continuous 4 0.778 | 1.588 | 0.419
continuous 5 0.641 | 0.478 | 0.893
continuous 7 0.294 | 0.500 | 0.417
continuous 9 1.172 | 0.538 | 0.702
continuous 10 -0.639 | -0.594 | -0.385
binary 15 1.435 | 1.295 | 0.871
binary 16 0.767 | 0.578 | 0.266
binary 17 -0.161 | -0.624 | 0.318
binary 18 1.432 | 0.772 | 1.524
binary 19 -0.444 | 0.330 | 0.710
binary 21 0.514 | -0.215 | 0.869
binary 23 0.652 | 0.483 | 0.358
binary 24 0.462 | 0.106 | 0.957
continuous 1 : continuous 2 -0.413 | -0.649 | -0.212
continuous 4 : continuous 5 0.471 | 0.397 | 0.249
continuous 7 : continuous 10 | 0.315 | 0.654 | 0.173

In the third scenario we use 18 of the 26 covariates in probability of treatment level assignment,
continuousi, continuousie and binaryss are instrumentals variables only associate with treatment.

The covariates include and coefficients associate with each levels are summarize in table 3 below.
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S3 Table

0 1 2
intercept 0.000 | 0.000 0.000
continuous 1 1.290 | 0.932 0.562
continuous 2 -0.838 | -0.798 -0.998
continuous 4 0.778 | 1.588 0.419
continuous 5 0.641 | 0.478 0.893
continuous 7 0.294 | 0.500 0.417
continuous 9 1.172 | 0.538 0.702
continuous 10 -0.639 | -0.594 -0.385
binary 15 1.435 | 1.295 0.871
binary 16 0.767 | 0.578 0.266
binary 17 -0.161 | -0.624 0.318
binary 18 1.432 | 0.772 1.524
binary 19 -0.444 | 0.330 0.710
binary 21 0.514 | -0.215 0.869
binary 23 0.652 | 0.483 0.358
binary 24 0.462 | 0.106 0.957
continuous 11* | 0.173 | 0.476 1.371
continuous 12* | -1.144 | -0.189 0.217
binary 25* 0.170 | 0.602 0.284

a Variables with * are instrumental variables
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2 Distribution and balancing ability of the weights

S4 Table: Table of weights according to the model scenarios (n = 1000)

Treatment group IPTW GBM CBPS IPTW misspecified CBPS misspecified
Simple confounders
0 2.1(1.6;3) 1.8(14;24) 2.1 (1.7;3)
1 2.6 (1.7; 4.4) 2.1 (1.5;3.1) 2.7(1.9;4.3)
2 1.8 (1.4;2.7) 1.6 (1.3;2.1) 1.9 (1.5; 2.7)
Simple confounders and interaction terms
0 2.1(1.6;3) 1.8(14;24) 2.1(1.6;3) 2.1 (1.6; 3) 2.2 (1.7, 3)
1 2.4 (1.6; 4.2) 2.1 (1.5;3.1) 2.5 (1.7;4.1) 2.6 (1.8; 4.4) 2.7 (1.9; 4.3)
2 1.8 (1.3;2.7) 1.6 (1.3;2.2) 1.8 (1.4;2.7) 1.8 (1.4; 2.8) 1.9 (1.5; 2.7)
Simple confounders and noise
0 2.3 (1.8;3.2) 14(1.2;2) 24(1.9;3.1) 1.6 (1.2; 2.6) 1.7 (1.3; 2.6)
1 2.6 (1.8;4.4) 1.9 (1.5;2.8) 2.7(1.9;4.3) 2.3 (1.6; 4.1) 2.4 (1.7; 4)
2 2(1.6;2.8) 1.4 (1.2;1.8) 2(1.6;2.8) 1.5 (1.2; 2.3) 1.5 (1.2; 2.3)

@ Results are presented in the form: median(1st quartile; 3rd quartile)

S5 Table: Table of weights according to the model scenarios (n = 5000)

Treatment group IPTW GBM CBPS IPTW misspecified CBPS misspecified
Simple confounders
0 2.1 (1.6; 3) 2 (1.5; 2.7) 2.1 (1.7; 3)
1 2.6 (1.8;4.5) 2.3(1.6;3.8) 2.7(1.8;4.5)
2 1.9 (1.4;2.7) 1.7 (1.4;24) 1.9 (1.4;2.7)
Simple confounders and interaction terms
0 2.1 (1.6; 3) 2 (1.5; 2.7) 2.1 (1.6; 3) 2.2 (1.7; 3.1) 2.2 (1.7; 3)
1 2.5 (1.7, 4.3) 2.3 (1.6;3.7) 2.5 (1.7;4.2) 2.7 (1.8; 4.5) 2.7 (1.9; 4.4)
2 1.8 (1.4;2.8) 1.7 (1.4;2.5) 1.8(1.4;2.7) 1.9 (1.4; 2.8) 1.9 (1.5; 2.8)
Simple confounders and noise
0 2.4 (1.9; 3.2) 1.5(1.2;2.3) 2.4 (1.9;3.1) 1.7 (1.3; 2.6) 1.7 (1.3; 2.6)
1 2.7 (1.8; 4.5) 2.2 (1.6;3.5) 2.8 (1.9; 4.5) 2.4 (1.6; 4.2) 2.5 (1.7, 4.2)
2 2 (1.6; 2.8) 1.4 (1.2;2) 2.1 (1.6; 2.8) 1.5 (1.2; 2.3) 1.5 (1.2; 2.3)

@ Results are presented in the form: median(1st quartile; 3rd quartile)
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2.1 Average Treatment Effect

S6 Table: Table of bias according to the model scenarios (n = 1000)

Treatment group Additive Interaction Noise
1-0 2-0 1-0 2-0 1-0 2-0
AIPW 0 [0; 0194 % 0 [0; 095 % 0 [-0.2; 0.294 % 0 [-0.2; 0.294 % 0[-0.2; 0296 % 0 [-0.2; 0.2)94 %
AIPW miss 0.6 [0.2; 1]13 % -0.4 [-0.8; -0.1]36 % 0[-0.2; 0.2]94 % 0 [-0.2; 0.2]95 %
CBPS 0.1 [-0.6; 0.7]100 % 0 [-0.5; 0.5]100 % 0.2 [-0.6; 1]99 %  -0.1 [-0.7; 0.5]100 % 0.1 [-0.6; 0.7]100 % 0 [-0.5; 0.5]100 %
CBPS miss 0.7 [-0.1; 1.5]64 % -0.4 [-1; 0.2]80 % 0.1 [-0.7; 0.8]100 % 0 [-0.7; 0.7]100 %
GBM 0.1 [-0.5; 0.7]100 % 0 [-0.5; 0.4]100 % 0.5 [-0.2; 1.2]73 %  -0.4 [-0.9; 0.2]87 % 0.1 [-0.5; 0.7]99 % 0 [-0.6; 0.5]99 %
MTN 01[-0.8;0.7199 % 0 [-0.6; 0.5]100 % 0 [-1; 1]99 % 0 [-0.8; 0.7]100 % 0 [-0.7; 0.8]100 % 0 [-0.5; 0.5]100 %
MTN miss 0.6 [-0.3; 1.6]74 % -0.5 [-1.2; 0.2]78 % 0 [-0.9; 198 % 0 [-0.8; 0.999 %
Adj 0 [0; 0]96 % 0 [0; 0194 % 0 [-0.2; 0.2195 % 0[-0.2; 0.2]195 % 0 [-0.2; 0.2]96 % 0 [-0.1; 0.1)95 %
Adju miss 0.6 [0.2; 1]10 % -0.5 [-0.8; -0.1]19 % 0 [-0.2; 0.2]96 % 0[-0.2; 0.2]95 %
S7 Table: Table of bias according to the model scenarios (n = 5000)
Treatment group Additive Interaction Noise
1-0 2-0 1-0 2-0 1-0 2-0
AIPW 0 [0; 0196 % 0 [0; 0194 % 0[-0.1; 0.1]95 % 0[-0.1; 0.1]94 % 0[-0.1; 0.1]95 % 0 [-0.1; 0.1]94 %
AIPW miss 0.6 [0.4; 0.8]0 %  -0.4 [-0.6;-0.3]0 % 0 [-0.1; 0.1]94 % 0 [-0.1; 0.1]94 %
CBPS 0[-0.3; 0.3]100 % 0 [-0.2; 0.2]100 % 0.1 [-0.3; 0.5]98 % 0 [-0.4; 0.3]100 % 0 [-0.3; 0.3]99 % 0 [-0.2; 0.2]100 %
CBPS miss 0.7[0.3; 1.1]2 %  -0.4 [-0.7;-0.2]5 % 0 [-0.4; 0.4]99 % 0 [-0.3; 0.4]99 %
GBM 0.1 [-0.2; 0.3]100 % 0 [-0.2; 0.2]100 % 0.4 [0.1; 0.7]29 %  -0.3 [-0.5; 0]45 % 0.1 [-0.2; 0.4]99 % 0 [-0.3; 0.3]100 %
MTN 01[-0.3;0.3]99 %  0[-0.2; 0.2]100 % 0 [-0.4; 0.5]99 % 0 [-0.3; 0.3]100 % 0 [-0.3; 0.3]99 % 0 [-0.2; 0.2]100 %
MTN miss 0.7[0.2; 1.118 % -0.5[-0.8;-0.2]7 % 0 [-0.5; 0.4]98 % 0 [-0.4; 0.4]98 %
Adj 0 [0; 0]96 % 0 [0; 0195 % 0 [-0.1; 0.1]95 % 0 [-0.1; 0.1]95 % 0 [-0.1; 0.1]96 % 0 [-0.1; 0.1]95 %
Adju miss 0.6 [0.4; 0.8]0 %  -0.5 [-0.6; -0.3]0 % 0 [-0.1; 0.1]95 % 0 [-0.1; 0.1]95 %
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2.2 Standard error

S8 Table: Table of standard error according to the model scenarios (n = 1000)

Scenario 1  Scenario 2 Scenario 3

Treatment group 1 2 1 2 1 2
Bootstrap standard error
ATPW 0.01 0.01 01 0.09 0.1 0.09
AIPW miss 0.2 0.19 0.11 0.11
CBPS 0.32 026 04 032 032 0.25
CBPS miss 0.4 031 038 0.33
GBM 029 024 035 0.28 031 0.26
MTN 0.38 028 0.5 0.38 037 0.27
MTN miss 0.47 035 048 042
Adj 0.01 0.01 0.09 0.08 0.09 0.08
Adju miss 0.18 0.16 0.1 0.09
Montecarlo error
ATPW 0.01 0.01 011 01 0.1 0.09
ATPW miss 0.21 0.19 0.12 0.11
CBPS 0.17 0.11 024 0.17 0.18 0.12
CBPS miss 0.28 0.22 0.25 0.21
GBM 0.16 0.11 0.23 0.18 0.2 0.17
MTN 0.31 0.16 048 03 028 0.14
MTN miss 0.43 029 049 04
Adj 0.01 0.01 0.09 0.08 0.09 0.08
Adju miss 0.18 0.16 0.09 0.09
Simple confounders and noise
ATPW 0.01 0.01 01 0.09 0.1 0.09
ATPW miss 0.2 0.19 0.11 0.11
CBPS 0.23 0.23 028 0.28 024 024
CBPS miss 0.28 0.28 0.24 0.24
GBM 0.23 0.22 0.28 0.27 025 0.24
MTN 0.23 023 028 0.28 024 0.24
MTN miss 0.28 0.28 0.24 0.24
Adj 0.01 0.01 0.09 0.08 0.09 0.08
Adju miss 0.18 0.16 0.1 0.09




116 / Performance des GBM pour 'IPTW multi-niveaux

S9 Table: Table of standard error according to the model scenarios (n = 5000)

Scenario 1 Scenario 2 Scenario 3

Treatment group 1 2 1 2 1 2
Bootstrap standard error
ATPW 0 0 0.05 0.04 0.04 0.04
ATPW miss 0.09 0.08 0.05 0.05
CBPS 0.16 0.12 0.2 016 0.16 0.12
CBPS miss 0.2 015 02 0.18
GBM 0.14 0.11 0.17 0.14 0.16 0.14
MTN 0.17 0.12 0.23 0.17 0.17 0.12
MTN miss 0.21 0.16 0.23 0.21
Adj 0 0 0.04 0.04 0.04 0.03
Adju miss 0.08 0.07 0.04 0.04
Montecarlo error
ATPW 0 0 0.056 0.04 0.04 0.04
ATPW miss 0.09 0.08 0.05 0.05
CBPS 0.1 0.06 0.14 0.09 0.1 0.06
CBPS miss 0.14 0.1 015 0.13
GBM 0.07 0.05 0.11 0.07 0.1 0.09
MTN 0.13 0.07r 0.2 012 0.12 0.06
MTN miss 0.17 0.12 0.23 0.2
Adj 0 0 0.04 0.04 0.04 0.03
Adju miss 0.08 0.07 0.04 0.04
Simple confounders and noise
ATPW 0 0 0.05 0.04 0.04 0.04
ATPW miss 0.09 0.08 0.05 0.05
CBPS 0.1 01 013 0.12 0.11 0.11
CBPS miss 0.13 0.13 0.11 0.11
GBM 0.1 01 0.12 0.12 0.11 0.11
MTN 0.1 01 013 0.13 0.11 0.11
MTN miss 0.13 0.13 0.11 0.11
Adj 0 0 0.04 0.04 0.04 0.03
Adju miss 0.08 0.07 0.04 0.04
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VI. Conclusion et perspectives

En recherche médicale, les analyses sur les données observationnelles se développent. De plus en plus d’études et de
résultats sont basés sur les approches d’inférence causale. Nous avons vu que les approches binaires sont les plus utilisées
mais ne sont pas adaptées dans le cas de traitement multi-niveaux. C’est le cas lorsque 1’on étudie le traitement par PPC
dans le cadre du SAOS ou le fait de dichotomiser une variable continue entraine une perte d’informations. Pour autant,
j’ai montré, dans le cadre de la revue systématique de la littérature, que les approches multi-niveaux sont peu utilisées
et de nombreuses lacunes persistent dans le report de la méthode et des résultats. Aussi, cette these avait pour objectif
d’approfondir la connaissance sur les approches multi-niveaux avec un exemple d’application concret pour permettre une
meilleure utilisation de ces méthodes et leur diffusion dans la communauté scientifique médicale.

L’observance a la PPC est associée a de nombreux facteurs et présente un cas d’usage intéressant pour explorer les
méthodes d’inférence causale. Dans le cadre d’une revue de la littérature nous avons pu lister les différentes problématiques
associées a l'observance des patients sous PPC.

Dans le second chapitre, j’ai présenté les fondements théoriques sur lesquels se basent les IPT'Ws, notamment le ” potential
outcome framework”, les hypothéses associées, différents estimateurs pour les scores de propension, différents estimands et
les problématiques spécifiques aux traitements multi-niveaux. Je me suis aussi intéressé aux méthodes permettant d’évaluer
I’équilibre des facteurs de confusion post pondération et a I'estimation de la variance.

Dans le troisieme chapitre j’ai effectué une revue systématique pour évaluer 'utilisation des IPTWs multi-niveaux dans
la littérature médicale. J’ai ainsi pu déterminer la fréquence d’utilisation de ces méthodes qui recoivent une attention
grandissante ces derniéres années. J’ai étudié la maniere dont ces méthodes étaient implémentées, mettant en évidence
que les GBMs étaient la seconde méthode la plus utilisée pour l'estimation des SP dans la recherche médicale. J’ai
également détaillé les différents éléments rapportés dans les publications et la qualité de leur reporting. J’ai décrit de
multiples limites dans la maniere dont les résultats issus des IPTWs multi-niveaux étaient rapportés par rapport a ce qui
est recommandé [8, [87]. J’ai produit une représentation graphique simple sur les éléments clefs nécessaires a la présentation

des résultats de ces méthodes. Ce travail est actuellement en révision dans la revue Journal of Clinical Epidemiology.

Dans le quatrieme chapitre, j’ai mis en oeuvre un IPTW avec traitement multi-niveaux afin de comparer l'effet causal
de plusieurs niveaux d’observance a la PPC sur la somnolence diurne mesurée par le score d’Epworth. L’observance a la
PPC est souvent simplifiée en variables binaires (inférieure ou supérieure a 4H), mais on peut supposer qu'il existe des
effets de seuil dans 'effet causal de I'observance a la PPC. Cette étude avait aussi pour but de présenter une application
des méthodes IPTW a traitements multi-niveaux de maniere pédagogique afin de faire connaitre et de rendre ces méthodes
plus accessibles aux cliniciens. J’ai pu montrer que les méthodes statistiques conventionnelles tendent & surévaluer 'effet
de 'observance a la PPC sur la somnolence diurne. Cette application a aussi soulevé pour moi des questions sur 'efficacité

et les limites des méthodes autres que la régression multinomiale pour ’estimation des scores de propension. Ce travail a
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conduit & une publication dans la revue Annals of the American Thoracic Society.

Dans le cinquieme chapitre j’ai évalué, par une étude de simulation, les performances des GBMs, seconde méthode
la plus utilisée dans la littérature médicale. IL’objectif était ’estimation des scores de propension quand le traitement
était multi-niveaux. Nous avons comparé les performances des GBMs, des CBPSs, de la régression multinomiale, des
ATPTW et de I'ajustement entre 3 scénarios se voulant proches de conditions réelles. Ce travail m’a permis d’en apprendre
beaucoup sur la conduite d’'une étude de simulation. Les GBMs, malgré leur apparente simplicité d’utilisation, se sont
révélés complexes principalement a cause de la nécessité d’optimiser des hyperparametres. Au final dans les 3 scénarios,
les GBMs n’aboutissaient pas a une estimation moins biaisée de 'ATE que celle des autres méthodes. Une hypothese pour
expliquer ce résultat serait que les GBMs n’accordent pas un poids assez élevé aux individus extrémes conduisant a un
équilibre imparfait entre les groupes de traitements.

Mon travail de these comporte certaines limitations. En matiere de traitement des valeurs manquantes, j’ai choisi de me
cantonner & l'usage de 'imputation multiple pour leur gestion. Il aurait été intéressant d’explorer d’autres méthodes [46]
notamment ” Inverse-probability-of-missingness weighting” [67], ainsi que leur utilisation dans le cadre des traitements multi-
niveaux. Dans le cadre de mon travail, je me suis concentré sur I'estimation de la variance en utilisant le bootstrap, sans
explorer plus avant les différentes méthodes possibles pour estimer la variance [5]. Pour les analyses causales concernant le
SAOS, une importante limitation est qu’il m’a été impossible de prendre en compte la durée de sommeil dans nos analyses
car la variable contenait trop de valeurs aberrantes pour étre utilisable. Ces valeurs aberrantes conduisaient a des viols de
I’hypothese de positivité, les patients avec des durées de sommeil excessivement faibles ne pouvant appartenir au groupe
des patients tres observants.

Le premier prolongement de mon travail de these serait de poursuivre 'utilisation des bases de données observationnelles
de patients souffrant de SAOS. En effet ces bases de données sont massives et contiennent des données de qualité grace a la
télé-transmission. Les méthodes d’inférence causale semblent prometteuses pour estimer les effets du traitement par PPC
sur les conséquences du SAOS en prenant en compte les différents facteurs de confusion et de restaurer ’échangeabilité
conditionnelle. J’ai eu 'occasion d’encadrer un stage et d’amorcer une publication sur les effet de I'observance a la PPC sur
le score de dépression. En effet, plusieurs items pour évaluer la dépression reposent sur la somnolence. Il nous paraissait
intéressant d’évaluer 'effet causal de la PPC sur le score de dépression et de vérifier que cet effet était exclusivement di a
leffet sur la somnolence.

Une autre piste que les grandes bases de données observationnelles comme les données du Systeme National des Données
de Santé permettrait d’évaluer est l'effet de 1'observance a la PPC au cours du temps en utilisant un modele marginal
structurel. Il serait en effet intéressant d’évaluer 'effet de variations des niveaux d’observance sur l'effet du traitement en
prenant en compte les facteurs de confusion temps-dépendant. Cette approche permettrait d’évaluer l'effet de I'observance
a la PPC sur une longue durée. Dans le cas des facteurs de confusion temps-dépendant la boucle traitement-facteurs de
confusion rend impossible 'ajustement par les régressions [30, [I5]. Robins [67] a proposé un nouveau type de modele : les
modeles marginaux structurels permettant d’évaluer l'effet causal dans ce cas. De plus, les approches longitudinales avec
les traitements multi-niveaux représentent un défi important car avec de multiples points de temps on multiplie d’autant
plus le nombre de scores de propension et donc le risque de poids extrémes. Cela n’a pas pu étre abordé dans le cadre de
ma these.

Comme nous ’avons vu dans le chapitre 2, binariser un traitement multi-niveaux conduit a une perte d’informations. Le

meéme raisonnement est vrai pour le cas des traitements continus transformés en traitement multi-niveaux. Un prolongement
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naturel de mon travail de these serait donc de travailler sur les scores de propension généralisés et leur application a
I’évaluation de l'effet causal de I'observance a la PPC, "observance étant une variable continue. Les scores de propension
généralisés ne sont pas fondamentalement différents du cas binaire : au lieu d’un score de propension par individu on
manipule des densités [31]. Certains modeles comme les CBPSs ou les Generalized Additive Models, permettent nativement
lestimation des SP pour les traitements continus. Mais ’emploi de ces méthodes représente un challenge méthodologique
important notamment le controle de la balance apres pondération n’est pas trivial [6]. L’évaluation des performances de
ces modeles semble variable selon le type de modele de 'estimation de I'estimand et la puissance de 'effet des facteurs de
confusions sur les variations du traitement [7]. L’usage et le développement de ces méthodes semblent donc un challenge
important que je n’ai pas eu le temps d’explorer dans ma these.

Le dernier prolongement de mon travail de theése est I’émulation d’essais ciblés (emulate target trials) & partir de larges
bases de données observationnelles. En 2016, Herndn et Robins ont proposé le ”target trial framework” [29]. C’est un guide
pour concevoir et analyser les études observationnelles en évitant les biais les plus courants. Dans ce guide, ils recommandent
de : (1) définir clairement une question causale sur une intervention, (2) spécifier le protocole de lessai hypothétique et
(3) expliquer comment les données d’observation seront utilisées pour ’émuler. Le but des études émulées est de concevoir
des essais pragmatiques, c’est-a-dire ou les différentes stratégies de traitement sont comparées dans les conditions usuelles
d’utilisation du traitement. Les patients de la base de données répondants aux criteres d’inclusion sont inclus dans 1’essai
émulé. Il est recommandé de n’inclure, dans les patients traités, que les nouveaux utilisateurs afin de ne pas passer & coté
d’effets précoces du traitement. Ce type d’études ne peut presque jamais étre réalisé en aveugle car les professionnels de
santé en charge des patients sont au courant des traitements que ces derniers regoivent. Une fois les patients inclus, il est
nécessaire d’émuler une stratégie d’assignation aléatoire entre les différents groupes de traitements. Pour cela il faut ajuster
pour tous les facteurs de confusion & baseline afin d’assurer ’échangeabilité conditionnelle entres les groupes. Il est possible
d’utiliser différentes méthodes comme ’appariement, la stratification, ’ajustement, la g-computation ou encore les IPTWs.
Je pense que l'utilisation des IPTWs pour le traitement multi-niveaux combinées a ’émulation d’essais pourrait étre un

outil prometteur pour 'analyse des bases de données liées au SAOS.
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ABSTRACT

Introduction: Continuous positive airway pressure (CPAP) is the first-line therapy for obstructive sleep
apnea (OSA). CPAP is highly effective for improving symptoms and quality of life, but the major issue is
adherence, with up to 50% of OSA discontinuing CPAP in the first 3 years after CPAP initiation.

Areas covered: We present the individual and societal costs of non-adherence to CPAP, factors
associated with non-adherence to CPAP, as well as current strategies for improving adherence including
telehealth, couple-based interventions, and behavioral interventions. We also report on challenges and
pitfalls for the visualization and analysis of CPAP remote monitoring platforms.

Expert opinion: CPAP termination rates and adherence to therapy remain major issues despite
technical improvements in CPAP devices. The individual and societal price of non-adherence to CPAP
for OSA patients goes beyond excessive sleepiness and includes cardiovascular events, all-cause
mortality, and increased health costs. Strategies for improving CPAP adherence should be individually
tailored and aim to also improve lifestyle habits including physical activity and diet. Access to these
strategies should be supported by refining visualization dashboards of CPAP remote monitoring plat-
forms, and by disseminating telehealth and innovative analytics, including artificial intelligence.
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morbidity and mortality. Thus, low levels of adherence are
a significant obstacle in the effective management of OSA.
Early identification and management of poor adherence to
CPAP treatment is of major clinical importance to optimize
treatment outcomes in patients with OSA.

The novelty of this review is to summarize the individual
and societal consequences of non-adherence to CPAP, as well
as challenges and pitfalls for the visualization and analysis of
CPAP adherence data. Factors associated with non-adherence
to CPAP such as comorbidities, psychological factors, couples’
profile, socio-economic status, and access to care are pre-
sented. We also expose tailored strategies for improving
adherence that target these factors including telehealth, cou-
ple-based interventions, and behavioral interventions.
Expanding awareness of factors associated with non-
adherence to CPAP can be used to design effective interven-
tions that will improve patients’ integrated care.

1. Introduction

Obstructive sleep apnea (OSA) is a major health concern,
affecting nearly 1 billion individuals worldwide with multior-
gan consequences that result in considerable economic and
social burdens [1,2]. OSA is independently associated with
cardiovascular comorbidities, alteration of quality of life,
alteration of neurocognitive function, and depression [3,4].
Continuous positive airway pressure (CPAP) is the first-line
treatment for moderate-severe OSA. However, poor compli-
ance brings a great challenge to its effectiveness. CPAP has
been shown to be effective for alleviating symptoms, restoring
neurocognitive function, and improving quality of life [5,6].
Treatment adherence, according to the World Health
Organization, is ‘the extent to which a person’s behavior -
taking medication, following a diet, and/or executing lifestyle
changes - corresponds with the agreed recommendations
from a healthcare provider'. It is admitted that CPAP adher-
ence is a key factor of treatment efficiency [7] and as an

illustration, it has been established that a minimum of 4
hours of CPAP is required in order to decrease blood pressure
in minimally symptomatic patients [8].

Poor adherence to continuous positive airway pressure
(CPAP) treatment is associated with persistent symptoms (i.e.
residual sleepiness [9-11], altered quality of life, and work
productivity [12]), substantial health-care costs, and excess in

2. CPAP adherence data
2.1. Definitions of CPAP adherence

Continuous positive airway pressure (CPAP) is the first-line
treatment for OSA. There are relatively arbitrary definitions
to define optimal CPAP adherence. The most widespread
threshold used is the one established by the United

CONTACT Jean-Louis Pépin @ Jpepin@chu-grenoble.fr @ SHU Pneumologie — Physiologie, Centre Hospitalier Universitaire Grenoble Alpes, Grenoble, Cedex 9

38043, France
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Article highlights

o CPAP termination rates remain very high, and adherence to therapy
is a major issue. In the last 20 years, no significant improvement in
CPAP adherence has been observed despite obvious improvements
in technical aspects of devices.

e OSA severity, as assessed by apnea—hypopnea index, and technical
aspects relative to CPAP devices seem to be minor contributors in
explaining CPAP adherence.

e Other factors (comorbidities, psychological, couples profile, socio-
economic status, access to care, and cultural diversity) should be
better acknowledged and included in tailored interventions.

o Strategies for improving CPAP adherence should be individually
personalized and aim to improve not only CPAP adherence but also
global lifestyle habits including physical activity and diet.

o Access to these strategies should be supported by improving visua-
lization dashboards of CPAP remote monitoring platforms and by
disseminating telehealth and innovative analytics including artificial
intelligence.

States Centers for Medicare and Medicaid Services (CMS),
which requires device usage for 4 h/night on =4 nights/
week during a 30-day period in the first 90 days of therapy.
If these CMS adherence criteria are not achieved, in the
United States, OSA patients have therapy withdrawn at the
end of the 90days following CPAP initiation. The CMS
thresholds and, in particular, the 4 h/night device usage,
have been adopted as targets in many countries around
the world. In France, these metrics of adequate adherence
and patients’ acceptance of CPAP remote monitoring are
associated with different levels of reimbursement.

The minimal clinically important difference (MCID) for
improvement in adherence used in clinical studies and for
evaluating the impact of interventions is 30 min [13].

2.2. Big data analyses of short-term CPAP adherence

Hundreds of millions of OSA patients are treated by CPAP world-
wide and remote monitoring of CPAP adherence is becoming
available in developed countries. Nightly objective measurements
of CPAP adherence are available at large scale, and short-term
CPAP adherence based on big data has been reported in unse-
lected populations [14,15]. This collection of nightly objective
adherence from millions of patients is a unique characteristic of
the sleep apnea field. From over 2.6 million US OSA patients, CMS
adherence in the first 90 days has been reported as high as 75%
with an overall mean daily usage (all days) of 5.54 h/night [14]. The
proportion of days with non-zero usage was 93%. In another big
data study [15], across 789,260 patients initiated on CPAP, adher-
ence with CMS criteria was 72.6% but varied dramatically by age
and gender ranging from 51.3% in young women to 80.6% in 71—
80-year-old men. Over the past decade, CPAP adherence
improved over time, but association between socio-economic
status and health inequities in CPAP adherence remained highly
significant as strong determinants for poor adherence [16].

2.3. Long-term adherence and CPAP termination rates

Long-term randomized controlled trials have been essentially
conducted on specific OSA phenotypes (i.e. non-sleepy,

minimally symptomatic patients with cardiovascular disease).
These trials have shown that fewer than 50% of patients are
using CPAP for >4 h/night after several years of follow-up
[17,18], and the mean adherence on the long term was close
to 3 hours per night. In clinical cohorts including more diverse
OSA phenotypes, including sleepy individuals, adherence data
are higher. In 5,138 OSA patients with a median follow-up of
6.6 years, 1,311 patients (25.5%) were considered as CPAP non-
adherent (mean daily CPAP use 0-4 h) [19]. In half a million
OSA patients from a national exhaustive database in France
[20], CPAP termination rates were investigated in new CPAP
users initiating the therapy in 2015 and 2016. Overall CPAP
termination rates after 1, 2, and 3years were 23.1%, 37.1%,
and 47.7%, respectively. In a multivariable analysis, age cate-
gories, female sex (1.09 (1.08-1.10)), COPD (1.12 (1.10-1.13)),
and diabetes (1.18 (1.16-1.19)) were significantly associated
with higher CPAP termination risk. Therapy termination rates
were highest in younger or older patients with > 1
comorbidity.

All together, these data consistently demonstrate that long-
term CPAP continuation and adherence are significant con-
cerns that require the development of specific personalized
management pathways and patients’ engagement tools in
populations at risk for non-adherence.

3. The individual and societal price of
non-adherence to CPAP

3.1. Optimal amount of CPAP usage is still debated and
may vary depending on outcomes

A substantial body of evidence suggests that the presence of
OSA contributes to a number of poor health outcomes, includ-
ing neurocognitive impairment and sleepiness, hypertension,
and cardiovascular diseases leading to early mortality
[2,21,22].

Reference thresholds of CPAP adherence targeted by
caregivers and patients are relatively arbitrary. The quality
of evidence is poor to establish an optimal duration of CPAP
usage. It is unclear whether improvements related to CPAP
therapy are driven by a threshold effect (e.g. occurring
when the usage is >4 h/night) or a dose-response relation-
ship (i.e. ‘more is better’). The situation is even more com-
plex, as the optimal duration of CPAP adherence may vary
depending on the outcome of interest. For example, one
additional hour of CPAP usage was associated with an
additional reduction in systolic blood pressure of 1.5
mmHg and an additional reduction in diastolic blood pres-
sure of 0.9 mmHg [23]. In clinical cohorts, a nightly usage of
6 hours seems to be required for reducing incident cardio-
vascular events [19]. For improvement in clinical symptoms,
a linear dose-response relationship was found between
increased use of CPAP and achieving normal levels of both
objective and subjective daytime sleepiness. Up to 7-hour
use seems necessary for full benefit in terms of quality of
life assessed by the Functional Outcomes associated with
Sleepiness Questionnaire (FOSQ) [24] (Figure 1). A clear
dose-response relationship between CPAP usage and
health-care resource utilization was recently shown in
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Figure 1. Relationship between CPAP adherence and effectiveness.

a study using a linked data set, with benefits seen even
when usage was as low as 1-2 hours per night [25].

Interestingly, despite being widely adopted, the 4-hour
adherence rule has not undergone empirical testing to
demonstrate superiority nor is this threshold validated as
significant to patient outcomes. Moreover, the 4-hour rule
has the unintended consequence of worsening access to
CPAP in patients with the fewest resources and who are
often the most vulnerable to the effects of untreated OSA
[26]. As mentioned previously, the CMS policy requires
a minimum of 4 hours of adherence to qualify for long-
term coverage of CPAP treatment. Unfortunately, this policy
exacerbates disparities by unequally affecting patients with
greater barriers and challenges to meeting the CMS adher-
ence requirement because of socio-economic and structural
factors. Specifically, people with lower SES tend to have
lower CPAP use than those with a higher SES. For example,
in an observational study of veterans, CPAP adherence was
associated with neighborhood SES, with only 34% of parti-
cipants using CPAP 4 hours or more among those residing
in the lowest SES block compared with 62% among those in
the highest SES blocks [27]. In this study, the difference
could not be attributed to financial burden because all
CPAP  costs were covered under the Veterans
Administration benefits. Thus, a recently published Official
American Thoracic Society Policy Statement advocates for
a revision of the adherence requirements for CPAP coverage
in order to promote health equity and align with patient-
centered outcomes, including improved sleepiness and
sleep quality [26].
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3.2. The price of non-adherence to CPAP for OSA
patients: residual sleepiness, burden of cardiovascular
events, all-cause mortality, and COVID-19

3.2.1. Cardiovascular events and all-cause mortality
There have been three major randomized controlled trials
(RCTs) conducted to assess the effects of CPAP on secondary
prevention of cardiovascular events: SAVE [17], RICCADSA [28],
and ISAACC [18]. These three studies provided neutral results,
as the use of CPAP did not reduce the primary composite
endpoint of major adverse cardiac events (MACEs). However,
the results of pre-specified sensitivity analysis in the SAVE trial
showed that the subgroup with CPAP adherence >4 h per
night demonstrated a reduction in the risk of stroke and
total cerebrovascular events [17]. Accordingly, in the
RICCADSA trial [28], the subgroup using CPAP >4 h per night
demonstrated a lower rate of cardiovascular events.

There is also real-world evidence demonstrating a link
between CPAP adherence and cardiovascular and risk of
premature mortality . In a French nationwide database ana-
lysis including half a million CPAP-treated patients using
propensity score matching [29], the authors demonstrated
a relationship between CPAP termination and incident car-
diovascular events (e.g. incident heart failure and incident
hypertension) and all-cause mortality. Data from the Pays de
la Loire Cohort linked to health administrative data aimed at
identifying incident MACEs demonstrated that the reduction
in cardiovascular events occurred only for nightly CPAP
usage above 6 hours per night [19]. The association with
CPAP adherence was stronger in male patients, OSA without
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Figure 2. CPAP adherence remote monitoring.

overt CV disease at diagnosis, and the subgroup reporting
excessive daytime sleepiness at initiation of therapy.

3.2.2. Residual sleepiness

Excessive daytime sleepiness (EDS) affects approximately
half of patients with obstructive sleep apnea (OSA) and
can persist despite primary OSA therapy using CPAP [9,11].
However, in the largest study to date available in the field
[10], residual excessive sleepiness prevalence in CPAP-
treated obstructive sleep apnea patients was 13% (18% for
those with an initial Epworth Sleepiness Scale score >11),
and significantly decreased with CPAP use (9% in =6h
night™ ' CPAP users).

3.2.3. The societal price of non-adherence to CPAP:
health-care utilization

The economic costs associated with OSA are substantial for
both the individual and society [30]. As an example, the
economic burden of OSA-related motor vehicle accidents
was estimated at 810,000 collisions and 1,400 fatalities in
the United States in 2000 [30]. Untreated OSA leads to
aggregation and progression of comorbidities that can
potentially increase health-care utilization. There are now
data providing compelling evidence for a dose-response
relationship between CPAP usage and health-care
utilization.

In the Medicare fee-for-service database, the total epi-
sode-of-care costs of CPAP-adherent patients ($6825) were
lower than those of non-adherent ($11,312; P<.05) and
control ($8102) participants [31]. In a national analysis of
older adult Medicare beneficiaries with OSA, CPAP usage
was associated with a 2% reduction in risk of stroke for
each month of CPAP adherence [32]. The co-occurrence of
OSA and chronic obstructive pulmonary disease, termed
overlap syndrome, is associated with poor prognosis and
a high burden of care consumption. CPAP usage by
patients with overlap syndrome was associated with
reduced all-cause hospitalizations and emergency room
visits, severe acute exacerbations, and health-care
costs [33].

CPAP adherence (h/night)

50
time (days)

There are more data to come to demonstrate the crucial
role of CPAP adherence for reducing the health-related costs
in the comorbid associations of sleep apnea with diabetes,
heart failure, and atrial fibrillation.

3.2.4. COVID-19

The results of a study examining the risk of severe COVID-19 in
non-adherent OSA patients showed that the patients who
were adherent to CPAP were less likely to experience
a severe course of COVID-19 or death than OSA patients non-
compliant with therapy. This was observed despite the fact
that the former group had more severe OSA. This result under-
lines the importance of adherence to CPAP therapy in OSA in
the context of a global pandemic [34].

4. CPAP adherence: challenges and pitfalls for data
analyses, new metrics, and visualization tools to
depict diversity and complexity of CPAP adherence
patterns

4.1. Size of the problem and data science challenges

The emergence and validation of communicating CPAP
devices have enabled the materialization of remote monitor-
ing platforms for the collection and visualization of data gen-
erated nightly by hundreds of millions of patients worldwide.
CPAP remote monitoring platforms generate an avalanche of
data collected bedside daily and processed by CPAP manufac-
turers and caregivers. Algorithms have been developed to
compute and aggregate datasets. These algorithms include
information regarding adherence (hours of usage/night), and
efficacy indexes of residual apnea-hypopnea index (rAHI)
events and leaks (Figure 2).

There is an urgent need to not only improve the data
cleaning and processing of these datasets but also solve
major concerns for data science applications [35]. The main
concerns that need to be addressed are the following: (1)
additional validations of rAHI reliability, especially for central
events, (2) lack of standardization of the summarized data
provided by the different PAP brands, (3) handling of missing
values and 4) correct appreciation of treatment interruptions.
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4.2. Innovative analytic methods for identification of
trajectories of adherence and CPAP efficacy: guidance
and alerts to clinicians, caregivers, and patients

Longitudinal data from CPAP remote telemonitoring since
the time of CPAP initiation provide interesting insights and
can be analyzed as time series, including trends, cyclic
components, or can be used to identify specific events
responsible for changes in the pattern of the series. For
example, events such as change in CPAP device can gen-
erate significant changes in the observed rAHI in a patient,
due to different reports provided by different CPAP manu-
facturers [36]. Furthermore, a patient who interrupts CPAP
use due to traveling or because of the onset of an incident
medical condition will generate missing or null values that
should be managed with early information to the
caregivers.

CPAP adherence data that have been managed correctly
can provide important information on CPAP adherence trajec-
tories and identification of acute events, as it has been shown
for COVID-19 infection [37] or acute cardiovascular events [38].
Various approaches to consider CPAP adherence trajectories
have been proposed. Babbin et al. performed unsupervised
clustering in CPAP adherent patients after exclusion of CPAP
terminations [39]. Their study aimed at describing individual
patterns of CPAP use over time, quantitatively creating sub-
groups of individuals with similar patterns, and identifying
variables related to the subgroups. Ultimately, their aim was
to assess the utility of combining time-series analysis to iden-
tify patterns over time. In this study, a four-cluster solution
was found, and participants were distributed among the fol-
lowing groups: great users, good users, low users, and slow
decliners. The authors of this study concluded that combining
time-series analysis and dynamic cluster analysis was a useful
way to evaluate longitudinal patterns of CPAP adherence at
both the individual and subgroup level. However, in order to
improve generalization, future studies should include groups
of patients who terminated CPAP. Bottaz-Bosson et al. [40]
explored clustering approaches based on dynamic time warp-
ing to consider the time course patterns of CPAP adherence
and to identify different clusters of CPAP adherence trajec-
tories, including patients who had stopped CPAP. Such ana-
lyses are useful to identify low, intermediate, and high levels
of CPAP adherence groups, as well as to provide a risk strati-
fication for CPAP termination.

Another clinically relevant topic is to assess the relationship
between CPAP treatment adherence and patient outcomes by
using causal inference approaches because the binary thresh-
old of 4 h of CPAP adherence probably limits the understand-
ing of this relation. Bettega et al. [41] addressed this question
by using different methods to approach CPAP adherence. In
their study, they illustrated how two causal inference methods
(i.e. inverse-probability-of-treatment-weighting and inverse-
probability-of-treatment-weighting with regression adjust-
ment) can be applied on observational data for the estimation
of the effect of different ranges of CPAP adherence on day-
time sleepiness. Thus, multiple patterns of CPAP adherence
should be considered to truly investigate a dose-response
effect.

EXPERT REVIEW OF RESPIRATORY MEDICINE . 5

4.3. Dashboards and visualization tools

This type of approach using trajectories can be visually
reported on dashboards that can contribute to the imple-
mentation of personalized medicine in OSA (Figure 2). Also,
the identification of patient trajectories of CPAP use versus
the variability of treatment efficiency based on rAHI mea-
sures is of major interest [42]. A recent study proposed
automated analyses of the impact of changes in CPAP
masks as a tool to be included in remote monitoring plat-
forms for raising alerts after harmful interventions (i.e. when
a change from a nasal to facial mask increases rAHI) [43].

Raw data on patterns of CPAP adherence and not aggre-
gated data are informative of some of the OSA phenotypes. In
patients with comorbid insomnia and sleep apnea (COMISA)
[44], one of the most frequent OSA phenotypes, several dis-
tinct periods of CPAP use occur during the night and during
daytime naps, reflecting the severity of insomnia and sleep
deprivation. Such information can now be easily available for
caregivers in routine practice.

5. Factors associated with CPAP adherence

The factors influencing CPAP adherence (or non-adherence) are
multidimensional and involve characteristics and behaviors by
the physician, patient and health-care system (Figure 3).

The severity or symptoms of OSA have been shown to
affect CPAP adherence. AHI and oxygen desaturation index
(ODI) have been positively associated with CPAP adherence in
patients who present excessive daytime sleepiness [45,46] and
who do not [47].

Despite the increase in CPAP treatment options (i.e. bilevel
positive airway pressure, and auto-adjusting CPAP) and
numerous advances in machine dynamics including quieter
pumps, softer masks, and improved portability, treatment
acceptance and adherence remain low and stable over the
last 20 years [48]. No clinically significant improvement in
CPAP adherence has been observed in recent years despite
efforts toward behavioral intervention and patient coaching as
well as advances in machine dynamics. Technical advances are
probably not key targets, and dissemination at scale of beha-
vioral therapies is lacking.

Furthermore, to date, no single factor has been consistently
identified as predictive of CPAP acceptance and adherence
[49,50]. Therefore, understanding obstacles and critical ele-
ments associated with a patient’s decision to use CPAP is
crucial in promoting treatment acceptance and designing
interventions [51-54]. It is now increasingly clear that factors
influencing adherence to CPAP go beyond disease severity
and machine options and include patient characteristics, and
psychological and social factors.

5.1. CPAP-related side effects

Side effects to CPAP treatment are relatively common and
include mask leakage, mask pressure, dry mouth, nasal con-
gestion, claustrophobia, and difficulties exhaling [55].
However, a number of investigations have failed to demon-
strate a correlation between a reduction in side effects offered
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Figure 3. Visualization of CPAP adherence.

by technical solutions (i.e. air humidifiers and different types of
devices) and increased adherence to CPAP [54,56-58].

5.2. Socio-economic status (SES)

Higher income [59,60], educational level [61], socio-economic
status in neighborhood [27,59,61], number of household
members, and civil status [27,62] have been associated with
increased CPAP adherence in some, but not all studies [63-66].

Furthermore, socio-economic status is positively associated
with health literacy and access to health-care services [60].
Previous studies have shown that low SES predicts poor
adherence to CPAP, and patients with higher SES are more
likely to commence treatment [67]. In a study that evaluated
SES based on monthly income level, for each increase in
income-level category, the odds for CPAP acceptance
increased by 140% [60]. Furthermore, low-income level was
found to be an independent determinant for not accepting
CPAP. Low SES has been recognized as a potential barrier to
chronic treatment due to multiple and complex interactions
[60]. These complex interactions generally encompass not only
income and education level but also a wide range of asso-
ciated factors that may affect the quality of health-care
patients receive, including insurance status, access to care,
patients’ health beliefs, and many facets of the doctor-patient
relationship, such as trust and communication [68-70].
Patients with lower SES have a greater likelihood of exposure
to SES risk behaviors including smoking, excessive alcohol
consumption, physical inactivity, poor diet, nonattendance to
medical visits, and poor adherence with treatment for chronic
conditions [71].

A more recent large population-based study with extended
follow-up showed that civil status, educational level, house-
hold income, and foreign background predict CPAP adherence
in a clinically significant manner [72].
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5.3. Treatment efficacy and interfaces

It has been consistently reported that a high rAHI (i.e. above
5-10 per hour) is associated with poor adherence and an
increased rate of CPAP termination [73]. This is particularly
true for emergent central sleep apnea (CSA) under CPAP.
CSA emerging or persisting under CPAP is associated with
male sex, age, sedentary lifestyle, OSA severity, cardiovascular
comorbidities (heart failure and arrhythmia), and type of inter-
face (orofacial mask versus nasal mask). Early recognition of
such clinical situations facilitates early intervention to reduce
the risk of therapy discontinuation and shift to more efficient
ventilator modalities allowing to restore efficacy and good
adherence [74,75].

The type of interface and supply also play a significant role
in driving CPAP adherence. It has been demonstrated that the
regular replacement of mask interface components is asso-
ciated with better long-term adherence to CPAP therapy ver-
sus no resupply [76]. Case studies, small randomized
controlled trials, and a meta-analysis demonstrated deteriora-
tions in rAHI [43] and lower adherence to CPAP in OSA
patients when they switch from nasal to facial masks [77-80].

5.4. Auto-CPAP versus fixed pressure CPAP

Non-behavioral interventions aimed at improving CPAP adher-
ence, such as mechanical interventions which involve chan-
ging the way that positive pressure is delivered, have also
been investigated. A systematic review and meta-analysis
that compared automatic-CPAP (auto-CPAP) to fixed pressure
CPAP found no statistical difference in machine use or in
adherence. However, patients preferred auto-CPAP over fixed
pressure CPAP [81]. Similarly, a more recent systematic review
and meta-analysis found a mild improvement in CPAP adher-
ence, patient preference, and sleep architecture in favor of
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auto-CPAP compared to fixed-CPAP [82]. However, the clinical
relevance of these findings required further study.

5.5. Social support-bed partners

Spouses can influence patients’ health behaviors and be an
integral component to successful CPAP adherence [72]. In
a retrospective cohort of 330 OSA patients, being married
was associated with a higher nocturnal CPAP use of >4 hours
after 1week [27]. In another study with 80 patients and
a 1-month follow-up, patients living with a partner showed
higher CPAP use [62]. Gentina et al. found that the quality of
the marriage and engagement of the partner affected nightly
CPAP use [83].

5.6. Adherence during the COVID-19 pandemic

During the COVID-19 lockdown period, a large prospective
cohort conducted in France showed that there was
a significant improvement in CPAP adherence [84].
Interestingly, there was an inverse relationship between pre-
COVID-19 adherence and increase in adherence during lock-
down. Furthermore, a particularly significant increase was
observed among individuals with poor adherence during the
pre-COVID-19 period. Notably, the increase in CPAP adherence
observed exceeds the threshold of adherence improvement
considered clinically significant (i.e. 30 minutes) [13]. The
authors proposed a number of speculations to explain their
observations. First, it is possibly that a proportion of adult men
under 65 years old who were still working might have been
suffering from chronic sleep deprivation with reduced sleep
time and thus reduced adherence. Lockdown curtailed their
activities and allowed these individuals to recover from sleep
loss and increase their duration of nightly CPAP usage and
thus adherence. Second, CPAP-treated patients who started
therapy in the spring before the pandemic (the reference
period used in this study) might have increased their adher-
ence over 1 year independently of lockdown effects. Finally,
OSA has been consistently reported to be associated with
severe COVID-19 [85]. This forewarning had been widely dis-
seminated to patients by physicians and home care providers
[86]. Thus, better adherence might have been linked to a fear
of hospitalization in patients with COVID-19. This anxiety may
have triggered a change in behavior regarding CPAP use.

A smaller cross-sectional study of severe OSA patients
showed that lockdown-related CPAP adherence improved in
severe OSA patients, with a shift in almost half of poor pre-
lockdown adherers toward good lockdown CPAP adherence
[87]. Another prospective study examining the impact of the
COVID-19 pandemic on CPAP adherence over the entire 2020
year failed to show a significant change in adherence [88].
However, this study compared adherence from 2019 to 2020,
and the differences observed are not only related to the
COVID-19 pandemic but also the consequence of circumstan-
tial events like the 2019 heat wave in Europe.

Whether the COVID-19 pandemic impacted CPAP adher-
ence over the long term is unknown and only preliminary
short-term data have been reported to date. Nevertheless,
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these observations suggest that behavioral interventions,
based on the patients’ perception of both disease-related
risk and CPAP-related benefits could improve adherence.

In addition to already established determinants of CPAP
adherence, a number of socio-economic factors such as eco-
nomic, educational, and marital status affect CPAP acceptance,
as mentioned above. When treating patients with CPAP,
a greater awareness of the impact of these different socio-
economic factors on adherence, and, when necessary, indivi-
dually tailored follow-up, may improve treatment adherence
and may contribute to health equity.

6. Strategies for improving CPAP adherence

Several strategies are employed to promote adherence and
enhance the efficacy of CPAP, i.e. multiple educational inter-
ventions, behavioral therapies, CPAP device modifications, and
telehealth.

6.1. Couples-based interventions

Due to the dyadic (i.e. pairing of two individuals) nature of
sleep for adults living with spouses or bed partners, the effects
of OSA and its treatment expand beyond the individual
patient. Results from studies examining facilitators and bar-
riers to CPAP use perceived by patients have suggested that
spouses play an important role in adherence to CPAP treat-
ment [89]. Thus, there is a strong scientific premise for design-
ing couple-based interventions aimed at improving CPAP
adherence [90]. First, it has been shown that couples’ sleep
is highly interdependent, meaning that one partner’s sleep
affects and is affected by the other partner’s sleep [91]. In
a clinical trial, OSA treatment was associated with a 50%
reduction in the other partner's nocturnal arousals [92].
Second, an important motivator for patients to seek OSA
diagnosis is sleep disruption reported by a bedpartner. Third,
there is strong evidence supporting the importance of couple-
based interventions in other chronic diseases for improving
treatment adherence, symptom management, and patient and
partner health outcomes [93]. Finally, partner support is pivo-
tal to encourage adherence to CPAP while as conflict in the
relationship can reduce adherence [94]. A pilot investigation
comparing a couples-oriented intervention with a patient-
oriented intervention showed improvements in patients'
CPAP adherence and in sleep quality and sleepiness in the
couples-oriented intervention group [95]. A recent scoping
review showed that the presence of a partner promotes
adherence to CPAP therapy in patients with OSA, resulting in
ameliorating their overall quality of life [96].

Taken together, these findings provide empirical support
for designing interventions aimed at increasing CPAP adher-
ence that integrate the partner. In this line, the protocol of
a randomized pilot/feasibility trial ‘We-Pap’ including an inter-
vention that uses a couple-based treatment model to target
CPAP adherence, as well as the broader sleep health issues
that affect both the patient and partner, was recently pub-
lished [97].
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6.2. Telemonitoring/Patient engagement tools

A novel aspect of CPAP devices is the machine- or web-based
tracking systems that generate information both to the health-
care provider and to the patient.

Over the last 20years, telehealth technology has been
applied to the field of CPAP, easing the follow-up process
and allowing health-care providers to deliver more consistent
care. Telehealth is defined as the application of telecommuni-
cations and digital communication technologies to deliver and
facilitate health services [98]. Telehealth was developed to
provide health-care services at a distance and can be used
for assessment, diagnosis, treatment, obtaining/retrieving
data, and evaluation.

The 2015 guidelines for telemedicine utilization published
by the American Academy of Sleep Medicine (AASM) pro-
moted telehealth technology development, and the COVID-
19 pandemic has expedited internet-based home
telemedicine for the diagnosis and treatment of OSA [99].
Recent updates from AASM advocated for the delivery of high-
quality sleep care through telehealth interventions and
suggested a significant role of telehealth in maintaining the
continuity of sleep health [100].

Telemonitoring (TM) is a subset of telehealth. TM of
patients treated with CPAP devices provides information on
CPAP adherence, efficacy, and leaks. TM can also include the
use of electronic messages [101] and self-management plat-
forms. Health-care providers and physicians can use these
mobile platforms to identify potential sources of poor CPAP
adherence, including mask leaks, CPAP side effects,
unfounded patient beliefs, and/or inappropriate behaviors
regarding their therapy [99,102,103].

A limited number of studies have investigated the impact
of telemonitoring on CPAP adherence and have produced
conflicting results. Some studies have suggested higher
CPAP usage with TM compared with usual care [101,103-
105]. However, most studies have failed to show better CPAP
adherence [101,106-110]. These discrepancies might be partly
explained by the fact that the impact of TM on CPAP adher-
ence is dependent on OSA phenotypes and that adherence is
a multifactorial issue that cannot be solved only by TM.
Recently, there have been a number of studies that indicate
phenotypes or clusters of OSA symptoms. For example,
Gagnadoux and coworkers identified five clusters based on
gender, presence of insomnia and comorbidities, depressive
symptoms, and daytime sleepiness, as well as other typical
nocturnal and diurnal OSA symptoms [110]. In this study,
CPAP use >4 hours/night and symptom improvement differed
between the clusters.

A significant interest in TM is the capability for early identi-
fication of patients at risk of poor adherence. This would allow
re-allocation of resources to low adherence subgroups while
reducing the number of visits for those with good adherence
for whom regular nightly TM is sufficient. The cost-
effectiveness validation of such a strategy is essential because
a number of studies have highlighted the greater burden of
caregivers’ interventions for both technical (masks, humidi-
fiers, etc.) and medical (residual sleepiness and persistent
high residual AHI) reasons.

TM has also shown promise for enhancing self-perceived
efficacy of CPAP treatment and/or improving biological
parameters in a multimodal approach. It is often assumed
that support of any kind during CPAP treatment can
improve patient’'s engagement for CPAP adherence and
adopting a healthy lifestyle. Recently, the American Heart
Association updated their construct of cardiovascular health
by including healthy sleep [111]. Thus, well-designed multi-

modal telehealth interventions can encourage positive
health promotion and preservation alongside CPAP
adherence.

It must be recognized that access to the required technol-
ogy, both from the provider and patient standpoint, is
a limitation to widespread use. This drawback will likely dimin-
ish over time as the availability of technology increases and
cost decreases. The success of telehealth/monitoring may also
be dependent on knowing who best responds (age, educa-
tion, and geographic setting) to the different telehealth
approaches.

6.3. Supportive, educational, and behavioral
interventions

A recent Cochrane review examined the effects of supportive,
educational, and behavioral interventions on CPAP adher-
ence [112]. Educational interventions were defined as inter-
ventions imparting information about CPAP treatment or
OSA more generally, delivered through in-person sessions,
group educational sessions, written materials, video format,
or any combination of these. Supportive interventions
referred to interventions in which participants were provided
with additional clinical follow-up or with telemonitoring
equipment that facilitated either self-monitoring of CPAP
usage or monitoring by clinical staff to prompt ‘as needed’
clinical follow-up. Behavioral interventions employed psy-
chotherapeutic techniques derived from behavioral, cogni-
tive, or related models of health behavior change. By
definition, behavioral interventions under any of the models
used involve at least a minimal degree of direct participant
engagement or interaction (as opposed to purely educa-
tional, in which information is merely imparted to partici-
pants). Behavioral interventions target a modifiable and
measured construct known or hypothesized to influence
health beliefs about OSA and CPAP therapy [112]. The
authors found that all types of interventions increase CPAP
usage with varying levels of certainty. Behavioral therapy
increases machine usage by 79 min per night, and ongoing
supportive interventions probably increase machine use by
about 42 min per night. This is significantly greater than the
MCID of 30 min [13]. Educational and mixed interventions
may potentially improve machine usage; however, the cer-
tainty of this evidence is very low.

7. Expert opinion

Continuous positive airway pressure (CPAP) is the first-line
treatment for OSA and has been shown to be effective for
alleviating symptoms, restoring neurocognitive function, and
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Figure 4. Factors influencing CPAP adherence, data analytic tools/methods, identification of patient phenotypes and development of personalized interventions.

improving quality of life. Adherence to treatment has been
identified as a key factor for treatment efficiency and poor
adherence is associated with persistent symptoms including
residual sleepiness, altered quality of life, considerable health
costs, and increased morbidity and mortality. Unfortunately,
over the past 20 years, despite improvements in CPAP treat-
ment options, machine dynamics, treatment acceptance, and
adherence remain low among patients with OSA [48].

Due to the multidimensional nature of CPAP adherence,
one type of intervention is unlikely to meet the need of all
patients. A multi-dimensional evaluation of patient character-
istics and their eco-system should allow the design and imple-
mentation of individualized interventions aimed at improving
CPAP adherence.

More attention should be paid to health iniquities, health
economic status, and health literacy. After appropriate base-
line evaluation and risk stratification of non-adherence, the
type of intervention might be prioritized and might evolve
over the time course of patient follow-up. Interestingly, the
emergence and validation of communicating PAP devices has
enabled the materialization of remote monitoring platforms
for the collection and visualization of data generated nightly
by hundreds of millions of patients worldwide. Accumulated
PAP data provide valuable and objective information regard-
ing patient treatment adherence and efficiency. Improving the
quality and standardizing data handling could facilitate data
sharing among specialists worldwide and enable artificial
intelligence strategies to be applied in the field of sleep apnea.

Remote CPAP monitoring platforms are already in place for
informing caregivers. This is a unique opportunity to imple-
ment ‘at scale’ telehealth interventions to support adherence
(Figure 4). Thus, future studies designed to evaluate individua-
lized interventions are needed in order to implement these
types of interventions at a large scale.
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7.2 Travaux annexes

7.2.1 Résumé des collaborations

e API Beauty is in the eye of the Clients : j’ai collaboré a un article de génie logiciel avec une équipe de I'université
KTH de Stockholm. Ma contribution a été de rédiger et de vérifier le script d’analyse des données. Cette contribution
est un travail d’ouverture dans un domaine dans lequel I'inférence causale sur données observationnelles pourrait étre

un outil intéressant et & ma connaissance peu exploité. (publié dans la revue Journal of Systems and Software [25])

e Quality of life of patients with solid malignancies at 3 months after unplanned admission in the
intensive care unit: A prospective case-control study. : j’ai contribué a la rédaction d’un article qui traite
des modifications de qualité de vie des patients avec un cancer apres un passage en réanimation en réalisant I’analyse

statistique. (publié dans la revue Plos one [7§])

o LAM : l'objectif de ce travail est d’explorer les caractéristiques prédictives des patients avant un diagnostic de

leucémie aigué myéloide afin de proposer un algorithme prédictif. (présenté au CLARA)

e Late relapse after hematopoietic stem cell transplantation for acute leukemia: a retrospective study by
SFGM-TC. : l'objectif est d’explorer les caractéristiques et les déterminants des rechutes tardives post greffe chez les
patients leucémiques.(Publié dans la revue Transplantation and Cellular Therapy [37]) (présenté dans 2 conférences

d’hématologie)

e Checkpoints inhibitors and allo-SCT in Hodgkin lymphoma : a matter of time - A study by the SFGM-
TC : La greffe de cellules souches allogéniques pour les patients atteints d’un lymphome hodgkinien récidivant/réfractaire
apres une greffe autologue est désormais une option établie. De nombreux patients regoivent des inhibiteurs de points
de controle IPC comme traitement de rechute. Néanmoins, des inquiétudes ont été exprimées quant au risque accru
de maladie aigué du greffon contre ’héte apres 'exposition aux IPC, sans qu’aucun groupe de controle ne permette

d’élucider les facteurs de risque.(Soumis en vue de publication dans la revue American Society of Hematology)

e Impact of extended interval dosing of immune checkpoint inhibitors in lung cancer patients during
the COVID-19 pandemic. : durant la pandémie certains centres ont choisi de doubler les doses de certaines
immunothérapies afin de limiter le nombres de venues & I’hépital. L’objectif était d’évaluer si cette nouvelle pratique

conduisait & un surplus d’effets indésirables.(Publié dans la revue Respiratory Medicine and Research [83)])

e Safety profile of immune checkpoint inhibitors according to cancer type. Bulletin du Cancer : Nous
avons utilisé I'inférence bayésienne pour évaluer la probabilité d’apparition d’un effet indésirable selon la localisation

du cancer. (Publié dans le Bulletin du cancer [23])

e La cytométrie en image, un outil facile a utiliser pour analyser le contenu en chitine de 12 espéces de
levures : 'objectif est d’évaluer une nouvelle méthode de dosage de la chitine puis d’évaluer les capacités de cette
méthode sur la prédiction de résistances aux anti-fongiques et I'identification d’espeéces.(Soumis en vue de publication

dans le journal of medical mycology)



136 / Annexes

e La planification 3D en chirurgie orthognathique pour évaluer la résection osseuse pour l'impaction
maxillaire : le but de cette étude est de mesurer en 3D le rapport entre la résection osseuse maxillaire et 'impaction

maxillaire et d’identifier les parametres modifiant ce rapport. (Soumis dans le journal of cranio-maxillo-facial surgery)

7.2.2 Résumé des communications

Présentations orales

e Présentation orale & la conférence de I'International Society for Clinical Biostatistics (2021): Présentation

sur une application des GBMs a la problématique de I'effet causal de I’observance a la PPC sur la somnolence diurne.

e Présentation orale & la conférence FUNcausal (2023): Présentation sur 'application des IPTWs & la problématique

de Deffet causal de 'observance a la PPC.

e Présentation orale au comité d’investigation clinique du CHU de Grenoble (2022): Présentation sur

I’application des IPTWs a la problématique de 'effet causal de I'observance a la PPC sur la somnolence diurne.

e Présentation orale a la journée des doctorants du laboratoire HP2 (2022) : Présentation sur I'application

des IPTWs a la problématique de 'effet causal de 'observance a la PPC.
¢ Présentation orale journée des doctorants du laboratoire HP2 (2023) : Présentation de la revue systématique
de la littérature sur 'usage des IPTWs multi-niveaux dans la recherche médicale.
Posters

e Poster a ’EuroSim : Poster sur 'application la revue systématique de la littérature sur 1'usage des IPTWs multi-

niveaux dans la recherche médicale.

e Poster & FUNcausal : Poster sur I'application la revue systématique de la littérature sur I'usage des IPTWs

multi-niveaux dans la recherche médicale.

e Poster au congrés du Sommeil (2021): Poster sur 'application des IPTWs a la problématique de Deffet causal

de 'observance a la PPC sur la somnolence diurne.
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