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Chapitre 1

Contexte

« On ne peut pas toujours tout
savoir. Et une partie de ce qu'on
sait est toujours fausse. Peut-étre la
partie la plus importante... Il y a
une part de sagesse a savoir ¢a. Et
une part de courage a continuer
malgré tout. »

Robert Jordan, La roue du temps

Sommaire

1.1 IDBCetPlug-Stat® . ... ...ttt n i inereeneneneenenennans 2
1.2 Obijectifs et plan du manuscrit




CHAPITRE 1. CONTEXTE

1.1 IDBC et Plug-Stat®

Lentreprise de services du numérique IDBC (Informatique et Données Biomédicales a la Carte)
est historiquement spécialisée dans la mise en place d’applications web destinées a la collecte des
données et a la gestion des consultations. En 2016, IDBC crée un partenariat public-privé avec
I'Université de Nantes via l'unité mixte de recherche INSERM 1246 SPHERE (methodSs for Patients-
centered outcomes and HEalth REsearch) dans le but de développer et commercialiser une appli-
cation web d’analyse statistique sur-mesure : Plug-Stat® [1].

Destinée a 'analyse de données observationnelles, Plug-Stat®est dotée d’interfaces intuitives
afin de faciliter et de réduire le temps nécessaire a la réalisation des analyses statistiques. L'utilisa-
teur obtient un rapport complet, rédigé comme une trame pour une publication dans une revue
internationale a comité de lecture. A ce jour, cing études de causalité ont été réalisées avec Plug-
Stat® [2-6].

Cependant, cette 'application rencontre des difficultés de commercialisation potentiellement
dues a un nombre d’étapes non-automatisables trop important requérant I'implication d’experts
en analyse de données observationnelles. Pour ce premier frein, IDBC envisage le développement
d’une seconde version de Plug-Stat®utilisable directement par le professionel de santé. Ainsi, la
valorisation des données observationnelles en santé serait grandement facilitée et I'investisse-
ment pour collecter et garantir la qualité des données mieux rentabilisé.

Actuellement, Plug-Stat®propose des analyses causales. Un second frein a sa commercialisa-
tion est 'impossibilité de réaliser des analyses prédictives. La seconde version de Plug-Stat®devra
donc inclure un module d’analyses prédictives afin de répondre a ce besoin.

1.2 Objectifs et plan du manuscrit

Dans ce contexte, le premier objectif de cette these est d’automatiser un maximum d’étapes
liées a I'estimation causale, telles que les hypothéses de validité, afin de rendre I'application en-
core plus autonome. Différents verrous technologiques devront étre levés et feront I'objet d'un
travail de recherche approfondi.

Le second objectif consiste au développement et a 'implémentation du module prédictif dans
Plug-Stat®. Ce développement sera brievement décrit dans I'annexe A.

Ce manuscrit est organisé comme suit. Le chapitre 2 consistera en un état de I’art de 'estima-
tion causale et se conclura par les problématiques spécifiques a I’automatisation. Les chapitres 3 a
6 présenteront les contributions scientifiques correspondantes. Enfin, le dernier chapitre consis-
tera en une discussion générale résumant les travaux réalisés et ouvrant sur de nouvelles perspec-
tives tant d’'un point de vue scientifique qu’industriel avec le futur potentiel de Plug-Stat®.



Chapitre 2

Etat de I’art

« Je serais végétarien si le bacon
poussait dans les arbres. »

Homer Simpson
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CHAPITRE 2. ETAT DE L'ART

2.1 Association et causalité

Pour répondre a la question de I'effet d'un traitement I un essai controlé randomisé (ECR)
permet I'obtention de deux groupes comparables ot la seule explication possible en cas de diffé-
rences post-randomisation serait le traitement [7]. Néanmoins, les ECR sont sujets a certains biais
et ne peuvent parfois pas étre conduits pour des raisons éthiques ou de faisabilité [8]. Ainsi, des
données dites observationnelles peuvent étre utilisées, la principale différence étant I’absence de
comparabilité directe des groupes de traitement. L'inférence causale peut étre vue comme une
tentative de recréer un ECR a partir de données observationnelles [9, 10].

Supposons que nous ayons une large population d’individus traités. Nous pouvons les suivre
et savoir combien vont décéder d’ici un an. Imaginons que ce soit 20%. Maintenant remontons
le temps, ne donnons pas le traitement a ces patients et regardons combien sont décédés a la fin
de I'année. Supposons que ce soit 50%. De cette facon, nous pourrions prouver que le traitement
a, en moyenne, un effet causal bénéfique sur cette population puisqu’il réduit la mortalité. Evi-
demment, il est impossible de remonter le temps. Quantifier I'effet causal requiert 'opposition de
deux populations, aussi proches que possible, traitée et non-traitée [11].

Supposons maintenant que nous ayons une population d’individus dont certains sont traités
et d’autres non. Imaginons que 30% des traités décédent contre seulement 10% des non-traités a
la fin de I'année. Nous ne pourrions pas conclure a un effet causal du traitement si les deux popu-
lations ne sont pas similaires. Par exemple, le surplus de mortalité peut s’expliquer par le fait que
les patients traités sont plus 4gés et donc plus a risque que les non-traités. En revanche, nous pou-
vons dire que le traitement et la mortalité sont associés parce que le risque de déces est différent
selon le groupe de traitement. Quantifier une association requiert seulement I'opposition de deux
groupes d’individus sous différents traitements. Il peut donc y avoir association sans causalité.

2.2 Criteres de Bradford Hill

En 1965, Hill [12] définissait les neuf criteres suivant pour différencier les notions de causalité
et d’association dans le cadre de la controverse sur le tabac comme cause du cancer du poumon :

1. Force: Une association forte est plus susceptible d’avoir une composante causale que qu'une
association modeste.

2. Stabilité : Une répétition observée dans le temps et ’espace est plus susceptible d’étre cau-
sale.

3. Cohérence : Une conclusion causale ne doit pas contredire fondamentalement les connais-
sances actuelles connaissance substantielle.

4. Spécificité : Une cause produit un effet donné dans une certaine population en 'absence
d’autres explications.

Temporalité : La cause précede la conséquence.
Relation dose-effet : L'effet augmente avec la dose.
Plausibilité : Il est possible d’expliquer les mécanismes impliqués.

Expérimentation : La randomisation renforce I'idée de causalité.

© ® N o O

Analogie : L'association est semblable a des relations causales existantes.

Abondamment discutés [13], ces criteres ont servi (et servent parfois encore) a l'inférence cau-
sale dans le domaine médical. Hill lui-méme précisait que '’ensemble de ces critéres n’étaient, ni
nécessaires, ni suffisants pour établir une relation causale [12]. Le critere le plus important est
sans conteste la temporalité. En effet, la temporalité était une des premieres définitions de la cau-
salité en tant que telle [14]. Si Ioannidis [15] juge que seuls deux autres critéres (la stabilité et

1. Terme interchangeable avec action, intervention et exposition.
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I'expérimentation) sont réellement importants en santé, plusieurs auteurs [16, 17] ajoutent que la
plausibilité est un critere clef qui peut étre investigué par les graphiques acycliques orientés (DAG,
Directed acyclic graphs) [18].

2.3 Diagrammes acycliques orientés

2.3.1 Principe

Un DAG est une conceptualisation des connaissances d’experts de la problématique étudiée
sous forme de nceuds et de fleches. Chaque nceud représente une variable qu’elle soit mesurée ou
non. Ces nceuds sont reliés par des fleches dés lors que nous soupgonnons qu'une variable a un
effet causal sur une autre, quelque soit la forme fonctionnelle de cette relation (e.g., quadratique,
exponentielle...) [19]. Ainsi, les DAG représentent a la fois les relations causales par des fleches di-
rectes et les associations par des chemins composés d'une ou plusieurs fleches. Ceci est illustré
dans la Figure 2.1. Soit 'ensemble de variables {A,Y, W} o1 A correspond au traitement, Y a I'éve-
nement et W = {U,V} un ensemble de covariables pouvant étre mesurées (V) ou non (U). Ici, la
variable mesurée V a un effet causal sur A et sur Y représenté par deux fleches pointant sur ces
neeuds. Puisqu’aucune fleche ne relie A et Y, A n'a pas d’effet causal sur Y et inversement. Cepen-
dant, A et Y sont associées puisqu’il y a un chemin reliant AetYviaV:A <V —Y.

—

V——="A Y
FIGURE 2.1 — Exemple de diagramme causal

Popularisés de facon concomitante par Pearl [20-22] et par Spirtes, Glymour et Scheines [23],
les DAG sont maintenant couramment utilisés en épidémiologie pour identifier de potentiels pro-
blemes dans la planification d'une étude, guider I'analyse statistique et permettre une discus-
sion scientifique précise et efficace [24]. Notons qu'un DAG n’est finalement qu'une représenta-
tion figurée d'un systeme d’équations non-paramétriques, dit modele structurel causal [21]. Par
exemple, pour la figure 2.1 :

V= fy(Uy)
A= fa(V,Up)
Y= fY(A»V) UY)

Ou Uy correspond au terme d’erreur de la variable X, c’est-a-dire a I’ensemble de ses causes non-
mesurées [21].

2.3.2 Composants particuliers

Les variables W peuvent étre classées en six composants différents selon le chemin sur lequel
elles se trouvent (Figure 2.2). Les deux cas les plus simples sont I'instrument (ou variable instru-
mentale) qui est une cause du traitement A mais pas de 'événement Y et le facteur de risque (ou
exposition compétitive [25]) qui est une cause de Y mais pas de A. Un médiateur est une variable
étant sur le chemin causal de deux autres variables. Ici, il s’agit d'une cause de Y et d'une consé-
quence de A. Si un collider est une conséquence commune a deux autres variables, un facteur de
confusion est au contraire une cause commune a deux autres variables. Enfin, un proxy est une
conséquence (mesurée) d'une variable non-mesurée.
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Collider
Instrument

A

- Y
\ Facteur de /

confusion

FIGURE 2.2 - Illustration des différents composants possibles d'un diagramme causal

Il est important de noter qu’aucune approche statistique ne permet de différencier un facteur
de confusion d’un collider ou d’'un médiateur (et vice-versa). En effet, des associations entre A et W
et entre W et Y seront observées, que W soit un facteur de confusion, un médiateur ou un collider.
Seule une réflexion sur la plausibilité de la relation et de la temporalité de survenue des variables
permet de donner des éléments de réponse [26,28]. Il semble donc d’emblée que I’automatisation
complete d'une analyse d’'inférence causale soit un objectif impossible a atteindre.

En réalité, la notion de facteur de confusion est un peu plus complexe et nécessite d’introduire
les notions de back-door path (BDP) et front-door path (FDP). Considérons le DAG représenté par
la Figure 2.3. En s’intéressant al'effet causal de A sur Y, le FDP est simplement le chemin liant Aet Y
dansle sens des fleches, ici A — Y. Ce type de chemin peut inclure des médiateurs et peut étre utile
dans les analyses de médiation [29]. Un BDP est un chemin commencant par une fleche pointant
vers A et se finissant par une fleche pointant vers Y. En d’autres termes, la présence d’'un BDP est
lié a la présence d’'un facteur commun affectant a la fois I’exposition et I'évenement [19]. Ainsi sur
la Figure 2.3, nous pouvons voir le BDP suivant : A — U — V — Y d{i a une cause commune non-
mesurée U. Les variables A et Y sont donc statistiquement associées a la fois par le FDP et par le
BDP. Or, I'effet causal de A sur Y correspond seulement au FDP. Il est nécessaire de bloquer tous
les BDP pour estimer correctement 'effet causal ciblé.

FIGURE 2.3 - Illustration des back-door et front-door paths.

2.3.3 Biais de confusion et de sélection

Le biais de confusion est stirement 1'un des biais les plus documentés dans la littérature. Ce
type de biais est causé par la présence d'une cause commune a A et Y non-contrdlée. Autre-
ment dit, un biais de confusion peut survenir lorsqu'un BDP entre A et Y est ouvert. L'estimation
d’un effet causal nécessite donc que tous les BDP soient bloqués pour que I'association observée

2. C’est le paradoxe de Simpson, contrairement a I'idée répandue selon laquelle il correspondrait aux situations de
confusion extréme [26,27]
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entre A et Y soit causale. Il existe un ensemble de quatre regles, connu sous le nom de D(irected)-
separation (Tableau 2.1), permettant de savoir si un chemin est ouvert ou bloqué [30] :

1. Sans conditionnement®, le chemin est bloqué si et seulement si un collider se trouve sur le
chemin

2. Un chemin se bloque si I'on conditionne sur un non-collider
3. Un chemin s’ouvre sil’on conditionne sur un collider

4. Un chemin s’ouvre sil’on conditionne sur une conséquence d’un collider

TABLEAU 2.1 - Résumé des chemins possibles et de 'impact du conditionnement sur L.

Chemin Description Terminologie pour V.. Avant®  Apres?

A—-V->Y A cause Y viaV Médiateur Ouvert Bloqué
A—V—Y AetY ont une cause commune V  Facteur de confusion Ouvert Bloqué

A-V<Y A et Y causent V collider Bloqué Ouvert

@ Avant ou aprés avoir conditionné sur V.

Reprenons la Figure 2.3. En appliquant les regles précédentes, nous voyons que le BDP A —
U — V — Y est ouvert puisqu’il n'y a ni conditionnement, ni collider. Un biais de confusion est
alors introduit. Pour bloquer ce chemin, il est nécessaire de conditionner sur un non-collider pré-
sent sur le BDP, donc sur U ou V. Puisque U n’est pas mesuré, nous ne pouvons bloquer ce chemin
qu’en conditionnant sur V. C’est dans ce sens que VanderWeele et Shpitser [31] ont proposé une
nouvelle définition du facteur du confusion selon sa capacité a bloquer les BDP ouverts. Ainsi,
un médiateur (mesuré) de la relation entre un facteur de confusion non-mesuré et soit I'événe-
ment, soit I’exposition, peut étre considéré comme un facteur de confusion, méme s’il n’est pas
une cause commune a ces deux variables. Dans le cas oli aucun médiateur n’est mesuré, ils pro-
posent de conditionner sur un proxy du facteur de confusion pour réduire le biais dG au BDP
ouvert. Notons que pour cet exemple, V peut survenir apres A sans que cela ne pose de probleme.
Le conditionnement sur des variables post-traitement est a éviter lorsque que ce sont des consé-
quences du traitement.

Les DAG sont le plus souvent vus comme un outil permettant de déterminer 'ensemble de
variables L € V sur lequel conditionner pour éviter les biais de confusion [25]. Or, ils peuvent éga-
lement représenter les biais de sélection [32, 33]. ‘la Figure 2.4 illustre une situation ot aucune
association ne sera observée entre A et Y puisqu’un collider, Vi, se trouve sur le BDP. En condition-
nant sur ce collider Vi, un biais de sélection sera créé et une association non-causale désormais
sera observée entre A et Y via la chemin A — U — V; — V, — Y. De facon analogue aux biais de
confusion, les biais de sélection peuvent étre contrélés en bloquant les chemins allant du collider
conditionné vers Y [11], par exemple en conditionnant sur V,. Enfin, conditionner sur un mé-
diateur de la relation causale d’intérét bloque le chemin causal et empéche I'estimation de I'effet
total de I’exposition [34]. Notons que deux autres types de biais, non-abordés dans ce manuscrit,
peuvent étre représentés dans les DAG : la présence de données manquantes et 'erreur de me-
sure [7].

2.3.4 Limites

Les DAG sont des outils indubitablement utiles. IIs permettent de résumer de grandes quanti-
tés d’informations dans une seule figure, facilitant ainsi la planification des études et la discussion

3. Par conditionnement, on entend stratification, ajustement, appariement, etc.
4. Attention, en sciences humaines et sociales le terme biais de sélection est utilisé pour la confusion.
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FIGURE 2.4 - Structure en M

autour des biais éventuels pouvant survenir. Les DAG ont notamment facilité la visualisation de
certains paradoxes tels que celui de I'obésité [35] ou du poids de naissance [36].

Néanmoins, les DAG sont des représentations qualitatives de la réalité supposées d’apres I'ex-
pertise du domaine [26,37,38]. Ils ne donnent aucune information sur la présence éventuelle d’'in-
teractions ou sur la forme des relations inter-variables [24]. Si d'un c6té des tentatives d’inclure les
interactions existent [39], van der Laan et Rose [40] arguent que tous les modeles paramétriques
sont biaisés par définition puisque la forme de ces relations est impossible a connaitre dans des
domaines complexes telles que la santé ou les sciences sociales. De fagon analogue, les relations
elles-mémes sont complexes a déterminer. Existe-t-il une fleche entre ces deux variables? Dans
quel sens cette fleche pointerait-elle ? Existe-t-il une cause commune non-mesurée entre ces deux
variables? Rohrer [19] propose de tracer plusieurs DAG représentant nos différentes hypotheses
afin de réaliser des analyses de sensibilité. Ceci est malheureusement de moins en moins réali-
sable lorsque le nombre de variables incluses dans le DAG augmente [41]. Ferguson et al. [17] pro-
posent une méthode basée sur la littérature pour construire les DAG. De plus, certaines sources
de confusion susceptibles pour des petits échantillons (méme randomisés), telle que la confusion
aléatoire, ne peuvent étre représentées graphiquement [42]. Un autre champ de recherche est la
découverte causale ol les relations causales sont recherchées a partir des données. Glymour et
al. [43] proposent une revue des méthodes de découverte causale couramment employées.

Comme mentionné précédemment, les DAG sont principalement vus comme un moyen de
trouver (via la D-separation) '’ensemble L minimal sur lequel conditionner pour contrdler la confu-
sion et ainsi estimer un effet causal [25]. Nous venons de voir qu’obtenir un DAG résumant par-
faitement le mécanisme de génération des données est quelque peu irréaliste. C’est dans ce sens
que VanderWeele [44] proposait un critere plus large que la D-separation pour définir 'ensemble
d’ajustement L. Basée sur les DAG et ]'expertise clinique, son idée est de sélectionner les variables
selon la régle suivante :

1. Sélectionner toutes les variables pouvant étre une cause de I'allocation du traitement ou de
I’événement.

2. Exclure de cet ensemble les instruments connus.

3. Ajouter dans I'’ensemble tout proxy d'une variable non-mesurée causant a la fois I’allocation
du traitement et I'événement.

Le principal probleme de cette approche est la présence possible de variables colinéaires [45].
Vanderweele [44] proposait ainsi de combiner son critére a une approche d’apprentissage auto-
matique (ou machine learning, ML) pour restreindre 1’'ensemble de covariables aux plus impor-
tantes mais également obtenir une correcte spécification du modele (e.g., [46-48]).

Il est important de noter que la méthode de conditionnement utilisée peut conduire a I'esti-
mation d’effets causaux différents [24]. Ainsi, un cadre théorique additionnel est nécessaire pour
déterminer I'effet causal ciblé.
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2.4 Mondes contrefactuels

2.4.1 FEveénements potentiels

Rubin [49] proposait dés 1974 un concept alternatif pour 'estimation causale : les mondes
contrefactuels. Inspiré des travaux de Neyman [50] et adapté aux données observationelles, ce
cadre théorique fut ensuite étendu a un contexte temps-dépendant par Robins [51].

Ce modele conceptuel se base sur la question suivante. Que se passerait-il si le patient rece-
vait le traitement A = 1 au lieu de A = 0?2. Comme expliqué précédemment, avec une machine a
remonter le temps, il serait possible de répondre a cette question. Il serait ainsi possible de donner
chaque traitement au patient, de le suivre et de regarder s'il finissait par faire 'évenement d’'intérét
ou non, toutes choses égales par ailleurs. Ainsi, avec un traitement binaire, chaque individu pos-
sede un couple d’évenements potentiels associés au traitement étudié. Ces éveénements potentiels
peuvent étre notés YA=! et YA=0 (abrégés en Y' et Y). C’est-a-dire les événements faits en ayant
recu les modalités de traitement A = 1 et A = 0, respectivement [52]. Seul un évenement peut étre
observé, l'autre est dit contrefactuel.

2.4.2 Formalisation des effets causaux

Les événements potentiels sont des variables conceptuelles, non mesurables, qui permettent
de définir I'effet causal ciblé : 'estimand théorique [53, 54]. 1l est a différencier de I’estimand em-
pirique qui correspond a un effet estimable a partir des données observées [53]. Par exemple,
I'effet causal du traitement dans la population entiére (ou average treatment effect on the entire
population, ATE) peut étre égal a la différence moyenne des événements potentiels des indivi-
dus composant I'échantillon : E(Y! — Y?). Cette quantité n’est pas directement estimable puisque
ces variables ne sont pas disponibles. Au contraire, I'estimand empirique correspondra a la diffé-
rence moyenne des événements observés dans deux groupes comparables : E(YJ[A =1-Y|A = 0).
Lestimand théorique est dit identifiable lorsqu’il correspond a I'estimand empirique. Pour ceci, il
nécessite le respect de plusieurs hypotheéses décrites peu apres. Deux sortes de biais peuvent ainsi
survenir : le biais d’identification correspondant au non-respect d’au moins une des conditions
d’identifiabilité, et le biais d'estimation correspondant a un probleme de modélisation [55]. Ce
premier biais est commun a toutes les méthodes utilisées pour estimer un effet causal et requiert
une expertise du domaine clinique pour éviter son apparition [56]. Au contraire, le second type de
biais est spécifique a la méthode d’estimation causale employée et peut nécessiter des hypotheses
supplémentaires [57].

TABLEAU 2.2 — Exemples d’estimands théoriques causaux

Dénomination Contraste causal Population cible Estimand théorique
Effet causal individuel y!l-y0 Individu i Y} —Y?
ATE (Différence de risque) y!l-Y? Criteres d'éligibilité E(Y'-Y?)
ATT (Différence de risque) y!-y? Individus traités (A=1) EY!'-Y'lA=1)
ATU (Différence de risque) y!-Y? Individus non-traités (A =0) E(Y!-Y°|A=0)
. , 1_1)/(1-P(Y°= . 1/ (1—E(Y0
ATE (Odds-ratio marginal) W Criteres d'éligibilité %

PY'=1)/1-P(Y°=1))
P(YO=1)/(1-P(Y!=1))

E(Y!|L)/A—EX°|L)

Odds-ratio conditionnel E(OL)/A-ENT|D)

Sous-population défini par L

Lestimand théorique posséde deux composants. Le premier correspond a un contraste parti-
culier (voir Tableau 2.2 pour des exemples) entre les évenements potentiels clarifiant ainsi I'inter-
vention contrefactuelle étudiée. Il peut s’agir d'une différence de risque, d'un rapport de risque ou
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méme d’un contraste entre des fonctions des événements potentiels [52,58]. Le second composant
de I'estimand théorique correspond a la population cible [53]. Comme les événements potentiels
se situent en dehors de tout modele statistique, ’estimand théorique se définit selon la pertinence
clinique. Reprenons I'exemple de 'ATE. Le contraste peut correspondre a la moyenne des diffé-
rences entre les évenements potentiels individuels. La population cible est ainsi celle définie par
les critéres d’éligibilité. Pour un méme contraste d’événements contrefactuels (i.e., E(Y! —Y?)), des
estimands alternatifs peuvent étre définis. L'effet causal moyen chez les traités (ou Average treat-
ment effect on the treated, ATT) correspond a ce contraste dans une sous-population d’individus
traités (A = 1). Leffet causal moyen chez les non-traités (ou Average treatment effect on the un-
treated, ATU) est quant a lui défini dans la sous-population des individus non-traités (A = 0) [59].
Enfin, il est également possible de cibler un effet causal conditionnel correspondant a une sous-
population particuliere définie par 'ensemble des variables d’ajustement L. Il est également pos-
sible de définir différents estimands théoriques dans la méme population cible, par exemple 'ATT
et un odds-ratio spécifique a la sous-population traitée.

2.4.3 Identifiabilité

Une fois 'estimand théorique défini, un lien avec un parametre statistique (i.e., 'estimand
empirique) doit étre fait au moyen des conditions d’identifiabilité [53, 54]. Décrite différemment
selon les auteurs [7,11,59, 60], nous définirons 'identifiabilité au moyen de trois hypotheses 5.

1. Consistance:Y=Y%A=a
2. Echangeabilité : Y* 11 A, ot LL désigne I'indépendance [62]
3. Positivité : 0 <P(A=all) <1

La consistance implique la correspondance des événements observés et potentiels. Elle néces-
site d’abord une définition précise du traitement [63, 64], et ensuite 'absence d’interférence (i.e.,
spillover effect ou contamination) entre les évenements des différents patients [65,66]. Léchangea-
bilité implique que les individus traités et non-traités aient le méme risque moyen de faire 1'éve-
nement avant de recevoir une modalité de traitement, ces deux groupes étant donc échangeables
dans le sens ot le méme effet causal aurait été observé si les modalités de traitement avaient été
inter-changées. Elle implique I'absence de biais de confusion et de sélection, soit formellement
P(Y%|A=1) =P(Y?%A = 0) [67]. Si ces biais sont présents, I'échangeabilité conditionnelle peut étre
considérée a la place : Y* LL A|L en considérant que toutes les sources de ces deux sortes de biais
soient controlées par le conditionnement sur L. Il en découle que les groupes sont échangeables
entre les différentes strates de la population cible plutot que directement dans la population. La
positivité implique, quant a elle, que tous les individus puissent théoriquement recevoir n'im-
porte quelle modalité de traitement. Deux sortes de violations co-existent. Une violation structu-
relle sera due a la présence d’individus n’ayant théoriquement aucune chance de recevoir l'une
des modalités du traitement, par exemple des femmes ménopausées pour une étude sur I'effica-
cité d’'une pilule contraceptive. Une définition précise des critéres d’éligibilité est donc nécessaire
pour éviter ce type de violation. Cependant, des violations aléatoires peuvent également survenir.
Elles seront dues a la présence de strates d’'individus n’ayant qu'une modalité de traitement sans
raison particuliere si ce n'est un nombre trop faible d’individus dans ladite strate. Ce type de vio-
lation est étroitement lié a I'échangeabilité conditionnelle puisque seules les strates définies par
les variables de 'ensemble d’ajustement L peuvent biaiser I'estimation [7]. Si la robustesse aux
problémes de positivité varie selon les méthodes d’estimation causale [68,69], les analyses de sen-
sibilité restent le seul moyen de s’assurer de la robustesse quant a '’hypothéese d’échangeabilité
conditionnelle [70, 71].

5. Des extensions de ces définitions existent dans des cas plus complexes i.e., traitement dépendant du temps ou
médiation [61].
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Comme indiqué précédemment, les estimands théorique et empirique correspondent si ces
trois conditions sont réunies. Gardons 'exemple de 'ATE :

ATE =E(Y'-Y")
=E(Y") -E®Y?)

Par échangeabilité :
=E(Y'|A=1)-EX°|A=0)
Par consistance :
=E(Y=1A=1)-E(Y=0/A=0)

Ot les quantités E(Y = 1|/A = 1) et E(Y = 0]A = 0) sont estimables a partir des données, puisqu’elles
n'impliquent pas de variables contrefactuelles non-mesurables par définition.

2.4.4 Interprétation des estimands théoriques

LATE permet de déterminer ce qu’il se passerait si tous les patients recevaient ou non le trai-
tement. Au contraire, 'ATT répond a la question de I'efficacité d'un traitement existant chez les
patients le recevant [72,73]. Ces questions ont des implications différentes selon I'objectif visé. Le
but est-il de convaincre de la pertinence d’élargir I'indication du traitement? Ou, au contraire, le
but est-il de montrer que le traitement fonctionne chez ceux qui le recoivent ? Dans le premier cas,
I’ATE sera un effet causal plus pertinent, tandis que I’ATT serait a privilégier pour le second.

La notion d’effet causal est également souvent associée a celle d’effet marginal [74, 75] vrai-
semblablement puisqu’il s’agit de I'effet estimé au travers de 'ECR, considéré comme la référence
pour 'estimation causale [10,22,74]. Cependant, le terme d’effet causal regroupe les deux notions
marginale et conditionnelle, respectivement populationnelle et individuelle [52]. Bien que !'effet
causal individuel ne puisse étre estimé a proprement dit, I'effet conditionnel peut étre un proxy
correct des lors qu'un nombre suffisant de covariables est considéré. Le choix dépend encore de
la question étudiée. L'investigateur cherche-t-il a savoir 'effet du traitement sur toute la popula-
tion incluse ? Ou veut-il estimer I'effet pour un patient particulier ? Ainsi, il voudra respectivement
estimer l'effet causal marginal ou l'effet causal conditionnel. Ce choix peut donc étre vu comme
un compromis entre santé publique et médecine personnalisée. Néanmoins, certains estimands
sont équivalents, qu'ils soient conditionnels ou marginaux, ils sont alors dits collapsibles [76]. La
non-collapsibilité est due a I'inégalité de Jensen : la moyenne d’une fonction non-linéaire n’est pas
égale a cette fonction appliquée aux moyennes [77]. Ainsi, lors d'un conditionnement sur L, des
mesures non-collapsibles vont différer des lors que L est associée a Y [78]. Citons comme exemples
d’estimands non-collapsibles I'odds-ratio [26,76], le hazard ratio [79] et la différence de survie [80].
Au contraire, les différences et rapports de risque seront collapsibles. Seuls les effets marginaux se-
ront considérés dans la suite de ce manuscrit.

2.5 Méthodes d’estimation causale

Différentes alternatives de modélisation sont possibles (Figure 2.5, adaptée d’aprés Schuler
et Rose [81]). D'un coté, le score de propension (SP) [82] a pour but de se rapprocher d'un ECR
via la modélisation de 'allocation du traitement. Alternativement, la g-computation (GC) est une
approche d’'imputation/prédiction de I'évenement contrefactuel [83]. Enfin, ces deux approches
peuvent étre combinées conduisant a des estimateurs dits doublement robustes (EDR) [40, 84]. 6

6. D’autres méthodes existent, par exemple les variables instrumentales [85, 86], la différence de différences [87] ou
la g-estimation [88], mais ne seront pas abordées dans ce manuscrit.
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Estimateur

G-computation Score de propension
P prop doublement robuste

Q(AL) =E(Y|AL) Q(AL) =E(Y|AL)
Modélisation de I'événement Modélisation de I'événement

+

g(L) =E(AIL) g(L) =E(A[L)
Modélisation du traitement Modélisation du traitement

v v

Incorporation du score de
Prédiction contrefactuelle Rééquilibrage des groupes propension dans la prédiction
contrefactuelle

Estimation de I'effet causal

FIGURE 2.5 - Principales méthodes d’estimation causale, adaptée de Schuler et Rose (2017)

2.5.1 Score de propension
Principe

Les méthodes basées sur le SP gagnent en popularité, que ce soit en chirurgie [89], en sciences
meédicales [90], en épidémiologie [91], en sciences humaines et sociales [92] ou de facon plus géné-
rale [93]. Le SP fut défini en 1983 par Rosenbaum et Rubin [82] comme une fonction des variables
d’ajustement L permettant d’obtenir deux groupes de traitement équilibrés :

g)=PA=1|L)

Ainsi, le SP permet de résumer ’ensemble des potentiels facteurs de confusion mesurés en une
seule variable [94]. Ceci permet a la fois d’éviter les problemes de dimensionalité [95] et le Table 2
fallacy (i.e., interprétation erronée des coefficients d’ajustement comme étant causaux) [96]. Le SP
est également un score d’équilibre : conditionnellement au SP, la distribution de L sera similaire
entre les individus traités et non-traités [94]. Il permet donc de recréer une situation de pseudo-
randomisation plus habituelle pour I’estimation causale.

Le but du SP est de rééquilibrer les groupes sur les variables permettant de vérifier I'’échan-
geabilité conditionnelle, donc les facteurs de confusion. Bien qu’étant une modélisation de I'al-
location du traitement, I'inclusion d’instruments (cf Figure 2.2, page 6) induit une inflation de la
variance [97-99] et peut également conduire a une augmentation du biais en présence de confu-
sion résiduelle [100, 101]. Au contraire, inclure des expositions compétitives peut permettre de
diminuer la variance [97, 102]. Puisque le but n’est pas de prédire parfaitement I’allocation trai-
tement, le choix des variables ne devrait pas étre guidé par des mesures de discrimination [103].
Plus généralement, la difficulté est que I'estimation de g(L) devrait étre guidée par I'équilibre des
covariables dans la population contrefactuelle [104], alors qu’elle est le plus souvent guidée par
des métriques relatives a ses capacités prédictives du mécanisme d’allocation du traitement.

Une fois 'ensemble de covariables L défini, le modeéle de travail g(L) doit étre choisi. M s’agit
le plus souvent d'une régression logistique mais des approches de ML plus complexes peuvent

7. Modéle de travail : modéle ne présentant pas un intérét immeédiat mais étant utilisé pour 'analyse des parametres
d’intérét, ici pour aboutir a une situation de pseudo-randomisation.
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étre envisagées [105-107]. Le SP alors estimé peut étre utilisé de quatre facons : ajustement, stra-
tification, appariement et pondération [82, 108].

Ajustement

Premiere des trois méthodes initialement proposées par Rosenbaum et Rubin [82] avec la
stratification et 'appariement, I'ajustement sur le score de propension consiste a modéliser la
relation entre le traitement et I’'événement en incluant le SP comme covariable d’ajustement :
E(YIA,L) =Bo +P1A+P2gL).

Cette approche souffre néanmoins de plusieurs problémes. Premierement, elle est particu-
lierement sensible aux mauvaises spécifications des modeles puisqu’il suffit qu'un seul des deux
modeles soit mal spécifié pour biaiser I’estimation [109]. Deuxiémement, seuls certains estimands
théoriques peuvent étre ciblés. Ainsi, §; correspondra a I’ATE avec un événement continu et a
I'odds-ratio conditionnel avec un événement binaire [109]. Williamson et al. [60] notent qu’il est
possible d’estimer 'ATT et 'ATU avec un événement continu en incluant une interaction entre le
SP et le traitement dans le modele final : E(Y|A,L) = Bo + 1A+ P28 (L) + P3Ag(L). LATT et 'ATU
correspondront alors a Py + 3 x E(g(L)|A = a) avec respectivement a = 1 et a = 0. Enfin, I'ajus-
tement sur le SP ne permet généralement pas d’atteindre un équilibre entre les groupes suffi-
sant pour I'estimation causale [110]. Ainsi, de nombreux auteurs recommandent d’éviter cette
approche [102,111,112].

Stratification

Aussi appelée sous-classification, la stratification sur le SP peut étre vue comme une sorte de
méta-analyse de plusieurs essais (quasi) randomisés [113]. L'idée est de créer plusieurs strates ou
les individus ont des valeurs de SP proches, puis d’estimer l'effet du traitement dans chaque strate
avant d’en faire la moyenne inter-strates [60]. LATT peut étre estimé en pondérant les strates par la
prévalence du traitement spécifique a la strate. De facon analogue, ' ATU est estimable en pondé-
rant par la fraction d’'individus non-traités de la strate [59]. La moyenne des variances spécifiques
aux strates permet d’obtenir la variance de I'effet estimé [113]. Rosenbaum et Rubin [82] suggé-
raient I'utilisation des quintiles du SP comme seuils de stratification. Néanmoins, plus fine est la
strate, plus faible sera la confusion résiduelle intra-strate [91].

Appariement

Méthode basée sur le SP la plus usitée [89-91], elle permet d’obtenir un pseudo-échantillon
équilibré sur L en appariant des individus traités a des individus non-traités ayant une métrique
basée sur SP proche, souvent le logit du PS [113]. Ainsi, le SP est utilisé comme une mesure de
la distance entre les individus traités et non-traités [114]. Parmi les nombreux algorithmes d’ap-
pariement existant [115], nous pouvons distinguer 'appariement selon les plus proches voisins,
ol un individu traité est tiré aléatoirement de I’échantillon et est apparié a I'individu non-traité
ayant le SP le plus proche, de 'appariement optimal ou la distance moyenne entre les paires d’ap-
pariement sera minimisée automatiquement [91]. Lappariement selon les plus proches voisins
implique qu'un individu apparié ne sera plus utilisé par la suite méme s'il se serait apparié plus
précisément avec un autre individu plus tard [113]. Lappariement peut se faire avec ou sans re-
mise. Lappariement peut également constituer des paires (un individu traité et un non-traité) ou
des groupes plus larges tels qu'un traité pour plusieurs non-traités et réciproquement. Enfin, il
peut étre nécessaire de définir un seuil maximal de dissimilarité, appelé caliper, afin d’éviter d’ap-
parier des individus trop dissemblables ce qui conduirait a de la confusion résiduelle [116]. Austin
conseille un caliper égal a 0.2 écart-type du logit du SP [117]. De facon générale, I’appariement
selon les plus proches voisins avec un tel caliper et sans remise semble conduire aux meilleures

13



CHAPITRE 2. ETAT DE L'ART

performances [118]. Néanmoins, des approches plus récentes comme le full matching® semblent
prometteuses [119]. Cette méthode est particulierement intéressante car elle permet d’estimer
aussi I’ATE au contraire des autres approches d’appariement sur le SP qui tendent a se rapprocher
de 'ATT ou’ATU [119].

Une fois le sous-échantillon apparié obtenu, les distributions des covariables L doivent étre
équilibrées entre les deux groupes. La méthode la plus courante pour s’en assurer est la compa-
raison des différences standardisées entre les deux groupes pour I’échantillon initial et le pseudo-
échantillon, une différence inférieure a 10% étant considérée comme nécessaire [90]. Notons que
d’autres métriques sont également utilisables [120]. L'utilisation des p-valeurs ne permet pas d’éva-
luer I'équilibre entre les deux groupes et doit étre évitée [121,122].

Une fois 'appariement effectué, 1'effet causal peut étre estimé aussi simplement que dans un
ECR mais I'estimation de la variance doit néanmoins tenir compte de 'appariement [113], par
exemple via I'utilisation d’'une matrice de variance robuste de type sandwich [123]. Bien que I'uti-
lisation de 'appariement ait été justifié par le fait qu'il permettrait de résoudre d’éventuels pro-
blemes de positivité en supprimant les individus non-appariés, cette suppression conduit princi-
palement a un changement de la population cible et donc d’estimand théorique [116]. Pour une
estimation correcte, la redéfinition des critéres d’éligibilité devrait étre envisagée. King et Niel-
sen [93] arguent que le changement de population cible (probleme de positivité ou non) est un
défaut suffisamment important pour éviter 'appariement sur le SP en présence d’alternative cré-
dible telle que la pondération.

Pondération

Méthode plus récente [108], la pondération sur I'inverse du SP (inverse probability weighting,
IPW) cherche a créer un pseudo-échantillon similaire a celui d'un ECR ou les deux groupes se-
raient échangeables. Chaque individu se voit attribuer un poids correspondant a une fonction du
SP [108, 124]. Cette approche peut ainsi étre vue comme une extension de |'estimateur d'Horvitz-
Thompson [125]. Desai et Franklin [126] arguent que 'IPW est I’approche basée sur le SP la plus
flexible puisque I'utilisation de différents systémes de pondération permettent de cibler différents
estimands théoriques (Tableau 2.3). Les poids ciblant 'ATE peuvent étre stabilisés, en multipliant
le numérateur par la prévalence de la modalité de traitement P(A = a), pour réduire la variance
de I'estimation et obtenir un pseudo-échantillon pondéré d’une taille similaire a I'échantillon ini-
tial [108, 127]. Notons que le systeme de pondération ciblant I'ATT (ou I’ATU) est parfois nommé
poids du taux standardisé de mortalité [128].

De fagon analogue a 'appariement, les distributions des covariables L doivent étre équilibrées
entre les deux groupes de traitement. Austin et Stuart [129] ont étendu I"approche des différences
standardisées aux pseudo-€échantillons pondérés.

TABLEAU 2.3 — Poids courants utilisés pour la pondération sur le score de pro-
pension et estimand ciblé

Systeme Poids des traités Poids des non-traités Estimand ciblé
ATE classique 1/gL) 1/(1-g(@)) ATE
ATT classique 1 g)/(1-g(L) ATT
ATU classique  (1-g@)/gL) 1 ATU
ATE stabilisé P(A=1)/gL) PA=0)/1-g(L)) ATE

8. Décrite comme méthode d’appariement, elle combine en réalité 'appariement, la stratification et la pondération
sur le SP.
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Leffet causal peut étre estimé de différentes facons. Se basant sur les poids classiques et de
facon concomitante, Hirano et al. [130] ainsi que Lunceford et Davidian [131] ont proposé I'esti-

mateur de ’ATE suivant: n~! Z;‘ AYi _pp-1 Z;‘ (ll:g(i])ji ,olu n dénotele nombre d’individus i. Robins
1

etal. [108], Joffe et al. [132] ainsi qgt(fet)Cole et Herndan [133] proposent de pondérer un modele struc-
turel marginal (MSM) ¥ par le SP afin de pouvoir cibler une gamme plus large d’estimands théo-
riques. Le MSM prend la forme générale suivante : E(Y?) = o+ x a [11]. Notons que I'événement
considéré dans ce modele est I'évenement potentiel Y%, Ainsi, si 'événement est binaire, 1'expo-
nentielle du coefficient p; correspondra 2 une estimation de I'’odds-ratio marginal. Avec un éve-
nement continu, le coefficient f)l correspondra a une estimation de I’ATE ou I’ATT selon les poids
utilisés. Une propriété particulierement intéressante du MSM est qu'il ne sera jamais mal-spécifié
lorsque l'effet causal est nul [11]. Néanmoins, le terme marginal peut étre source de confusion. Un
MSM est marginal au sens ot il modélise la distribution marginale des événements potentiels, non
pas parce qu’il conduit forcement a '’estimation d’un effet marginal [108, 134]. Comme pour I'ap-
pariement sur le SP, il est possible d’ajuster le MSM sur des variables encore déséquilibrées entre
les groupes pour controéler la confusion résiduelle en résultant. Malheureusement, cette approche
conduit de nouveau a un changement d’estimand théorique [116, 134]. Lors de 'estimation de la
variance, il est nécessaire de tenir compte de la nature pondérée de I’échantillon via une matrice
de variance robuste de type sandwich [108] ou par bootstrap. Cette derniére approche semble plus
performante selon une étude de simulation récente [135].

2.5.2 G-computation

Peu de temps apres la parution de I'article princeps sur le SP de Rosenbaum et Rubin [82],
Robins publiait a son tour un article proposant une méthode d’estimation causale [51]. Cet article
posait les bases de I'inférence causale en présence de confusion dépendante du temps et plus
particulierement d’'une rétroaction entre le traitement et un facteur de confusion '° ot1 les autres
méthodes ne fonctionnent pas [11]. !! Plus particuliérement, Robins [51] y proposait une formule
générale pour estimer un effet causal : 1a g(eneral)-formula. Extension de la standardisation [138],
cette nouvelle approche peut étre décrite comme une succession de prédictions contrefactuelles
de I'évenement sous une série de traitements imposés par I'analyste [139] suivie d'une étape de
standardisation permettant d’obtenir un effet marginal plut6t que conditionnel [140].

Prenons le cas le plus simple sans confusion dépendante du temps et avec une seule allocation
du traitement. L'idée de la g-formula est d’estimer la probabilité de faire I'événement sous une
intervention hypothétique, possiblement contrairement aux faits, donc d’estimer la probabilité
des deux évenements potentiels P(Y? = 1) ot a € {0, 1}.

Notons que la g-formula non-paramétrique est mathématiquement équivalente a la version
non-paramétrique de 'TPW [141] et tres proche du do-calculus proposé par Pearl [21]. En pratique,
une estimation non-paramétrique est invraisemblable avec le nombre important de covariables a
considérer, sans compter la présence possible de covariables continues conduisant a des strates
de trop petite taille pour une telle estimation [141]. Robins [51] proposait donc une alternative
paramétrique : la GC.

Dans un contexte ot le traitement est invariant au cours du temps, la GC'? se déroule en
quatre étapes [144] :

1. Modéliser la survenue de I'événement conditionnellement aux potentiels facteurs de confu-
sion mesurés via une fonction Q(A, L) sur tous les individus de I’échantillon

9. Attention, ce terme est régulierement retrouvé dans la littérature comme synonyme d’IPW, a tort [134].
10. Un facteur de confusion a un effet sur I'allocation du traitement qui aura lui-méme un effet sur la prochaine
valeur du facteur de confusion.
11. LTPW sera ensuite étendue a ce contexte également, voir [136, 137] pour des introductions.
12. Dans ce contexte, plusieurs synonymes co-existent : parametric g-formula[11], g-standardisation [142] ou regres-
sion standardisation [143]
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2. Dupliquer I’échantillon en deux échantillons "contrefactuels"” identiques excepté sur A. Fixer
A =1 dans un échantillon et A = 0 dans l'autre.

3. Appliquer la fonction Q(A = a,L) dans chaque échantillon pour calculer les probabilités
individuelles de faire les évenements contrefactuels pour chaque individu (i.e., prédiction
contrefactuelle).

4. Calculer les deux moyennes des probabilités individuelles quand A = 1 et A = 0 pour obtenir
I'estimation de I'effet causal d’'intérét.

Notons que la variance est estimable par bootstrap ou simulations paramétriques. Wang et al.
[145] présentent un tirage avec remise depuis I’échantillon initial pour constituer les deux échan-
tillons contrefactuels de la seconde étape. Néanmoins, cette approche est plus gourmande en
temps de calcul sans réel bénéfice [145]. Westreich et al. [83] proposent d’estimer seulement I'éve-
nement contrefactuel au lieu des deux potentiels pour augmenter la précision de I'estimation.
Snowden et al. [144] présentent, comme alternative a I'étape 4, de régresser 'ensemble des pré-
dictions contrefactuelles sur le traitement afin d’estimer |'effet causal au travers d'un MSM. Lesti-
mation de I'ATT ou de 'ATU peut se faire simplement en restreignant I’échantillon aux individus
traités ou non-traités, respectivement [141, 145]. Keil et al. [146] ont récemment proposé une ap-
proche de GC permettant d’estimer I'effet causal de mélange d’expositions. De plus, des versions
bayésiennes [147, 148], de médiation [149, 150] ou fonctionnant en présence d’interférence [151]
ont été récemment publiées. Néanmoins, la GC reste une méthode quasi-exclusive au domaine de
la santé. *

2.5.3 Estimateurs doublement robustes
Principe

Si les méthodes basées sur le SP cherchent a recréer un ECR, la GC modélise les deux mondes
hypothétiques que I'on voudrait idéalement comparer. La grande différence entre ces approches
correspond donc aux hypotheses sous-jacentes de modélisation, le SP nécessitant une bonne spé-
cification du modele de travail g(L) expliquant I'allocation du traitement tandis que la GC requiert
une bonne spécification du modele de travail Q(A, L) expliquant la survenue de I'évenement. Les
EDR utilisent a la fois Q(A,L) et g(L) afin d’obtenir une estimation non-biaisée si au moins un de
ces deux modeles de travail est bien spécifié [153, 154].

Pour leur construction, deux philosophies existent : incorporer la GC dans I'IPW ou utiliser
I'TPW pour améliorer I'estimation initiale de la GC [153, 155].

Augmented-IPW (AIPW)

Initialement proposée par Robins et al. [156], ' AIPW consiste en I'utilisation de Q(A,L) pour
améliorer une estimation obtenue avec I'IPW [84]. Ainsi, la probabilité de faire I'événement poten-
tiel Y peut s’écrire comme une combinaison analytique des prédictions issues des deux modeles
de travail [157] :

1 1 Y;1(A;=a) B 1(A; = a)—g(Li)

P(Y%=1)=
E=D=n L " g(Ly)

xQ(A;=a,L;)

Bien que cet estimateur soit non-biaisé dés lors qu’au moins un modele de travail est bien
spécifié ', une mauvaise spécification des deux modeles de travail conduit & une amplification

13. Exception étonnante, cette approche a également été utilisée par Vock et Vock pour étudier le monde contrefac-
tuel olt un joueur de baseball donné adopterait les techniques d'un autre joueur [152].
14. Voir annexes de Glynn et Quinn [158] pour les démonstrations.
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du biais, donc a un EDR plus biaisé que la GC ou I'IPW [159]. Joffe, dans un manuscrit qui ne
fut jamais publié [156], proposait plutét d’estimer I'effet causal avec un modele Q(A,L) pondéré
par des poids issus de g(L). Il s’agit de la standardisation doublement robuste (SDR) [142]. Cette
approche a I'avantage de ne pas étre sujette a une telle amplification du biais [153, 160]. D’autres
alternatives existent comme estimer deux modeles Q(A=1,L) et Q(A=0,L) [158] ouinclure 1/g(L)
comme covariable dans Q(A,L) [161].

Si Lunceford et Davidian [131] et Funk et al. [84] proposaient respectivement 'utilisation d'une
matrice sandwich et du bootstrap pour I'estimation de la variance, le développement des EDR
repose sur la théorie des fonctions d’influence (ou gradients canoniques) [162, 163]. 15 Ainsi, ces
fonctions peuvent étre utilisées pour obtenir une estimation plus siire et rapide de la variance [164,
166].

Targeted Maximum Likelihood Estimator (TMLE)

En 2006, van der Laan et Rubin [167] introduisaient la TMLE, un EDR utilisant le SP pour ré-
duire une éventuelle confusion résiduelle présente dans I'estimation obtenue par GC [40]. Plus
performante que I’AIPW [168], la TMLE est composée de quatre étapes [81, 166, 169] :

1. Estimation initiale de Q(A, L) (étape 1 de la GC)
2. Estimation de g(L)
3. Optimisation : Utilisation de g(L) pour obtenir une estimation "débiaisée" de Q(A,L) notée
Q*(AL)
(a) Création de deux fonctions contrefactuelles de g(L) : H* (a € {0,1})

(b) Estimation des parametre de fluctuation 64 et du modele optimisé :
logit[Q* (A,L)] = logit[Q(A,L)] + 8% x HO + 5! x H!

4. Estimation de I'effet causal : Etapes 2 2 4 de la GC

Les fonctions H* sont appelées clever covariates et ressemblent aux poids utilisés en IPW. Par
exemple, pour cibler I'ATE, les clever covariates correspondent au systeme de pondération décrit
dans le Tableau 2.3 (page 14). Les parametres de fluctuation 6 représentent quant a eux la force
de I'association entre ces clever covariates, donc le SP, et les résidus de Q(A,L) [169]. Ces coeffi-
cients tendront vers zéro lorsque Q(A, L) est correctement spécifié ou lorsque que g(L) ne permet
plus d’améliorer I'estimation. L'étape d’optimisation peut se faire de maniére itérative en réutili-
sant g(L) pour optimiser 'estimation Q* (A, L) obtenue précédemment. Notons que pour I'ATE, la
convergence est garantie en une seule étape [157]. Van der Laan et Rose [40] proposent une procé-
dure alternative utilisant les clever covariates pour pondérer le modele d’optimisation plutét que
comme variables d’ajustement.

Comme I’ATPW, la TMLE est basée sur une fonction d’influence, spécifique a I'estimand, défi-
nissant les clever covariates [40]. La variance peut étre obtenue mathématiquement avec ces fonc-
tions d’'influence ou par bootstrap [81]. En présence d’'un événement continu, il est nécessaire de
borner les valeurs de I'événement, appliquer la TMLE puis finalement ré-échelonner I'estimation
finale ainsi que sa variance [166].

Les EDR permettent d’avoir plus de chance d’obtenir une estimation sans biais dit a une mau-
vaise spécification. Kreif et al. [170] montraient par simulations que la TMLE ne souffre pas des
problémes d’amplification du biais lorsque les deux modeles de travail sont mal-spécifiés. Cepen-
dant, la variance n’est correctement estimée que si les deux modeles de travail sont bien spécifiés.
Benkeser et al. [171] ont récemment étendu la TMLE afin d’obtenir une inférence correcte lors-
qu'un seul des deux modeles de travail est correctement spécifié.

15. Lidée générale est que la fonction d’'influence nous informe de 'effet dti au changement d’une observation pour
un couple estimateur-estimand donné, voire [164, 165] pour des introductions.
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2.6 Problématiques scientifiques dans la perspective d’une plus grande
automatisation de Plug-Stat®

2.6.1 Choix delaméthode d’estimation causale et covariables a considérer

LIPW est la méthode d’estimation causale actuellement implémentée dans Plug-Stat®. Ce
choix faisait suite aux nombreuses études de simulation comparant les approches basées sur le
SP [172-176], confirmées ensuite par d’autres auteurs [177, 178]. Néanmoins, nous avons vu que
d’autres méthodes peuvent également étre envisagées. Ces approches, puisque basées sur la mo-
délisation de Q(A, L), permettraient de simplifier I'étape d’estimation causale en évitant I’étape de
vérification de I'équilibre entre les deux groupes du pseudo-échantillon. De plus, ces approches
peuvent étre plus robustes aux violations de I'hypothése de positivité que I'IPW grace a leur capa-
cité d’extrapolation [69] (cf annexe C pour un travail collaboratif étudiant ce cas précis). Enfin, il
est difficile d’envisager une automatisation de la construction de g(L) sachant que le ML est plus
aisé sur des métriques permettant de maximiser des capacités prédictives alors que le but est d’at-
teindre 1’équilibre des covariables. Similairement, I'automatisation pourrait aboutir a 'inclusion
d’instruments.

Bien que plusieurs études de simulation comparaient 'TPW, la GC et un ou plusieurs EDR avec
un évenement binaire [81, 154, 179], elles ne considéraient que des estimands ciblant la popula-
tion entiére. Seuls Colson et al. [180] comparaient les performances de ces méthodes pour esti-
mer ’ATT mais avec un événement continu. De plus, aucune étude de simulation n'investiguait
I'impact du choix des covariables (inclusion d’instruments ou de facteurs de risque) pour des mé-
thodes non-basées sur le SP.

Dans le chapitre 3, nous chercherons a combler ce manque dans la littérature en comparant
a la fois les principales méthodes d’estimation causale et différents ensembles d’ajustement pour
estimer I’ATE et 'ATT.

2.6.2 Automatisation de la construction de Q(A,L)

Les résultats présentés dans le chapitre 3 montrent de bonnes performances de la GC lorsque
les facteurs de risque de I'évéenement sont intégrés dans L. Cela ouvre les possibilités d'une auto-
matisation de Q(A, L) pour des métriques liées a ses capacités prédictives. Puisque cette approche
est basée sur la modélisation de la survenue de 'événement, elle posséde le potentiel pour évi-
ter I'inclusion néfaste d’instruments. Le ML associé a la GC se pose ainsi comme une alternative
aux EDR pour éviter les biais liés a la mauvaise spécification du modele de travail est I'utilisation
de ML [181]. L'avantage est que ces approches ne font pas d’hypothéses quant a la structure des
données. Lutilisation de ML permet ainsi de modéliser des relations inter-variables complexes en
minimisant une fonction de perte pour s’approcher au mieux des données [182].

Bien que des travaux aient étudié I'intérét du ML pour construire g(L) [105-107,183-188], seul
Austin [188] s’est spécifiquement intéressé au ML pour construire Q(A,L). Parmi les nombreuses
approches de ML existantes, le super learner (SL) [189] semble particulierement intéressant. En
effet, cette approche pondere les prédictions obtenues par les différents modeles et algorithmes
considérés pour obtenir une estimation finale qui sera moins biaisée que la moins biaisée des
méthodes incluses [190].

Dans le chapitre 4, nous étudierons les performances de différentes approches de ML, dont un
SL, pour estimer Q(A, L) a partir d'un ensemble pré-défini de covariables potentiellement confon-
dantes.
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2.6.3 Estimation causale pour données de temps d’événement censurés

Les résultats des chapitres 3 et 4 confirment I'intérét de la GC. Mais son implémentation en
analyse de survie n’est pas directe. Trois difficultés ont été identifiées. Premiérement, un biais de
sélection intervient au cours du temps (Figure 2.6) [191, 192]. Soit Y; l'indicatrice d’observation
de I'événement au temps t. Par définition, I'observation de 'événement au temps 2 dépend de
I'observation faite au temps 1. Ce type d’évenement induit ainsi un conditionnement, indiqué par
I'encadrement, sur les observations intercurrentes de I’évenement. En présence d'un facteur de
risque de I’événement V, un chemin sera ouvert entre A et Y-, T étant le dernier temps de suivi, in-
troduisant un biais de sélection. Bien que les caractéristiques moyennes des deux groupes de trai-
tement étaient semblables a I'inclusion, elles pourront différer au cours du temps. En effet, le che-
min A —Y; —V — Y, est initialement bloqué par Y; qui est un collider. L'auto-conditionnement
inhérent a la nature de I'événement ouvre donc ce chemin, biaisant I'estimation de I'effet d'inté-
rét qui correspond a la fleche allant de A vers Y,. Une solution pour controler ce biais est d’ajuster
sur 'ensemble des facteurs de risque V de I'événement. En présence de facteurs de risques non-
mesurés, un biais de sélection résiduel subsistera néanmoins.

2

Y, [— Y
\/'_/
FIGURE 2.6 - Biais de sélection auto-induit en analyse de survie représenté par le chemin ouvert rouge

Deuxiemement, les algorithmes de GC et les EDR actuels pour des analyses de survie sont en
temps discret [67,193-196] alors que la grande majorité des problématiques cliniques sont a temps
continu [197,198].

Troisiemement, puisque la GC modélise le mécanisme de survenue de I'’évenement, des situa-
tions de forte censure a droite pourraient affecter négativement ses performances, au contraire
des méthodes basées sur le SP.

Dans le chapitre 5, nous proposons un nouvel estimateur de GC permettant l'utilisation de
données en temps continu et censurées a droite, ainsi qu'une extension doublement robuste via
I'incorporation d'une étape d'IPW. Nous comparons également ces trois méthodes dans des scé-
narios faisant varier la taille d’échantillon, le taux de censure et les ensembles d’ajustement.

2.6.4 Identification de patients induisant une situation de non-positivité

LTPW a l’'avantage de permettre une visualisation du respect de 'hypothéese de positivité, né-
cessaire pour I'identifiabilité de I'effet causal. La distribution du SP dans chaque groupe de trai-
tement peut étre représentée graphiquement pour vérifier la présence d'un chevauchement suffi-
sant [60, 199]. De facon analogue, des valeurs de SP extrémes indiquent une potentielle violation
de cette hypothese [69, 199]. Mais ces approches sont subjectives, nécessitent une spécification
correcte du SP et ne permettent pas d’identifier les strates de patients induisant ces violations.

Westreich et Cole [200] proposaient de créer un ensemble de tableaux de contingence repré-
sentant 'ensemble des strates possibles, telles que définies par les variables d’ajustement, pour
vérifier 'absence de cellules vides. Cette approche n’est réaliste qu’en présence d'un trés faible
nombre de facteurs de confusion discrets. Un outil basé sur le bootstrap a été proposé par Pe-
tersen et al. [69] puis modifié par Bahamyirou et al. [201]. 1l s’agit de la seule approche a ce jour
permettant de quantifier le biais dii a une violation de cette hypothese.
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Dans le chapitre 6, nous développons un outil permettant d’identifier les strates d’individus in-
duisant une violation de 'hypothese de positivité afin de pouvoir redéfinir les criteres d’éligibilité.
Cette approche a I'avantage de pouvoir étre intégrée dans Plug-Stat®quelle que soit la méthode
d’estimation causale employée.
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Chapitre 3

Comparaison des principales méthodes
d’estimation causale selon les covariables
incluses

« Welcome to the real world! It
sucks. You're gonna love it. »

Monica Geller, Friends

Les Supplementary Materials peuvent étre trouvés dans I’Annexe D de ce manuscrit.
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Controlling for confounding bias is crucial in causal inference. Distinct methods are currently employed
to mitigate the effects of confounding bias. Each requires the introduction of a set of covariates, which
remains difficult to choose, especially regarding the different methods. We conduct a simulation study
to compare the relative performance results obtained by using four different sets of covariates (those
causing the outcome, those causing the treatment allocation, those causing both the outcome and the
treatment allocation, and all the covariates) and four methods: g-computation, inverse probability of
treatment weighting, full matching and targeted maximum likelihood estimator. Our simulations are in
the context of a binary treatment, a binary outcome and baseline confounders. The simulations suggest
that considering all the covariates causing the outcome led to the lowest bias and variance, particularly
for g-computation. The consideration of all the covariates did not decrease the bias but significantly
reduced the power. We apply these methods to two real-world examples that have clinical relevance,
thereby illustrating the real-world importance of using these methods. We propose an R package RISCA
to encourage the use of g-computation in causal inference.

The randomised controlled trial (RCT) remains the primary design for evaluating the marginal (population
average) causal effect of a treatment, i.e., the average treatment effect between two hypothetical worlds where:
i) everyone is treated and ii) everyone is untreated’. Indeed, a well-designed RCT with a sufficient sample size
ensures the baseline comparability between groups, thus allowing the estimation of a marginal causal effect.
Nevertheless, it is well established that RCT is performed under optimal circumstances (e.g., over-representation
of treatment-adherent patients, low frequency of morbidity), which may be different from real-life practices?.
Observational studies have the advantage of limiting the issue of external validity, but treated and untreated
patients are often non-comparable, leading to a high risk of confounding bias.

To reduce such confounding bias, the vast majority of observational studies have been based on multivariable
models (mainly linear, logistic, or Cox models), allowing for the direct estimation of conditional (subject-specific)
effects, i.e., the average effect across sub-populations of subjects who share the same characteristics. Several
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methods have been proposed to estimate marginal causal effects in observational studies, amongst which pro-
pensity score (PS)-based methods are increasingly used in epidemiology and medical research?.

Propensity score-based methods make use of the PS in four different ways to account for confounding,
namely matching, stratification, conditional adjustment* and inverse probability of treatment weighting (IPTW)>.
Stratification and conditional adjustment on PS are associated with the highest bias®=%, because the two methods
estimate the conditional treatment effect rather than the marginal causal effect. Matching on PS remains the most
common approach with a usage rate of 83.8% in 303 surgical studies using PS-based methods® and 68.9% in 296
medical studies (without restriction regarding the field) also using PS-methods'®. The IPTW appears to be less
biased and associated with a lower variance than matching in several studies®!!~'*. Nevertheless, in particular
settings, full matching (FM) was associated with lower mean square error (MSE) in other studies'>~"’.

Multivariable models, even non-linear ones, can also be used to indirectly estimate the marginal causal effect
with g-computation (GC)'®. This method is also called the parametric g-formula’ or (g-)standardisation'® in
the literature. Snowden et al.?° and Wang et al.?! detailed the corresponding methodology for estimating the
average treatment (i.e., marginal causal) effect on the entire population (ATE) or only on the treated (ATT),
respectively. The ATE is the average effect, at the population level, of moving an entire population from untreated
to treated. The ATT is the average effect of treatment on those subjects who ultimately received the treatment®.
Furthermore, some authors?*?* have proposed combinations of GC and PS to improve the estimation of the
marginal causal effect. These methods are known as doubly robust estimators (DRE) because they require the
specification of both the outcome (for GC) and treatment allocation (for PS) mechanisms to minimise the impact
of model misspecification. Indeed, these estimators are consistent as long as either the outcome model or the
treatment model is estimated correctly®.

Each of these methods carries out the adjustment in different ways, but all of these methods rely on the same
condition: a correct specification of the PS or the outcome model’. In practice, a common issue is choosing the
set of covariates to include to obtain the best performance in terms of bias and precision. Three simulation stud-
ies”?%?7 have investigated this issue for PS-based methods. They studied four sets of covariates: those causing the
outcome, those causing the treatment allocation, those are a common cause of both the treatment allocation and
the outcome, and all the covariates. For the rest of this paper, we called these strategies the outcome set, the treat-
ment set, the common set and the entire set, respectively. These studies argued in favour of the outcome or com-
mon sets for PS-based methods, but it is not immediately clear that such works will generalise to other methods of
causal inference. Brookhart et al.?® and Lefebvre et al.”’ focused on count and continuous outcomes. Austin et al.”
investigated binary outcomes on matching, stratification and adjustment on PS. However, GC and DRE also
require the correct specification of the outcome model with a potentially different set of covariates. Recent works
have shown that efficiency losses can accompany the inclusion of unnecessary covariates®*=!. De Luna et al.** also
highlighted the variance inflation caused by the treatment set. In contrast, VanderWeele and Shpitser* suggested
the inclusion of both the outcome and the treatment sets.

Before selecting the set of covariates, one needs to select the method to employ. Several studies have compared
the performances of GC, PS-based methods and DRE in a point treatment study to estimate the ATE!%232534-36,
Half of these studies investigated a binary outcome!*?>**. Only Colson et al.'” studied the ATT, but they focused
on a continuous outcome. Except in Neugebauer and van der Laan®, these studies only investigated the ATE (or
ATT) defined as a risk difference. The CONSORT recommended the presentation of both the absolute and the
relative effect sizes for a binary outcome, “as neither the relative measure nor the absolute measure alone gives a
complete picture of the effect and its implications”. None of these studies was interested in the set of covariates
necessary to obtain the best performance.

In our study, we sought to compare different sets of covariates to consider to estimate a marginal causal effect.
Moreover, we compared GC, PS-based methods and DRE for both the ATE and ATT, either in terms of risk dif-
ference or marginal causal OR. Three main types of outcome are used in epidemiology and medical research: con-
tinuous, binary and time-to-event outcomes. We focused on a binary outcome because i) a continuous outcome is
often appealing for linear regression where the two conditional and marginal causal effects are collapsible®®, and
ii) time-to-event analyses present additional methodological difficulties, such as the time-dependant covariate
distribution®. We also limit our study to a binary treatment, as in the current literature, and the extension to three
or more modalities is beyond the scope of our study.

The paper is structured as follows. In the next section, the methods are detailed. The third section presents the
design and results of the simulations. In the fourth section, we consider two real data sets. Finally, we discuss our
results in the last section.

Methods

Setting and notations. Let A denote the binary treatment of interest (A = 1 for treated patients and 0 oth-
erwise), Y denote the binary outcome (Y = 1 for events and 0 otherwise), and L denote a set of baseline covariates.
Consider a sample of size n in which one can observe the realisations of these random variables: a, y, and [, respec-
tively. Define, = E(P(Y = 1|do(A = a), L))orm, = E(P(Y = 1|do(A = a), L)|]A = 1)as the expected propor-
tions of event if the entire (ATE) or the treated (ATT) populations were treated (do(A = 1)) or untreated
(do(A = 0)), respectively*’. From these probabilities, the risk difference can be estimated as A1 = m — m, and
the log of the marginal causal OR estimated as = logit(m,)/logit(,), where logit(e) =log(e/(1 — e)). The meth-
ods described bellow allow for the estimation of both the ATE and the ATT effects.

Causal inference requires the three following assumptions, called identifiability conditions: i) The values of
exposure under comparisons correspond to well-defined interventions that, in turn, correspond to the versions
of treatment in the data. ii) The conditional probability of receiving every value of treatment, though not decided
by the investigators, depends only on the measured covariates. iii) The conditional probability of receiving
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Figure 1. Causal diagram. Solid lines corresponded to a strong association (OR =6.0) and dashed lines to a
moderate one (OR=1.5).

every value of the treatment is greater than zero, i.e., is positive. These assumptions are known as consistency,
(conditional) exchangeability and positivity, respectively'. However, PS-based methods rely on treatment alloca-
tion modelling to obtain a pseudo-population in which the confounders are balanced across treatment groups.
Covariate balance can be checked by computing the standardised difference of the covariates included in the
PS between the two treatment groups'. In contrast, GC relies on outcome modelling to predict hypothetical
outcomes for each subject under each treatment regimen. Note that one can ignore the lack of positivity if one
is willing to rely on Q-model extrapolation’. As is the case for standard regression models, these methods also
require the assumptions of no interference, no measurement error and no model misspecification.

Weighting on the inverse of the propensity score.  Formally, the PSis p. = P(A; = 1|L,), i.e. the proba-
bility that subjecti (i = 1, ..., n) will be treated according to his or her characteristics L, at the time of the treatment
allocation®. It is often estimated using a logistic regression. The IPTW makes it possible to reduce confounding by
correcting the contribution of each subject i by a weight w;. For ATE, Xu et al.*! defined
w; = AP(A; = 1)/p, + (1 — A)P(A; = 0)/(1 — p,). The use of stablhsed weights has been shown to produce a
suitable estimate of the variance even when there are sub)ects with extremely large weights>*!. For ATT, Morgan and
Todd" defined w; = A; + (1 — A;)p./(1 — p,). Based on w;, the following weighted univariate logistic regression
can be fitted: logit{P(Y = 1|A)} = &, + &,A, resultingin @ty = (1 + exp( 7@0))71’ A= (1 + exp(—@&y — o?l))fl,
and§ = &, To obtain 7ar(f), we used a robust sandwich-type variance estimator® with the R package sandwich®.

Full Matching on the propensity score. The FM minimises the average within-stratum differences in the
PS between treated and untreated subjects'®. Then, two weighting systems can be applied in each stratum, making
it possible to estimate either the ATE or the ATT unlike other matching methods which can only estimate the
ATT*. If t and u denote the number of treated and untreated subjects in a given stratum, one can define the
weight for a subject i in this stratum asw; = A;P(A = 1)(t + u)/u + (1 — A;)(1 — P(A = 1))(t + u)/t for ATE
andw; = A; + (1 — A;)t/u for ATT'. In the latter case, the weights of untreated subjects are rescaled such that
the sum of the untreated weights across all the matched sets is equal to the number of untreated subjects:

=w; X 351 = AN w1 — A )*>. From the resulting paired data set, we fitted a weighted univariate
loglstlc regression, and the rest of the data analysis is tantamount to IPTW. We used the R package MatchIt* to
generate the pairs.

G-computation. Consider the following multivariable logistic regression logit{P(Y = 1|A, L)} = A + (L.
This regression is frequently called the Q-model*. Once fitted, one can compute for all subjects
P(Y = 1|do(A; = 1), Ljyand P(Y = l|do(A; = 0y, L), i.e. the two expected probabilities of events if they were
treated or untreated”’. For ATE, one can then obtain 7, = n™'y", P(Y = l|do(A; = ay, L;). The same procedure
can be performed amongst the treated patients for ATT?. For implementation in practice, consider a treated
subject (A; = 1) included in the fit of the Q-model. Thanks to this model, one can then compute for this subject
his or her predicted probabilities of the event if he or she received the treatment (do(A; = 1)) or not (do(4; = 0)).
Computing these predicted probabilities for all the subjects, one can obtain two vectors of probabilities if the
entire sample were treated or not. The corresponding means correspond to #; and 7, respectively. We obtained
var(f) by simulating the parameters of the multivariable logistic regression assuming a multinormal distribu-
tion*. Note that we could have used bootstrap resampling instead. However, regarding the computational burden
of bootstrapping and the similar results obtained by Aalen et al.*®, the variance estimates in the simulation study
were only based on parametric simulations. We used both bootstrap resampling and parametric simulations in
the applications.

Targeted Maximum Likelihood Estimator. Amongst the several existing DREs, we focused on the tar-
geted maximum likelihood estimator (TMLE)?, for which estimators of ATE and ATT have been proposed. The
TMLE begins by fitting the Q-model to estimate the two expected hypothetical probabilities of events 7, and 7.
An additional “targeting” step involves estimation of the treatment allocation mechanism, i.e., the PS
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Figure 2. Percentage of simulation iterations which did not converge according to the methods.

P(A; = 1|L;), which is then used to update the initial estimates obtained by GC. In the presence of residual con-
founding, the PS provides additional information to improve the initial estimates. Finally, the updated estimates
of 7, and 7 are used to generate A7 or §. We used the efficient influence curve to obtain standard errors**. A
recent tutorial provides a step-by-step guided implementation of TMLE®.

Simulation study

Design. We used a close data generating procedure from previous studies on PS models”*’. We generated the
data in three steps. i) Nine covariates (L, ..., L,) were independently simulated from a Bernoulli distribution with
a parameter equal to 0.5 for all covariates. ii) We generated the treatment A according to a Bernoulli distribution
with a probability obtained by the logistic model with the following linear predictor: v, + y,L; + -+ + YoLo. We
fixed the parameter ~, at —3.3 or —5.2 to obtain a percentage of treated patients equal to 50% for scenarios related
to ATE and 20% for ATT, respectively. iii) We simulated the event Y using a Bernoulli distribution with a proba-
bility obtained by the logistic model with the following linear predictor: 5, + 5;A + B,L; + --- + B,,Lo. We set
the parameter 3, for a conditional OR at 0 (the null hypothesis is no treatment effect) or 2 (the alternative hypoth-
esis is a negative impact of treatment). We also fixed the parameter (3, at —3.65 and —3.5 to obtain a percentage of
the event close to 50% in ATE and ATT, respectively. Figure 1 presents the values of the regression coefficients -y,
to 7, and 3, to ;. We considered four covariates sets as explained in the introduction: the outcome set included
the covariates L, to L, the treatment set included the covariates L,, L,, L, Ls, L,, Ly, the common set included
the covariates L, L,, L,, L., and the entire set included the covariates L, to L,. For each of the four methods and
the four covariate sets, we studied the performance under different sample sizes: n = 100, 300, 500 and 2000. For
each scenario, we randomly generated 10 000 data sets. We computed the theoretical values of 7 and 7, by aver-
aging the values of 7, and 7, obtained from univariate logistic models (treatment as the only covariate) fitted from
data sets simulated as above, except that the treatment A was simulated independently of the covariates L*°. We
reported the following criteria: i) the percentage of non-convergence, ii) the mean absolute bias (e.g., E(6) — ),

iii) the MSE (E[( — 0)*]), the variance estimation bias [ VEB = 100 x (JE[\?ar(é)] /\/Var(é) - 1) °1 the

empirical coverage rate of the nominal 95% confidence intervals (CIs), defined as the percentage of 95% CI
including the theoretical value, the type I error, defined as the percentage of rejection of the null hypothesis under
the null hypothesis, and the statistical power, defined as the percentage of rejections of the null hypothesis under
the alternative hypothesis. The MSE was our primary performance measure of interest because it combines bias
and variance. We assumed that the identifiability conditions hold in these scenarios. We further performed the
same simulations by omitting L, in the PS or in the Q-model to evaluate the impact of an unmeasured con-
founder. We performed all the analyses using R version 3.6.0°%

Results

Convergence. Non-convergence only occurred for ATT estimation when sample sizes were lower or equal
to 300 subjects (see Fig. 2). The GC, IPTW and FM had a minimal convergence percentage higher than 98%, even
under small sample size (n=100). Similarly, TMLE experienced some difficulty in converging for ATT estimation
in the medium-sized sample (n=300). However, they experienced severe difficulty in converging in the small
sample with a convergence percentage of approximately 92%.

Mean bias. Asexpected with the common set, the mean absolute bias of # was close to zero for GC, IPTW and
TMLE when the three identifiability assumptions hold with a maximum at —0.028 given moderate sample size
(n=300) under the alternative hypothesis for ATT estimation (Table 1). Note that the three other covariate sets
led to a bias close to zero with a maximum of 0.053 for TMLE with the entire set given small sample size (n = 100)
under the alternative hypothesis for ATE estimation (Table 2). Furthermore, FM was also associated with a simi-
lar bias with a maximum of 0.082 given a small sample size (n = 100), with the treatment set under the alternative
hypothesis for the ATE estimation. With an unmeasured confounder, the bias increased in all scenarios with a
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selection | mean bias log OR
n method | strategy Ty ™ AT logOR | MSE MSE* | VEB (%) coverage (%) | power (%)
outcome 0.000 —0.001 —0.001 0.012 |0.526 0.716 —6.2 94.1 17.7
treatment 0.002 —0.001 —0.003 0.006 | 0.580 0.786 —5.7 94.1 14.0
ac common 0.002 —0.001 —0.003 0.006 | 0.552 0.735 —4.2 94.8 15.1
entire —0.001 —0.001 —0.001 0.013 0.558 0.768 —8.8 93.3 16.9
outcome 0.000 —0.001 —0.001 0.008 | 0.578 0.727 10.8 97.3 7.8
treatment | —0.000 —0.001 —0.001 0.000 |0.716 0.837 —1.2 95.1 9.8
IPTw common 0.002 —0.001 —0.003 0.003 | 0.587 0.743 6.6 96.8 8.8
entire —0.003 —0.001 0.002 0.005 | 0.741 0.838 —1.5 95.2 9.6
100 outcome —0.001 —0.001 0.000 0.002 | 0.694 0.794 30.0 95.7 5.8
treatment 0.000 —0.001 —0.001 —0.020 | 0.876 0.955 183.3 98.8 1.0
TMLE common —0.000 —0.001 —0.001 | —0.001 0.702 0.794 10.4 95.3 7.3
entire —0.003 —0.001 0.001 —0.013 | 0.886 0.953 412.2 98.8 0.5
outcome —0.004 —0.001 0.003 0.022 | 0.665 0.787 —16.7 90.1 18.9
treatment | —0.006 —0.001 0.004 0.017 0.822 0.911 —32.3 81.3 25.2
M common —0.001 —0.001 —0.000 0.010 | 0.653 0.795 —15.3 91.0 17.5
entire —0.008 —0.001 0.006 0.022 0.842 0.921 —33.8 80.3 26.7
outcome 0.001 —0.001 —0.002 | —0.021 0.283 0.555 —-1.6 94.5 43.6
treatment 0.002 —0.001 —0.003 —0.024 0.319 0.606 —-2.3 94.3 35.2
ac common 0.002 —0.001 —0.003 | —0.023 0.304 0.561 —-15 94.8 385
entire 0.001 —0.001 —0.002 —0.022 0.297 0.600 —2.6 94.0 39.9
outcome 0.002 —0.001 —0.003 | —0.027 | 0.301 0.556 16.4 97.9 24.0
treatment 0.001 —0.001 —0.002 —0.026 0.372 0.628 6.6 96.2 21.4
TP common 0.003 —0.001 —0.004 | —0.028 0.318 0.563 9.1 96.8 26.1
entire 0.001 —0.001 —0.002 | —0.025 0.361 0.622 11.7 97.2 20.0
00 outcome 0.000 —0.001 —0.001 —0.023 0.358 0.577 -2.3 93.6 29.0
treatment 0.002 —0.001 —0.003 | —0.035 0.454 0.683 51.2 99.1 6.8
TMLE common 0.001 —0.001 —0.002 | —0.023 0.378 0.582 -3.5 93.0 26.5
entire 0.002 —0.001 —0.003 | —0.035 0.432 0.674 81.8 99.3 44
outcome —0.000 —0.001 —0.001 | —0.020 |0.351 0.579 —11.7 91.9 37.2
treatment | —0.001 —0.001 —0.000 | —0.022 | 0.444 0.656 —30.2 82.7 38.9
M common 0.001 —0.001 —0.002 | —0.024 |0.363 0.587 —14.6 90.4 36.9
entire —0.001 —0.001 0.000 | —0.020 | 0.439 0.662 —29.3 83.2 39.1
outcome 0.001 —0.001 —0.002 —0.014 0.217 0.509 —1.1 94.7 64.5
treatment 0.001 —0.001 —0.002 | —0.014 |0.245 0.556 —1.5 94.4 53.6
Ge common 0.001 —0.001 —0.002 —0.015 0.233 0.618 —0.8 94.8 57.6
entire 0.001 —0.001 —0.002 | —0.014 |0.228 0.552 —-2.0 94.2 60.5
outcome 0.002 —0.001 —0.003 —0.019 0.230 0.509 16.5 97.9 43.3
treatment 0.000 —0.001 —0.001 | —0.013 |0.285 0.574 6.8 96.6 354
IPTW common 0.002 —0.001 —0.003 —0.018 0.244 0.514 9.2 96.8 43.7
entire 0.000 —0.001 —0.001 | —0.014 |0.274 0.571 12.3 97.2 339
200 outcome 0.001 —0.001 —0.002 —0.015 0.272 0.521 —4.7 93.4 48.5
treatment 0.001 —0.001 —0.002 | —0.018 | 0.347 0.618 35.0 99.1 15.9
TMLE common 0.000 —0.001 —0.001 —0.013 0.289 0.527 —4.8 93.1 43.7
entire 0.001 —0.001 —0.002 | —0.019 |0.328 0.611 51.1 99.3 12.9
outcome 0.001 —0.001 —0.002 | —0.015 | 0.265 0.525 —9.9 92.4 53.0
treatment | —0.001 —0.001 —0.000 | —0.011 0.346 0.597 -31.0 82.7 51.7
M common 0.001 —0.001 —0.001 | —0.014 |0.283 0.530 —15.8 90.1 52.3
entire —0.002 —0.001 0.001 —0.008 | 0.340 0.596 —-29.8 83.2 52.6
outcome 0.000 0.000 —0.000 | —0.002 0.108 0.479 —1.7 94.7 99.6
treatment 0.001 0.000 —0.000 | —0.003 0.122 0.524 —-1.2 94.8 98.6
ae common 0.001 0.000 —0.000 | —0.003 0.116 0.480 —0.9 94.7 99.1
entire 0.000 0.000 —0.000 | —0.002 0.113 0.523 —-1.8 94.5 99.4
2000 outcome 0.002 0.000 —0.001 | —0.006 |0.113 0.478 16.3 97.6 98.1
treatment 0.000 0.000 —0.000 | —0.002 0.138 0.539 7.9 96.4 93.0
TP common 0.002 0.000 —0.001 | —0.006 | 0.120 0.480 9.4 97.0 97.7
entire 0.000 0.000 —0.000 | —0.002 0.131 0.537 13.9 97.4 93.6
Continued
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selection | mean bias log OR
n method | strategy [0 Ty AT logOR | MSE MSE* | VEB (%) coverage (%) | power (%)
outcome 0.001 0.000 —0.000 —0.002 0.132 0.483 —5.9 93.3 97.5
treatment 0.000 0.000 0.000 —0.002 0.169 0.568 18.2 98.2 71.8
TMLE common —0.000 0.000 0.000 —0.000 0.142 0.486 —5.6 93.6 95.5
entire 0.001 0.000 —0.000 —0.004 | 0.158 0.565 235 98.6 753
2000 outcome 0.000 0.000 —0.000 —0.002 0.134 0.484 —12.0 91.6 97.7
treatment 0.001 0.000 —0.000 —0.005 0.203 0.548 —41.6 74.6 89.9
FM common 0.001 0.000 —0.000 —0.003 0.149 0.485 —20.5 88.5 96.7
entire 0.000 0.000 0.000 —0.002 0.162 0.543 —-26.9 84.5 94.8

Table 1. Simulation results comparing the ATT estimation under the alternative hypothesis. *MSE in the
presence of an unmeasured confounder. Theoretical values: m; = 0.701, m, = 0.589, § = 0.492.

minimum of 0.456 for GC with the common set given a large sample size for the ATT estimation (see Online
Supporting Information (OSI) for complete results). The results were similar under the null hypothesis (see OSI).

Variance. For all methods, the outcome set led to the lowest MSE, followed closely by the common set.
G-computation led to the lowest MSE and FM to the highest. In ATT, IPTW had lower MSE than TMLE. Note
that the VEB was particularly high for FM in all ATE scenarios with a minimum of —17.5% (n =500 with the
outcome set). For the ATT, FM also had a higher VEB than other methods, apart from TMLE with the treatment
or entire sets in sample sizes of fewer than 2000 subjects. In the presence of an unmeasured confounder, the
MSE increased in all scenarios in agreement with the increase in bias. The VEBs did not change notably with an
unmeasured confounder.

Coverage and errorrates. G-computation produced coverage rates close to 95%, except for ATE in a small
sample size leading to an anti-conservative 95% ClIs with a minimum of 91.7% with the entire set under the null
hypothesis. Anti-conservatives 95% Cls were also produced by FM in all scenarios, and by TMLE given a small
sample size. Conversely, conservative 95% Cls were obtained when using TMLE for the ATT with the entire or the
treatment sets, and when using IPTW for ATT or ATE with the outcome or the common sets.

Lending confidence to these results, the type I error was close to 5% for GC in all scenarios and may vary
for other methods. The power was more impacted by the choice of the covariate set. The outcome set led to the
highest power for GC.

Applications

We illustrated our findings by using two real data sets. First, we compared the efficiency of two treatments, i.e.,
Natalizumab and Fingolimod, sharing the same indication for active relapsing-remitting multiple sclerosis.
Physicians preferentially use Natalizumab in practice for more active disease, indicating possible confounders.
Given the absence of a clinical trial with a direct comparison of their efficacy, Barbin et al.> recently conducted an
observational study. We reused their data. Second, we sought to study barbiturates that can lead to a reduction of
the patient functional status. Indeed, barbiturates are suggested in Intensive Care Units (ICU) for the treatment
of refractory intracranial pressure increases. However, the use of barbiturates is associated with haemodynamic
repercussions that can lead to brain ischaemia and immunodeficiency, which may contribute to the occurrence of
infection. These applications were conducted in accordance with the French law relative to clinical noninterven-
tional research. According to the French law on Bioethics (July 29, 1994; August 6, 2004; and July 7, 2011, Public
Health Code), the patients’ written informed consent was collected. Moreover, data confidentiality was ensured
in accordance with the recommendations of the French commission for data protection (Commission Nationale
Informatique et Liberté, CNIL decisions DR-2014-558 and DR-2013-047 for the first and the second application,
respectively).

To define the four sets of covariates, we asked experts (D.L. for multiple sclerosis and M.L. for ICU) which
covariates were causes of the treatment allocation and which were causes of the outcome, as proposed by
VanderWeele and Shpitser®. We checked the positivity assumption and the covariate balance (see OSI). We
applied B-spline transformations for continuous variables when the log-linearity assumption did not hold.

Natalizumab versus Fingolimod to prevent relapse in multiple sclerosis patients. The outcome
was at least one relapse within one year of treatment initiation. Six hundred and twenty-nine patients from the
French national cohort OFSEP were included (www.ofsep.org). The first part of Table 3 presents a description of
their baseline characteristics.

All included patients could have received either treatment. Therefore, we sought to estimate the ATE. The first
part of Table 4 presents the results according to the different possible methods and covariate sets. The GC, IPTW
and TMLE yield similar results regardless of the covariate sets considered. Thus, Fingolimod exhibits lower effi-
cacy than Natalizumab with an OR [95% CI] ranging from 1.50 [1.02; 2.21] for IPTW with the entire set to 1.55
[1.06; 2.28] for GC with the common set. When using FM, the OR ranged from 1.73 [1.19; 2.51] with the outcome
set to 1.78 [1.23; 2.56] with the common set. Note that, unlike IPT'W, FM does not to balance all covariates in the
outcome set with standardised differences higher than 10%.

Overall, the confounder-adjusted proportion of patients with at least one relapse within the first year of
treatment was lower in the hypothetical world where all patients received Natalizumab (approximately 20% and
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mean bias log OR
n method | set [0 Ty AT logOR | MSE MSE* | VEB (%) coverage (%) | power (%)
outcome —0.001 —0.002 —0.001 —0.003 0.404 0.634 —-7.3 93.2 24.7
treatment | —0.002 —0.001 0.000 0.004 0.477 0.727 -9.5 92.4 19.9
ac common —0.001 —0.002 —0.001 —0.002 0.434 0.650 —6.6 93.5 22.1
entire —0.002 —0.001 0.001 0.003 0.450 0.714 —11.4 91.8 22.6
outcome —0.003 —0.001 0.001 0.011 0.464 0.646 12.1 97.4 12.1
treatment | —0.006 0.002 0.008 0.046 0.633 0.769 —7.6 93.8 16.7
P common —0.002 —0.001 0.001 0.010 0.480 0.657 6.3 96.3 13.5
entire —0.006 0.003 0.009 0.053 0.647 0.773 —7.2 94.7 16.4
100 outcome —0.001 —0.002 —0.000 0.003 0.438 0.642 —14.3 89.5 26.9
treatment | —0.004 0.002 0.006 0.039 0.572 0.757 —24.9 84.3 27.5
TMLE common —0.001 —0.002 —0.001 0.002 0.469 0.657 —10.7 90.9 212
entire —0.005 0.003 0.007 0.043 0.544 0.748 -30.7 80.9 34.3
outcome —0.005 0.002 0.006 0.039 0.549 0.710 —24.3 87.1 28.5
treatment | —0.009 0.005 0.014 0.082 0.677 0.832 —37.7 78.0 35.1
FM common —0.005 0.001 0.006 0.038 0.563 0.713 —26.3 85.8 29.1
entire —0.007 0.006 0.014 0.082 0.674 0.830 —37.3 78.1 34.8
outcome —0.000 —0.000 0.000 0.001 0.221 0.532 —-1.9 94.5 59.8
treatment | —0.000 —0.000 0.000 0.001 0.259 0.608 —2.8 94.3 47.4
e common —0.000 —0.000 0.000 0.001 0.237 0.539 —1.2 94.8 53.5
entire —0.000 —0.000 0.000 0.001 0.241 0.600 —34 94.0 53.0
outcome —0.001 —0.000 0.001 0.006 0.239 0.533 20.2 98.0 34.7
treatment | —0.002 0.000 0.003 0.014 0.330 0.615 4.6 96.0 29.5
P common —0.001 —0.000 0.001 0.006 0.252 0.541 13.3 97.4 36.5
entire —0.002 0.000 0.002 0.013 0.326 0.607 7.9 96.6 28.5
200 outcome —0.000 —0.001 —0.000 0.000 0.233 0.532 -3.0 93.9 54.2
treatment | —0.001 0.000 0.002 0.009 0.310 0.612 —10.4 90.6 40.2
TMLE common —0.001 —0.001 0.000 0.001 0.249 0.540 —-1.5 94.6 48.1
entire —0.001 0.000 0.001 0.008 0.290 0.603 —13.2 89.6 46.1
outcome —0.002 0.000 0.002 0.010 0.294 0.552 —20.2 88.7 51.6
treatment | —0.003 0.003 0.006 0.032 0.389 0.652 —39.3 77.0 53.3
M common —0.001 —0.000 0.001 0.008 0.315 0.588 —25.5 86.2 51.3
entire —0.003 0.003 0.006 0.032 0.377 0.644 —37.4 77.8 52.2
outcome —0.000 0.000 0.001 0.003 0.168 0.501 —-0.4 94.8 81.1
treatment | —0.000 0.000 0.001 0.002 0.198 0.573 —1.0 94.8 69.0
Ge common —0.000 0.000 0.000 0.002 0.183 0.505 —-0.7 94.9 75.0
entire —0.000 0.000 0.001 0.004 0.183 0.569 —1.0 94.8 75.3
outcome —0.001 0.000 0.001 0.005 0.180 0.501 222 98.3 58.5
treatment | —0.001 0.001 0.001 0.007 0.248 0.573 8.1 96.5 42.3
1P common —0.001 0.000 0.001 0.005 0.193 0.505 13.8 97.3 58.6
entire —0.001 0.000 0.001 0.006 0.239 0.569 13.1 97.2 41.3
200 outcome —0.000 0.000 0.000 0.002 0.177 0.501 —0.8 94.7 76.8
treatment | —0.000 0.000 0.000 0.003 0.234 0.571 —-59 92.7 56.1
TMLE common —0.000 0.000 0.000 0.002 0.190 0.505 —0.5 94.7 69.7
entire —0.000 0.000 0.000 0.003 0.218 0.566 -7.5 91.8 63.1
outcome —0.001 0.000 0.001 0.005 0.219 0.518 —17.5 89.8 70.1
treatment | —0.002 0.002 0.003 0.018 0.302 0.598 —39.8 76.2 65.5
M common —0.001 —0.000 0.001 0.005 0.266 0.555 —31.8 82.3 66.4
entire —0.002 0.002 0.004 0.019 0.289 0.592 —37.1 78.3 66.2
outcome —0.000 —0.000 —0.000 —0.001 0.085 0.482 —0.6 94.6 100.0
treatment | 0.000 —0.001 —0.001 —0.003 0.099 0.550 —0.6 94.7 99.8
ae common 0.000 —0.001 —0.001 —0.003 0.092 0.483 —0.8 94.7 99.9
entire —0.000 —0.000 —0.000 —0.001 0.091 0.550 -0.6 94.7 99.9
2000 outcome —0.000 —0.000 0.000 0.002 0.090 0.482 21.2 98.2 99.8
treatment | 0.000 —0.001 —0.001 —0.002 0.122 0.547 9.3 96.7 95.1
TPTwW common —0.000 —0.000 0.000 0.001 0.096 0.483 13.5 97.3 99.7
entire 0.000 —0.000 —0.001 —0.002 0.117 0.546 14.3 97.5 95.6
Continued

SCIENTIFIC REPORTS |

(2020) 10:9219 | https://doi.org/10.1038/s41598-020-65917-x




www.nature.com/scientificreports/

mean bias log OR
n method | set [0 Ty AT logOR | MSE MSE* | VEB (%) coverage (%) | power (%)
outcome —0.000 —0.000 —0.000 —0.001 0.088 0.482 —0.6 94.8 100.0
treatment | 0.000 —0.001 —0.001 —0.003 0.116 0.545 —-2.2 94.4 98.7
TMLE common 0.000 —0.000 —0.001 —0.002 0.095 0.483 —-0.3 94.8 99.9
entire 0.000 —0.000 —0.001 —0.002 0.108 0.544 —2.6 94.1 99.4
2000 outcome —0.000 —0.000 —0.000 0.000 0.129 0.497 —29.9 82.9 99.0
treatment | —0.001 —0.000 0.000 0.003 0.169 0.569 —46.6 70.6 96.2
M common 0.000 —0.000 —0.001 —0.001 0.205 0.534 —55.9 61.1 92.7
entire —0.000 —0.000 0.000 0.002 0.145 0.549 —37.7 77.9 98.2

Table 2. Simulation results comparing the ATE estimation under the alternative hypothesis. *MSE in the
presence of an unmeasured confounder. Theoretical values: m = 0.557, m, = 0.441, 6 = 0.466.

varying slightly depending on method and set of covariates) than one in which all patients received Fingolimod
(approximately 28%). This difference of approximately 8% is clinically meaningful and suggests the superiority of
Natalizumab over Fingolimod to prevent relapses at one year. This result was concordant with the recent clinical
literature®*>*,

Impact of barbiturates in the ICU on the functional status at three months. We define an unfa-
vourable functional outcome by a 3-month Glasgow Outcome Scale (GOS) lower than or equal to 3. We used the
data from the French observational cohort AtlanREA (www.atlanrea.org) to estimate the ATT of barbiturates
because physicians recommended these drugs to a minority of severe patients. The second part of Table 3 presents
the baseline characteristics of the 252 included patients.

The second part of Table 4 presents the results according to the different possible methods and covariate sets.
G-computation and TMLE lead to the conclusion of a significant negative effect of barbiturates regardless of the
covariate set considered with an OR [95% CI] ranging from 0.43 [0.25; 0.76] for GC with the common set to 0.51
[0.29; 0.90] for TMLE with the entire set. By contrast, the results were discordant when using different covari-
ate sets for IPTW and FM. We report, for instance, OR estimates obtained by FM ranging from 1.520 with the
outcome set to 2.300 with the common set. In line with the simulation study, the estimated standard errors were
higher for these methods (0.294 and 0.293 for GC and TMLE when the outcome set was considered, respectively)
leading to lower power. Note also that standardised differences were higher than 10% for the IPTW with the
entire set (see OSI) and for FM with the outcome, the treatment and the entire sets.

Depending on the methods and sets of covariates included, we estimated that from 18% to 20% of patients
treated with barbiturates had an unfavourable GOS at three months. If these patients had not received barbitu-
rates, the methods estimate that from 30% to 35% would have had an unfavourable GOS at three months. For the
patients, this difference is meaningful but full clinical relevance depends also on the effect of barbiturates on other
clinically relevant outcomes, such as death or ventilator-associated pneumonia. However, the results obtained by
GC or TMLE differ with those obtained by Majdan et al.>*, who did not find any significant effect of barbiturates
on the GOS at six months. Two main methodological reasons can explain this difference: the GOS was at six
months rather than three months post-initiation, and the authors used multivariate logistic regression leading to
a different estimand.

Discussion
The aim of this study was to better understand the different sets of covariates to consider when estimating the
marginal causal effect.

The results of our simulation study, limited to the studied scenarios, highlight that the use of the outcome set
was associated with the lower bias and variance, principally when associated with GC, for both ATE and ATT.
As expected, an unmeasured confounder led to increased bias, regardless of method employed. Although we do
not report an impact on the variance, the effect’s over- or under-estimation leads to the corresponding over- or
under-estimation of power and compromises the validity of the causal inference.

The performance of FM is lower than that of the other studied methods, especially for the variance. Our results
were in line with King and Nielsen, who argued for halting the use of PS matching for many reasons such as
covariate imbalance, inefficiency, model dependence and bias. Nonetheless, Colson et al.'” found slightly higher
MSE for GC than FM. Their more simplistic scenario, with only two simulated confounders leading to little covar-
iate imbalance, could explain the difference with our results. Moreover, is unclear whether they accounted for the
matched nature of the data, as recommended by Austin and Stuart!® or Gayat et al.*.

While DRE offers protection against model misspecification?*+%, our simulation study resulted in the finding
that GC was more robust to the choice of the covariate set than the other methods, TMLE included. This result
was particularly important when the treatment set was taken into account, which fits with the results of Kang
and Schafer®: when both the PS and the Q-model were misspecified, DRE had lower performance than GC.
Furthermore, GC was associated with lower variance than DRE in several simulation studies'*!”%, which accords
with our results.

The first application to multiple sclerosis (ATE) illustrated similar results between the studied methods. In
contrast, the second application (ATT) to severe trauma or brain-damaged patients showed different results
between the methods. In agreement with simulations, the estimations obtained with GC or TMLE were similar
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Overall First line treatment Relapse at 1 year
A - Multiple sclerosis (n=629) Ntz (n=326) Fng (n=303) P No (n=478) Yes (n=151) P
Patient age, years (mean, sd) 37.0 9.6 36.8 9.9 37.2 9.2 0.6505 37.1 9.7 36.6 9.2 0.5849

Female patient (n, %)

479.0 |76.2 2540 | 77.9 2250 |74.3 0.2822 367.0 |76.8 112.0 | 742 0.5124

Disease duration, years (mean, sd) 8.5 6.4 8.0 6.1 9.0 6.8 0.0505 8.6 6.6 8.2 6.0 0.4809
At least one relapse (n, %) 526.0 |83.6 293.0 |899 233.0 76.9 <0.0001 | 391.0 81.8 135.0 89.4 0.0277
Gd-enhancing lesion on MRI (n, %) 311.0 |494 185.0 56.7 126.0 | 41.6 0.0001 240.0 50.2 71.0 47.0 0.4944
EDSS score >3 (n, %) 288.0 |45.8 166.0 50.9 122.0 |403 0.0074 212.0 |44.4 76.0 50.3 0.1986
Previous immunomodulatory treatment (n, %) 556.0 | 88.4 293.0 |89.9 263.0 |86.8 0.2284 424.0 |88.7 132.0 | 874 0.6672
S Overall Barbiturates treatment Favourable GOS at 3 months

(n=252) No (n=178) Yes (n=74) P No (n=180) Yes (n=72) P

Patient age, years (mean, sd)

47.4 17.4 48.7 17.9 44.1 15.7 0.0565 50.8 16.4 38.7 16.9 <0.0001

Female patient (n, %)

89.0 35.3 58.0 32.6 31.0 41.9 0.1592 68.0 37.8 21.0 29.2 0.1963

Diabetes (n, %) 17.0 6.7 15.0 8.4 2.0 2.7 0.0989 15.0 8.3 2.0 2.8 0.1122
Nosological entity: Severe trauma (n, %) 1240 | 492 95.0 534 29.0 39.2 0.0403 77.0 42.8 47.0 65.3 0.0012
SAP <90 mmHg before admission (n, %) 56.0 22.2 36.0 20.2 20.0 27.0 0.2368 46.0 25.6 10.0 13.9 0.0442
Evacuation of subdural or extradural hematoma (n, %) | 41.0 16.3 33.0 18.5 8.0 10.8 0.1301 27.0 15.0 14.0 19.4 0.3878
External ventricular drain (n, %) 64.0 254 39.0 21.9 25.0 33.8 0.0486 48.0 26.7 16.0 222 0.4640
Evacuation of cerebral hematoma or lobectomy (n, %) | 42.0 16.7 28.0 15.7 14.0 18.9 0.5362 34.0 18.9 8.0 11.1 0.1345
Decompressive craniectomy (n, %) 27.0 10.7 15.0 8.4 12.0 16.2 0.0686 21.0 11.7 6.0 8.3 0.4396
Blood transfusion before admission (n, %) 34.0 13.5 25.0 14.0 9.0 12.2 0.6903 26.0 14.4 8.0 11.1 0.4841
Pneumonia before increased ICP (n, %) 29.0 11.5 16.0 9.0 13.0 17.6 0.0519 19.0 10.6 10.0 13.9 0.4538

Osmotherapy (n, %)

112.0 | 44.4 75.0 42.1 37.0 50.0 0.2525 89.0 49.4 23.0 31.9 0.0115

GCS score >8 62.0 24.6 39.0 21.9 23.0 31.1 0.1237 37.0 20.6 25.0 347 0.0183
Hemoglobin, g/dL (mean, sd) 11.8 2.3 11.7 2.2 12.1 2.5 0.1824 11.8 24 11.9 1.9 0.7373
Platelets, counts/mm? (mean, sd) 206.7 78.0 207.4 79.7 205.1 74.2 0.8312 209.0 83.8 200.9 61.1 0.4589
Serum creatinine, mmol/L (mean, sd) 71.1 29.3 71.1 27.6 71.1 333 0.9853 72.4 32.6 67.9 18.7 0.2732
Arterial pH (mean, sd) 7.3 0.1 7.3 0.1 7.3 0.1 0.0978 7.3 0.1 7.3 0.1 0.6317
Serum proteins, g/L (mean, sd) 58.2 10.4 57.7 10.6 59.6 9.7 0.1662 58.0 10.7 58.8 9.7 0.5963
Serum urea, mmol/L (mean, sd) 5.0 2.5 52 2.7 4.7 1.8 0.1827 52 2.3 4.5 2.9 0.0505

PaO,/FiO, ratio (mean, sd)

302.7 | 1740 |292.7 |1547 |326.6 |2129 |0.1595 282.1 172.4 | 3542 |168.4 |0.0028

SAPS II score (mean, sd)

47.6 114 47.6 10.7 47.6 12.9 0.9847 49.9 10.8 41.8 10.7 <0.0001

Table 3. Baseline characteristics of patients of the two studied cohorts. Ntz: Natalizumab, Fng: Fingolimod,
Gd: Gadolinium, MRI: Magnetic Resonance Imaging, EDSS: Expanded Disability Status Scale, SAP: Systolic
Arterial Pressure, ICP: Intra-Cranial Pressure, GCS: Glasgow Coma Scale, PaO,/FiO,: arterial partial Pressure
of Oxygen/Fraction of Inspired Oxygen, SAPS II: Simplified Acute Physiology Score IL

in terms of logOR estimation and variance regardless of the covariate set considered. Estimations obtained with
IPTW or FM were highly variable, depending on the covariate set employed: some indicated a negative impact
of barbiturates and others did not. These results also tended to demonstrate that GC or TMLE had the highest
statistical power. Variances obtained by parametric simulations or by bootstrap resampling were similar (results
not displayed).

One can, therefore, question the relative predominance of the PS-based approach compared to GC, although
there are several potential explanations. First, there appears to be a pre-conceived notion according to which
multivariable non-linear regression cannot be used to estimate marginal absolute and relative effects®. Indeed,
under logistic regression, the mean sample probability of an event is different from the event probability of a
subject with the mean sample characteristics. Second, while there is an explicit variance formula for the IPTW>8,
the equivalent is missing for the GC. The variance must be obtained by bootstrapping, simulation or the delta
method. Third, several didactic tutorials on PS-based methods can be found, for instance®-°1.

We still believe that PS-based methods may have value when multivariate modelling is complex, for instance,
for multi-state models®?. In future research, it would be interesting to examine whether the use of potentially bet-
ter settings would provide equivalent results, such as the Williamson estimator for IPTW*, the Abadie-Imbens
estimator for PS matching®, or bounded the estimation of TMLE, which can also be updated several times*. We
also emphasise that we did not investigate these methods when the positivity assumption does not hold. Several
authors have studied this problem!*?>33664 G-computation was less biased than IPTW or DRE except in Porter
et al.’%, where the violation of the positivity assumption was also associated with model misspecifications. The
robustness of GC to non-positivity could be due to a correct extrapolation into the missing sub-population, which
is not feasible with PS'. Other perspectives of this work are to extend the problem to i) time-to-event, continuous
or multinomial outcomes and ii) multinomial treatment. However, implementing GC using continuous treatment
raises many important considerations concerning the research question and resulting inference®.
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application method | set To ol 0 SE 95% CI
outcome 20.3 28.2 0.432 0.189 [0.062, 0.802]
6e treatment* 20.3 28.3 0.436 0.195 [0.054, 0.819]
common* 20.3 28.3 0.436 0.195 [0.054, 0.819]
entire 20.3 28.2 0.431 0.191 [0.056, 0.806]
outcome 212 28.8 0.406 0.195 [0.023,0.789]
treatment* 20.3 28.2 0.433 0.191 [0.059, 0.808]
IPTW
common*® 20.3 28.2 0.433 0.191 [0.059, 0.808]
A - Multiple entire 213 (289 |0406 |0.196 |[0.022,0.791]
sclerosis outcome 21.2 28.8 0.407 0.195 [0.025, 0.790]
treatment* 20.3 28.2 0.433 0.190 [0.061, 0.806]
TMLE
common*® 20.3 28.2 0.433 0.190 [0.061, 0.806]
entire 21.1 289 0.410 0.196 [0.026, 0.794]
outcome 19.1 29.0 0.549 0.189 [0.178,0.921]
M treatment* 19.9 30.6 0.575 0.187 [0.210, 0.941]
common*® 19.9 30.6 0.575 0.187 [0.210, 0.941]
entire 21.1 319 0.561 0.183 [0.201, 0.920]
outcome 66.3 81.1 0.778 0.294 [0.201, 1.354]
Ge treatment 65.3 81.1 0.824 0.298 [0.240, 1.407]
common 65.0 81.1 0.836 0.289 [0.270, 1.402]
entire 66.5 81.1 0.769 0.295 [0.191, 1.347]
outcome 31.0 81.1 0.656 0.356 [—0.042, 1.354]
treatment 68.2 81.1 0.693 0.355 [—0.002, 1.388]
IPTW
common 67.4 81.1 0.729 0.353 [0.038,1.421]
entire 69.2 81.1 0.645 0.362 [—0.064, 1.354]
B-ICU
outcome 66.2 79.6 0.692 0.293 [0.118, 1.266]
treatment 65.4 80.2 0.758 0.288 [0.194,1.322]
TMLE
common 64.8 79.9 0.769 0.298 [0.185, 1.354]
entire 66.4 79.4 0.668 0.285 [0.109, 1.228]
outcome 73.8 81.1 0.419 0.342 [—0.252, 1.090]
EM treatment 67.2 81.1 0.739 0.337 [0.078,1.399]
common 65.1 81.1 0.831 0.336 [0.173, 1.490]
entire 66.2 81.1 0.782 0.336 [0.123, 1.442]

Table 4. Results of the two applications. *Treatment and common sets contain same covariates. 7,: Percentage
of event in the Natalizumab (or control) group, 7;: Percentage of event in the Fingolimod (or Barbiturates)
group, SE: standard error.

To facilitate its use in practice, we have implemented the estimation of both ATE and AT'T, and their 95% CI,
from a logistic model in the existing R package entitled RISCA (available at cran.r-project.org/web/packages/
RISCA). We provide an example of R code in the appendix. Note that the package did not consider the inflation
of the type I error rate due to the modelling steps of the Q-model. Users also have to consider novel strategies for
post-model selection inference.

In the applications, we classified covariates into sets based on experts knowledge®. However, several statistical
methods can be useful when no clinical knowledge is available. Heinze et al.®® proposed a review of the most used,
while Witte and Didelez® reviewed strategies specific to causal inference. Alternatively, data-adaptive methods
have recently been developed, such as the outcome-adaptive LASSO®” to select covariates associated with both
the outcome and the treatment allocation. Nevertheless, according to our results, it may be preferable to focus
on constructing the best outcome model based on the outcome set. For instance, the consideration of a super
learner®®%°, merging models and modelling machine learning algorithms may represent an exciting perspective’.

Finally, we emphasise that the conclusions from our simulation study cannot be generalised to all situations.
They are consistent with the current literature on causal inference, but theoretical arguments are missing for gen-
eralisation. Notably, our results must be considered in situations where both the PS and the Q-model are correctly
specified and where positivity holds.

To conclude, we demonstrate in a simulation study that adjusting for all the covariates causing the outcome
improves the estimation of the marginal causal effect (ATE or ATT) of a binary treatment in a binary outcome.
Considering only the covariates that are a common cause of both the outcome and the treatment is possible
when the number of potential confounders is large. The strategy consisting of considering all available covariates,
i.e., no selection, did not decrease the bias but significantly decreased the power. Amongst the different studied
methods, GC had the lowest bias and variance regardless of covariate set considered. Consequently, we recom-
mend that the use of the GC with the outcome set, because of its highest power in all the simulated scenarios. For
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instance, at least 500 individuals were necessary to achieve a power higher than 80% in ATE, with a theoretical
OR at 2, and a percentage of treated subjects at 50%. In ATT, we needed larger sample size to reach a power of 80%
because the estimation considers only the treated patients. With 2000 individuals, all the studied methods with
the outcome set led to a bias close to zero and a statistical power superior to 95%.
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Apport de I'apprentissage automatique

en g-computation

« En science, la phrase la plus
excitante que l'on peut entendre,
celle qui annonce de nouvelles
découvertes, ce n'est pas "Euréka!”
mais "Tiens, c’est dréle.”»

Isaac Asimov

Les Supplementary Materials peuvent étre trouvés dans ’Annexe E de ce manuscrit.
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G-computation and machine
learning for estimating the causal
effects of binary exposure statuses
on binary outcomes

Florent Le Borgne>®, Arthur Chatton'%¢, Maxime Léger’3, Rémi Lenainl* &
Yohann Foucher*5"™*

In clinical research, there is a growing interest in the use of propensity score-based methods to
estimate causal effects. G-computation is an alternative because of its high statistical power. Machine
learning is also increasingly used because of its possible robustness to model misspecification. In

this paper, we aimed to propose an approach that combines machine learning and G-computation
when both the outcome and the exposure status are binary and is able to deal with small samples.
We evaluated the performances of several methods, including penalized logistic regressions, a neural
network, a support vector machine, boosted classification and regression trees, and a super learner
through simulations. We proposed six different scenarios characterised by various sample sizes,
numbers of covariates and relationships between covariates, exposure statuses, and outcomes.

We have also illustrated the application of these methods, in which they were used to estimate the
efficacy of barbiturates prescribed during the first 24 h of an episode of intracranial hypertension. In
the context of GC, for estimating the individual outcome probabilities in two counterfactual worlds,
we reported that the super learner tended to outperform the other approaches in terms of both

bias and variance, especially for small sample sizes. The support vector machine performed well,

but its mean bias was slightly higher than that of the super learner. In the investigated scenarios,
G-computation associated with the super learner was a performant method for drawing causal
inferences, even from small sample sizes.

Machine learning (ML) is a set of mathematical and statistical methods that computer systems use to perform
tasks without specific instructions. In medical research, there is an increasing interest in these methods for pre-
diction and, more recently, for causality! There is a large intersection between these fields since the first step of
causal modelling consists of predicting the exposure for propensity score (PS)-based methods*? or the outcome
for G-computation (GC)**.

Several recent methodological studies have therefore studied the potential applicability of ML for causal infer-
ence. A large number simulation-based studies have compared several ML methods to obtain PSs*¢-!°. While the
corresponding PS-based results were very encouraging, GC was compared to PS-based methods in the context
of classical regression models and showed several advantages in terms of statistical power''~!* and robustness
of the estimates regardless of the set of included covariates'!. However, simulation-based studies related to the
use of ML for predicting outcomes in GC are infrequent. Austin examined the use of ensemble-based methods
(bagged classification and regression trees (CART), random forests, and boosted CART (BCART)) and con-
cluded that BCART was the highest performing algorithm!>. He also concluded that BCART had a lower bias
when it was used to impute potential outcomes than when it was used to estimate the PS for inverse probability
treatment weighting.

In this paper, we studied the performances of GC in combination with different ML algorithms, including a
super learner (SL), through simulations to estimate causal effects. Many of the previous studies were based on

1INSERM UMR 1246 - SPHERE, Nantes University, Tours University, 22 Boulevard Bénoni Goullin, 44200 Nantes,
France. 2IDBC-A2COM, Pacé, France. 3Département D'Anesthésie Réanimation, Centre Hospitalier Universitaire
D'Angers, Angers, France. “Lille University Hospital, Lille, France. °Nantes University Hospital, Nantes,
France. ®These authors contributed equally: Florent Le Borgne and Arthur Chatton. *“email: yohann.foucher@
univ-nantes.fr
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large samples. Therefore, we made sure to include scenarios with small sample sizes. We limited our study to
case where both the exposure and outcome were binary and to small-medium sample sizes. We also focused on
ML techniques that are applicable in daily practice, i.e., with reasonable computation times on modern laptops
or workstations.

Methods

G-computation. Let Y (1) and Y (0) be the two potential outcomes under the exposure and the non-expo-
sure, respectively'®. Let (Z, X) denote the random variables related to the exposure statuses of individuals (Z = 1
for exposed individuals and 0 otherwise) and the k covariates (X = Xj,...,Xx) measured before exposure,
respectively. The average causal effect is ACE = E[Y (1) — Y (0)]. It represents the mean difference between the
outcomes of individuals if they had been exposed or unexposed!”.

Suppose (Y, Z;, X;) a dataset for analysis consists of n independent realisations of (Y, Z, X). The first step of
GCis to fit f(Y|Z,X), and this outcome model is frequently referred to as the Q-model°. Once estimated, the
Q-model aims to predict, for each individual i (i = 1,. .., n), the two potential outcomes unﬂer each exposure
status by maintaining her/his covariates X; at the observed values and setting Z; to 1 and 0: Y;(1) = f(Y]1,X;)

and ?i 0) =j?(Y|O,Xi). The average causal effect is then estimated by ACE = n*IZle {17,-(1) — ?i(O)}.

Covariates selection. One of the main differences between prediction and causality is the selection of
covariates. Knowledge of the causal relationship structure is essential for conducting causal inference'®. This
knowledge consists of excluding the mediators, colliders'?, and instrumental variables?>*!. Note that a benefit of
GC over PS-based methods is that it more effectively prevents instrumental variables, which are often included
in the PS. In this context, the advantages and limits of ML algorithms have been well described®>*. As noted by
VanderWeele and Shpitser?, investigators can identify the causes of exposure statuses or outcomes as potential
covariates.

Unfortunately, full knowledge of causal relationships is often unavailable. There is a growing literature about
the best set of covariates to consider, and it recommends including all the covariates that cause the outcome!?!%.
The corresponding data-driven selection procedure for GC is straightforward since it corresponds to the predic-
tors of the Q-model.

ML techniques. In contrast with PS-based methods, which consist of predicting exposure statuses, the
Q-model must keep the exposure status as one of the predictors. This is not possible for several ML techniques,
such as random forests, except by estimating f(.) separately for the exposed and unexposed individuals. Never-
theless, this solution is not reasonable for small sample sizes (we have tested it, and the results confirm its defi-
cient performances for n < 1000; data not shown). Below, we briefly describe the ML methods that we included
in our simulations. For more details on these ML techniques, see McNeish for the penalized methods*, and Bi
et al. for the other methods?”. We performed all the analyses using R version 3.6.1.

Lasso logistic regression (LLR). L1 regularisation allows for the selection of the predictors. To obtain a flexible
model, we considered all the possible interactions between the exposure status Z and covariates X. Moreover,
we used b-splines for the quantitative variables of the vector X. We used the glmnet function included in the
glmnet package.

Elasticnet logistic regression (ELR). We used the same flexible logistic regression as previously defined, but with
both the L1 and L2 regularisations (two tuning parameters).

Neural network (NN).  We chose a neural network with one hidden layer, as this is probably the most common
network architecture?. Its size constitutes the single tuning parameter. We used the nnet function of the nnet
package.

Support vector machine (SVM). We chose the radial basis function kernel to flex the linear assumption. We
used the svmRadial function of the kernlab package with two tuning parameters: the cost penalty of misclassifi-
cation and the flexibility of the classification.

Boosted CART (BCART). 'This ML technique is an ensemble method, that is, a method that averages the per-
centages of events in the terminal nodes of several tree partitions. Four tuning parameters must be chosen:
the number of trees, the highest level of covariate interactions, the learning rate, and the minimum number of
observations in the terminal nodes. We used the gbm function included in the gbm package.

For the five methods listed above (LLR, ELR, NN, SVM, and BCART), we chose their respective tuning
parameters by maximising the average area under the receiver operating characteristic curve (AUC) of tenfold
cross-validation. We used the caret package with a tuning grid of length equals 20.

Super learner (SL). 'We included the previous ML techniques in the SL, with the exception of BCART due to the
resulting computational burden. The SL consists of averaging the predictions obtained from the four approaches
by using a weighted linear predictor?. In agreement with our previous choice, we estimated the weights by max-
imising the average AUC of tenfold cross-validation. We used the SuperLearner package.
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Figure 1. Directed acyclic graphs associated with the two simulated scenarios. (A) The realistic scenario with
22 covariates, linear and nonlinear relationships, and one interaction. (B) The simplistic scenario with nine
covariates, linear relationships, and no interaction.

Variance estimation. By bootstrapping the entire procedure?, one can obtain the standard error and the
confidence interval of the ACE. Regarding the corresponding computational burden, a compromise consists
of choosing the tuning parameters based on the entire sample and then using these values in the subsequent
bootstrap samples®**!. Moreover, to consider the possible overfitting associated with such ML techniques, we
performed a bootstrap cross-validation procedure. We trained the ML algorithms from the bootstrap sample,
while we estimated the ACE from the individuals not included in the bootstrap sample. In this paper, we per-
formed 500 iterations.

Simulation-based study
Data generation. We considered two main scenarios, as illustrated in Fig. 1 (the related models are in Sup-
plementary Tables S1 and S2). First, we simulated the continuous and binary covariates from X; to Xj, allowing
for dependences between the simulated covariate and those already generated. Second, we obtained Z and Y
with Bernouilli distributions. The logit of the corresponding probabilities equaled the linear functions of X and
(X,2).

We choose two contrasting scenarios. We defined a realistic situation (Fig. 1A, Supplementary Table S1) with
22 correlated covariates at baseline. Nine covariates were included in the outcome model, among which one
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covariate interacted with the exposure effect, two effects were step functions, three were quadratic functions,
and four were linear. In contrast, we defined a simplistic situation (Fig. 1B, Supplementary Table S2) with nine
independent covariates. Six covariates were included in the outcome model with linear effects and no interaction.

We simulated all the covariates X as variables measured before exposure. We did not consider mediators
and colliders. As previously stated, the investigator must exclude these variables from the set of covariates. We
studied different sample sizes: n = 100, 500, and 1000. For each scenario, we randomly generated 10,000 datasets.

Performance criteria. We computed the theoretical ACE by averaging the ACE estimations obtained from
the univariate logistic models (with Z as the only explanatory variable) fitted based on datasets that were simu-
lated as above, except that Z was generated independently of X''*2. We reported the following criteria (the for-
mulae can be found in the Supplementary Materials): the mean bias (MB), the root mean square error (RMSE),
the empirical standard deviation (ESD), the asymptotic standard deviation (ASD), the variance estimation bias
(VEB), the empirical coverage rate of the nominal 95% confidence interval (95% CI), and the statistical power.
We compared the performances of the previous ML techniques. In addition, we examined the results and com-
pared them with those obtained by a perfectly specified LR, i.e., a LR with the same linear predictor as the one
defined in the last lines of Supplementary Tables S1 and S2, in which we only estimated the corresponding
regression coefficients.

Comparison of the ML techniques in terms of bias.  Overall results. To evaluate the calibration of the
ML methods for the simulated data, we added calibration plots of 10 simulated datasets for each combination
of methods (LLR, ELR, NN, SVM, SL), complexity (simplistic, realistic), and sample size (n = 100, 500, 1000)
to the Supplementary Materials (Figures S1-10). One can observe an overfitting of the ELR, SVM, and SL when
n = 100, and this can be explained by the fact that the number of parameters was too large compared to the
sample size.

We report the simulation results in Figs. 2, 3 and 4 for the realistic and simplistic scenarios (the numerical
details can be found in Supplementary Tables S3 and S4). Independent of the sample size and the complexity
of the relationships between the covariates and the outcome, BCART was associated with a significant level of
bias, with the MB being higher than 3%.

The impact of the sample size in the realistic situation.  To differentiate between the other methods, one can com-
pare the MBs obtained when the relationships between the covariates and outcome are difficult for the analyst
to manage, i.e., a realistic situation. When the learning support is small (n = 100), the penalized methods (ELR
and LLR) and the NN resulted in unacceptable MBs higher than 4%. In contrast, the two remaining methods
(SVM and SL) were associated with values lower than 1%. With large sample sizes (n > 500), the four methods
performed correctly with MBs less than 3%, and the lowest MB was obtained with the SL (MB < 1% for all sam-
ple sizes). To further discriminate between the SVM and SL in this realistic situation, one can notice that the
MB remained negligible for the SL regardless of the sample size, while for the SVM, the MB increased with the
sample size (values between 1 and 2% when n > 500).

The impact of the sample size in the simplistic situation. Except when n = 1000, for which they were outper-
formed by the SL (MB <1%), the penalized methods were associated with the smallest biases in the simplistic
situation, with MBs less than 1% regardless of the sample size. The penalized methods were even the only meth-
ods such low values when n = 100. The NN was the only method with no significant variations according to the
sample size (i.e., MBs between 1 and 2% for all three sample sizes).

Comparison of the ML techniques in terms of variance. Overall results. Regardless of the scenarios
and the sample sizes used, one can observe an underestimation of the variance using BCART. Its VEB ranged
from — 2 to — 56%.

The impact of the sample size in the realistic situation. To differentiate between the other methods, one can first
consider the smallest sample size (n =100). The penalized approaches (LLR and ELR) resulted in the highest
estimations of the variance, with ASDs close to 0.10. The SVM and NN were associated with the smallest vari-
ances, with ASDs close to 0.6 (the VEBs were — 6.4% and 8.8%, respectively). Compared with the two previous
ML techniques, the SL resulted in a slightly higher ASD at 0.7, but a lower VEB at — 3.7%. For larger sample sizes
(n=500), the results in terms of variance were close for the four following approaches: LLR, ELR, SVM and SL.
The NN was associated with an unacceptable overestimation of the variance (VEB=19.0% and 31.1% for n =500
and 1000, respectively).

The differences between the realistic and simplistic situations. The results were similar when the relationships
between the covariates and the outcome were easier for the analyst to model (i.e., the simplistic situation). How-
ever, one can underline an exception: when n =100, the NN resulted in an ASD close to those of the penalized
approaches.

Synthesis of bias and variance in terms of the root mean square error and coverage. Even if
BCART resulted in a critical level of bias, its RMSEs were reasonable, and this is mainly because of the previ-
ously reported underestimation of the variance. This bias associated with an underestimated variance resulted in
coverage ranging from 57.2 to 82.2%, and the upper bound of this range is considerably lower than the nominal
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Figure 2. Mean biases (MBs) of G-computation in realistic (A) and simplistic (B) situations with the following
Q-models: the theoretical logistic regression, elasticnet logistic regression, lasso logistic regression, neural
network, support vector machine, boosted CART and super learner.

value of 95%. For the smallest sample size, in both the realistic and simplistic situations, the RMSEs of the penal-
ized methods were among the highest because of their high-level of variance (simplistic situation) or high levels
of bias (realistic situation).

When #>500, the RMSEs of the penalized methods were close to those observed for the ML-based methods
(NN, SVM and SL). However, for these two approaches, one can observe slightly anti-conservative 95% CIs in
the realistic situation, because of their slight biases. For the remaining ML-based methods, the RMSEs were
comparable for the three sample sizes and in the two situations, but the results of the NN should be interpreted
with caution. Indeed, for n =100, the NN was associated with a significant bias, but a low variance estimation,
resulting in a CI of 86.6%, lower than the nominal value of 95%.

As previously reported, the two remaining methods (SL and SVM) were the two ML techniques associated
with the smallest MBs. For each scenario, the MB of the SL was even lower than the value of SVM. This explains
why the nominal coverage was slightly higher when using the SL. For instance in the realistic scenario, the cover-
age values associated with the SVM were 92.6%, 93.7% and 91.4% for n =100, 500 and 1000, respectively, while
they were 93.1%, 95.2% and 94.6% for the SL.

Power of the unbiased methods. We only consider the methods and the scenarios in which the MB were
lower than 1% due to the problems encountered when interpreting the power in the presence of bias.

The realistic situation. Whenn = 100, the SVM and SL had MBs lower than 1%. Of the two methods, the best
power was achieved by the SVM (36.5% vs 30.8% for the SL). When n = 1000, the ELR, LLR and SL had MBs
lower than 1%, and the best power values were achieved by the penalized methods (92.4% for the ELR, 91.5%
for the LLR and 89.3% for the SL).
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Figure 3. Empirical and asymptotic standard deviations (ESDs and ASDs, respectively) and variance estimation
biases (VEBs) of G-computation in realistic (A) and simplistic (B) situations with the following Q-models: the
theoretical logistic regression, elasticnet logistic regression, lasso logistic regression, neural network, support
vector machine, boosted CART and super learner.

The simplistic situation. When n =100, only the penalized methods had MBs lower than 1%. The best power
was obtained by the ELR (20.2% versus 18.0% for the LLR). Whenn > 500, we additionally observed MBs lower
than 1% for the SVM and SL. The penalized methods were always associated with the best powers when com-
pared with those of the two ML techniques with a gain between 1 and 4% depending on the scenarios.

Scientific Reports | (2021) 11:1435 | https://doi.org/10.1038/s41598-021-81110-0 natureresearch



www.nature.com/scientificreports/

A 0.12-
0.09-
w
(72}
S 0.06-
o
0.03-
0.00- , ,
100 500 1000
100- —
< — F
< 90-
Y 4
[T 4
g 80
% 70-
O g0- ¥\\v\i\x///-—/~“f
100 500 1000
100-
R 75-
]
50-
E
& o5-
0- 1 1 1
100 500 1000
B o.100-
w  0.075-
(7))
S 0.050-
o
0.025-
0.000 - : :
100 500 1000
g e ————————— ==
@ 90-
g %
80- o N
3 i S
o 70- \\\ H /,,/’77 *
100 500 1000
100- a
°~\°' 75+ ﬁ//x
& * P e
; 50- /i‘///
& 25- et e
+
0- 1 1 1
100 500 1000

- Perfect-LR - ELR —= LLR —— NN = SVM -+ BCART -= SL

Figure 4. Root mean square errors (RMSEs), coverages and powers of G-computation in realistic (A) and
simplistic (B) situations with the following Q-models: the theoretical logistic regression, elasticnet logistic
regression, lasso logistic regression, neural network, support vector machine, boosted CART and super learner.

ML techniques versus the perfectly specified LR. The performances of the perfectly specified LR
were better than those of the ML techniques for large sample sizes (n =1000). One can observe mean bias values
close to 0%, and variance bias values close to 1%. Nevertheless, when the sample size decreased in the realistic
situation, the performances of the perfectly specified LR decreased more than those of several ML techniques.
When n =500, the variance bias associated with the perfectly specified LR was — 2.1% versus — 0.1% for the LLR,
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—0.5% for SVM and — 1.6% for the SL. When #n =100, the variance bias associated with the perfectly specified
LR was 10.7% versus 0.4% for the LLR, — 3.7% for the SL, and — 6.4% for the SVM. In this latter scenario, these
three ML techniques resulted in higher statistical powers than the one obtained with the perfectly specified LR.

Application

Context. We applied the methods to evaluate the efficacy of barbiturates prescribed during the first 24 h of
an episode of intracranial hypertension. The control group included patients without barbiturates at 24 h. One
can use this treatment to decrease refractory intracranial pressure, but its effectiveness remains debated due to
the associated adverse events (e.g., haemodynamic impacts or infectious complications).

We used data from the French prospective cohort AtlanREA. We considered patients with intracranial pres-
sures higher than 20 mmHg. We conducted this study following French law relative to non-interventional clinical
research. Written informed consent was collected. Moreover, the French commission for data protection approved
the collection (CNIL DR-2013-047). The study was approved by the AtlanREA scientific council (www.atlanrea.
org) and the ethics committee of the French Society of Anesthesia and Intensive Care (SFAR, https://sfar.org/).

Implementation of the methods. We reduced the set of covariates to the possible causes of the outcome
without considering the consequences of barbiturate use. We described this selection in detail in Supplementary
Table S5. For the ML-based methods, we considered all the covariates before exposure and the correspond-
ing interactions with the exposure status. As in the previous simulations, we used b-splines for the continuous
covariates in the penalized methods. For the investigator-based method, all the outcome causes previously listed
were included (Supplementary Table S5). The log-linearity assumption for continuous covariates seemed to be
satisfied. We assumed that there was no interaction because of the absence of clinical relevance.

Results
Table 1 describes the 252 patients. Seventy-four patients were in the treatment group. The outcome was the
proportion of patients with a favourable Glasgow Outcome Scale (GOS <3) at three months after admission to
the intensive care unit. Figure 5 presents the confounder-adjusted estimates. The investigator-based approach
resulted in a 17.5% decrease in the percentage of patients with favourable 3-month GOS due to barbiturates (95%
CI from 6.6 to 28.4%). We observed similar results for the ELR and LLR, in terms of both the estimates and the
95% ClIs. The other ML techniques resulted in lower associations, and the one fpr the NN was even nonsignificant
(ACE =0.4%, 95% CI from — 3.1 to 2.4%). The SL resulted in a small but significant association (ACE =6.2%,
95% CI from 0.6% to 11.8%).

For a MacBook pro with a 2.6 GHz Intel Core i7 processor (6 cores), the results were available in 6.5 min for
the ELR, 16.3 min for the LLR, 7.1 min for the NN, 2.3 min for the BCART, 2.6 min for the SVM, and 7 min
for the SL.

Discussion

When modelling the outcome model for the GC in the presence of small to medium sample sizes, the results
of our simulations tended to demonstrate that ML techniques allow for accurate estimations of causal effects.
Opverall, the SL remained robust in all situations and achieved a relevant compromise between both bias reduction
and variance estimation. In contrast, the performances of the other methods tended to vary more significantly
according to the complexity of the relationships between the covariates and the outcome (simplistic versus
realistic situations) and the sample size. Nevertheless, in some situations, the other methods obtained better
performances than those of the SL. When the sample size was small (# = 100) in the realistic scenario, the SVM
had a larger MB but a smaller ASD, with an overall smaller RMSE. In this situation, the two ML techniques (SL
and SVM) were even associated with lower variances than that of the perfectly specified LR. For instance, the
variance bias was — 3.7% for the SL versus 10.7% for the perfectly specified LR. One can explain this result by
the sample-to-sample fluctuation, which can lead to an observed structure that is different from the theoretical
one. When the sample size was small in the simplistic scenario, the penalized methods (ELR and LLR) had lower
MBs and similar RMSEs.

The use of ML techniques for causal inference does not preclude human intervention. In addition to the
choice of the Q-model, we need to exclude the mediators, colliders and instrumental variables by considering the
underlying causal structure. The use of directed acyclic graphs can help with this task®*. We also emphasise that
ML techniques do not serve as a cure-all for poor study designs or poor data quality. It is of primary importance
to investigate the identifiability conditions: the exposure levels correspond to well-defined interventions, the
corresponding conditional probabilities depend only on the measured covariates, and must be higher than zero.
These assumptions are consistency, exchangeability, and positivity, respectively®*. In this paper, we focused on
the estimation of a causal effect given that the identifiability conditions were satisfied. In practice, the predictive
performance of the Q-model is not sufficient to ensure the absence of bias in the estimation of the causal effect,
which requires a precise conceptual knowledge of the causal model®.

Perfect knowledge of the causal structure is impossible to obtain in practice. Therefore, the analyst and the
investigator construct the Q-model to approximate the causal structure as closely as possible. This may involve
different steps such as the transformation of the continuous covariates to respect the log-linearity assumption,
the selection of the covariates, or the choice of relevant interaction(s). While the steps performed by the analyst
are data-driven and stochastic, they are systematically ignored in the estimation of the effect variance®. The
widespread interest in (human-free) ML stems from the possibility of considering a valid post-selection infer-
ence by bootstrapping the entire estimation procedure®.
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Overall Barbiturates treatment Favourable GOS at three months
(n=252) No (n=178) Yes (n=74) P No (n=180) Yes (n=72) P
Female patient (n, %) 89 353 58 32.6 31 41.9 0.1592 | 68 37.8 21 29.2 0.1963
Diabetes (n, %) 17 6.7 15 8.4 2 2.7 0.0989 |15 8.3 2 2.8 0.1122
No sological entity: severe trauma (n, %) 124 49.2 95 534 29 39.2 0.0403 | 77 42.8 47 65.3 0.0012
SAP <90 mmHg before admission (n, %) 56 22.2 36 20.2 20 27.0 0.2368 | 46 25.6 10 13.9 0.0442
Evacuation of subdural or extradural hematoma (n, %) (*) 41 16.3 33 18.5 8 10.8 0.1301 |27 15.0 14 194 0.3878
External ventricular drain (n, %) 64 254 39 219 25 33.8 0.0486 | 48 26.7 16 222 0.4640
Evacuation of cerebral hematoma or lobectomy (n, %) (*) 42 16.7 28 15.7 14 18.9 0.5362 | 34 18.9 8 11.1 0.1345
Decompressive craniectomy (n, %) (*) 27 10.7 15 8.4 12 16.2 0.0686 | 21 11.7 6 8.3 0.4396
Blood transfusion before admission (n, %) 34 135 25 14.0 9 12.2 0.6903 | 26 144 8 11.1 0.4841
Pneumonia (n, %) (*) 29 11.5 16 9.0 13 17.6 0.0519 | 19 10.6 10 13.9 0.4538
Osmotherapy (n, %) (*) 112 44.4 75 42.1 37 50.0 0.2525 | 89 49.4 23 319 0.0115
GCS score=8 (n, %) 62 24.6 39 219 23 31.1 0.1237 | 37 20.6 25 34.7 0.0183
Patient age, years (mean, sd) 47.4 17.4 48.7 17.9 441 15.7 0.0565 | 50.8 16.4 38.7 16.9 0.0000
Haemoglobin, g/dL (mean, sd) 11.8 23 11.7 2.2 12.1 2.5 0.1824 | 11.8 2.4 11.9 1.9 0.7373
Platelets, counts/mm? (mean, sd) 206.7 78.0 207.4 79.7 205.1 74.2 0.8312 | 209.0 83.8 200.9 61.1 0.4589
Serum creatinine, mmol/L (mean, sd) 71.1 29.3 71.1 27.6 71.1 333 0.9853 | 724 32.6 67.9 18.7 0.2732
Arterial pH (mean, sd) 7.3 0.1 7.3 0.1 7.3 0.1 0.0978 | 7.3 0.1 7.3 0.1 0.6317
Serum proteins, g/L (mean, sd) 58.2 10.4 57.7 10.6 59.6 9.7 0.1662 | 58.0 10.7 58.8 9.7 0.5963
Serum urea, mmol/L (mean, sd) 5.0 2.5 52 2.7 4.7 1.8 0.1827 | 5.2 23 4.5 29 0.0505
Pa0,/FiO, ratio (mean, sd) 302.7 174.0 292.7 154.7 326.6 2129 0.1595 | 282.1 172.4 354.2 168.4 0.0028
SAPS II score (mean, sd) 47.6 11.4 47.6 10.7 47.6 12.9 0.9847 | 49.9 10.8 41.8 10.7 0.0000

Table 1. Baseline characteristics of patients according to the treatment group (n=252) and the GOS at three
months after the treatment initiation. GOS score was dichotomised into favourable outcomes (good recovery
or moderate disability) or unfavourable outcomes (severe disability, vegetative state or death). GOS, Glasgow
outcome Scale; SAP, systolic arterial pressure; HICP, high intracranial pressure; GCS, Glasgow Coma Scale;
PaO,, partial arterial pressure of oxygen; FiO,, fraction of inspired oxygen; SAPS, Simplified Acute Physiology
Score. *Before HICP.

ML techniques are often associated with big data, especially in the field of causal inference®?73, Nevertheless,
we described the acceptable properties of the SL used in a GC framework to provide causal inference conclu-
sions from databases including several hundred subjects. To obtain this result, we first selected several simple
ML techniques. We excluded deep learning techniques, such as neural networks with multiple hidden layers.
Second, we retained the ML techniques that allow for maintaining the exposure as one of the predictors. Third,
we included two parametric models. Fourth, we used bootstrap cross-validation to prevent overfitting. Fifth,
we used two ML techniques (NN and SVM) for which there was no selection of predictors. Consequently, all
covariates were also included in the SL, even those with low contributions due to having no association. The
removal of confounders in GC can result in confounding bias, which can explain the poor performances of
the penalized methods in realistic situations. These choices participated in the lower bias of the SL versus that
of BCART. Our GC results are in agreement with the conclusions of Gruber et al., which concerned PS-based
analyses®. Indeed, BCART is an ensemble learning method that avoids cross-validation by a single partitioning
of the data into training and validation sets. It allows us to reduce the computational time, but it should be used
with caution for small sample sizes.

Our study suffered from limitations. First, the results from the simulations cannot be generalised to all
situations. Even if they are consistent with the current literature related to the use of ML in PS-based analyses,
theoretical arguments are missing for generalisation purposes. Second, one perspective of our work is to improve
the proposed SL with additional ML techniques or differently tuned techniques. For instance, we fixed the length
of the tuning grid at 20; a lower value may be acceptable for reducing the computational time. The V-fold cross-
validation is also an important parameter. We fixed V = 10, as conventionally used. A more appropriate choice
could also be studied. For example, Naimi and Balzer recommended increasing V as the sample size decreases?.
Third, we focused on the comparison of the ML techniques used in GC. We did not perform comparisons with
other methods used for causal inference, such as the influence function-based or doubly robust estimators. In
particular, the double/debiased machine learning and targeted maximum likelihood estimator allow for the unre-
stricted use of data-adaptive methods®. The principle is to combine the modelling of the outcome and exposure
mechanisms to obtain an unbiased estimate when at least one of the two models is well-specified. However, such
doubly robust estimators also have several drawbacks. If both models are misspecified, the estimation is more
biased than that of a single-robust estimator such as GC'*. The inclusion of a mediator also leads to more bias
than that of GC¥. Several studies have additionally reported that GC has a lower variance than those of doubly
robust estimators''~'%. As previously stated, the use of GC also represents a partial solution for preventing the
selection of instrumental variables since it is independent of the exposure modelling. Fourth, our study focused
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Investigator-based logistic regression

Elasticnet logistic regression

Lasso logistic regression

Neural network

Boosted CART

Support vector machine

Super learner

0.169 [0.085;0.252 ]

0.175[0.097,0.253 ]

0.177 [0.096;0.258 ]

0.288 [0.207;0.369 ]

0.218[0.142;0.293 ]

0.251[0.162:0.340 ]

0.266 [0.194;0.339 ]

— —

Average causal effect [95% Cl]

A 0 0.05 0.1 0.15 0.2 0.25 03 0.35 04 0.45 05
Proportion in the group treated by barbiturates [95%Cl]
Investigator-based logistic regression 0.344 [0.259;0.428 ] _—
Elasticnet logistic regression 0.332[0.267;0.398 ] —_—
Lasso logistic regression 0.334 [0.265;0.404 ] _—
Neural network 0.292[0.213;0.371] _—
Boosted CART 0.291[0.217,0.366 ] _—
Support vector machine 0.356 [0.266;0.446 ]
Super learner 0.328[0.253;0.404 ] —_—
B 1 1 T 1 1 1 T T U T 1
0 0.05 0.1 0.15 0.2 0.25 03 0.35 0.4 0.45 0.5
Proportion in the group not treated by barbiturates [95%CI]
Investigator-based logistic regression -0.175[-0.284;-0.066 ] e —
Elasticnet logistic regression -0.157 [-0.258;-0.056 ] —_—
Lasso logistic regression -0.158 [-0.261;-0.055 ] _——
Neural network -0.004 [-0.031; 0.024 ] —
Boosted CART -0.074 [-0.146;-0.002 ] —_—
Support vector machine -0.105 [-0.185;-0.024 ] —_—
Super learner -0.062 [-0.118;-0.006 ] —_—
I T 1 1 T T I 1 I T 1
C 05 04 03 02 -01 0 0.1 0.2 0.3 04 0.5

Figure 5. Estimations of the confounder-adjusted proportions of patients with favourable GOS among the
patients treated with barbiturates (A), patients not treated with barbiturates during the first 24 h postadmission
(B), and the corresponding average causal effects (C).

on the situation where both the exposure status and the outcome are binary. The generalisation of our approach
to other contexts, especially for time-to-event outcomes, represents a short-term goal. Finally, we focused on
the ACE if the entire sample had been exposed and if it had not been exposed. Additional analyses are needed

to confirm these results to estimate the average causal effect only for the exposed individuals®.

In conclusion, the super-learned G-computation is a promising method for causal inference, even with only
several hundred subjects. The SVM represents an interesting alternative for small sample sizes with one hundred
subjects when the relationships between the covariates and the outcome are complex. For such a small sample
size, penalized methods appeared to be the best alternatives when the relationships were simplistic (few covari-
ates with linear relationships and without interactions). The computation times of these ML techniques associ-
ated with GC were reasonable. Note that GC with the SL as the Q-model is implemented in the RISCA package
(cran.r-project.org, version = 0.82). The user can set the number of splits for cross-validation and the number of
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parameter combinations to be evaluated. This is a particular solution, but it is not recommended for analysing
any type of data using the same algorithm. We believe that such ML techniques constitute an opportunity for
analysts to save some of their time used for repetitive modelling steps and use it for applying prior knowledge
of the medical field and improving their comprehension of the given data structure.
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Chapitre 5

G-computation et standardisation
doublement robuste pour temps
d’événement censuré

« Placez votre main sur un poéle
une minute et ¢a vous semble durer
une heure.

Asseyez vous aupres d’'une jolie fille
une heure et ¢ca vous semble durer
une minute. »

Albert Einstein

Les Supplementary Materials peuvent étre trouvés dans I’Annexe I de ce manuscrit.
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Abstract

In time-to-event settings, g-computation and doubly robust estimators are based on discrete-time data. However, many
biological processes are evolving continuously over time. In this paper, we extend the g-computation and the doubly
robust standardisation procedures to a continuous-time context. We compare their performance to the well-known
inverse-probability-weighting (IPW) estimator for the estimation of the hazard ratio and restricted mean survival times
difference, using a simulation study. Under a correct model specification, all methods are unbiased, but g-computation
and the doubly robust standardisation are more efficient than inverse probability weighting. We also analyse two real-
world datasets to illustrate the practical implementation of these approaches. We have updated the R package RISCA
to facilitate the use of these methods and their dissemination.

Keywords
Causal inference, Parametric g-formula, Propensity score, Restricted mean survival time, Simulation study.

1 Introduction

Real-world evidence is scientific evidence obtained from data collected outside the context of randomised clinical trials. '
The absence of randomisation complicates the estimation of the marginal causal effect (hereafter referred to merely as causal
effect) of exposure (including treatment or intervention) due to a potential risk of confounding.? Rosenbaum and Rubin?
introduced the propensity score (PS) as a tool for causal inference in the presence of measured confounders. In a binary
exposure setting, it has been shown that the estimated PS is a balancing score, meaning that conditional on the estimated PS,
the distribution of covariates is similar for exposed and unexposed patients. Following this property, the PS can be used in
four ways to provide estimates of the causal exposure effect: matching, stratification, adjustment, and inverse-probability-
weighting (IPW).* Stratification leads to residual confounding and adjustment relies on strong modelling assumptions. >
Although matching on PS has long been the most popular,” IPW appears to be less biased and more precise in several
studies. "' Moreover, King and Nielsen'! argued for halting the use of PS matching for many reasons, including covariate
imbalance, inefficiency, model dependence, and bias. Indeed, matching on the PS is limited by the exclusion of patients
without a suitable match leading to a non-representative population because of a change in the covariates distribution and a

loss of statistical power.

T"INSERM UMR 1246 - SPHERE, Nantes University, Tours University, Nantes, France

2|DBC-A2COM, Pacé, France

3Department of Medical Statistics, London School of Hygiene and Tropical Medicine, London, UK

4Inequalities in Cancer Outcomes Network (ICON), London School of Hygiene and Tropical Medicine, London, UK
5Centre Hospitalier Universitaire de Nantes, Nantes, France

Corresponding author:
Arthur Chatton, INSERM UMR 1246 - SPHERE, Institut de Recherche en Santé 2, 22 Boulevard Benoni-Goullin, 44200 NANTES, France
Email: arthur.chatton@univ-nantes.fr

Prepared using sagej.cls [Version: 2017/01/17 v1.20]



2 Journal Title XX(X)

Causal effects can also be estimated using the g-computation (GC), a maximum likelihood substitution estimator of the
g-formula. '>'* While IPW is based on exposure modelling, the GC relies on the prediction of the potential outcomes for each
subject under each exposure status. Extensions of GC with time-to-event outcomes were recently proposed in a discrete-time
setting. '*~'® Only Breskin e al. '® noted an extension for continuous-time setting, i.e., with infinitely short time intervals, '’
but without investigating its properties. Discrete-time models lead to estimates that depend of the length of the intervals
of time, may generate interval censoring, and are often biologically implausible.'® Furthermore, the non-collapsibility of
estimands due to the self-induced selection bias increases with the length of the intervals of time. '’

With time-to-event outcomes, the presence of right-censoring and its magnitude is of prime importance since a small
number of observed events due to censoring may impact the estimation of the outcome model involved in the GC. By
contrast, the IPW may perform well as long as the number of exposed patients is sufficient to estimate the PS and the total
sample size is sufficiently large to limit variability in the estimated weights. To overcome potential model misspecifications,
doubly robust estimators (DREs) were proposed. DREs combine both the GC and PS to obtain an unbiased estimate when
at least one of the two working/nuisance models (i.e., a model needed to estimate the target parameter but not estimating it
itself ') is well-specified.?*! Similarly to GC, current implementation of DREs focus on discrete-time data. Therefore, we
present an extension as proposed by Vansteelandt and Keiding. >

Several studies (see’’ and references therein) compared the IPW, GC and DRE in different contexts. They reported a
lower variance for the GC than both the IPW and DRE. Nevertheless, to the best of our knowledge, no study has focused on
time-to-event outcomes.

In the present paper, we aimed to detail the statistical framework for using the GC in time-to-event analyses. We restricted
our developments to time-invariant confounders, and we refer the readers to Wen et al. > for a recent study of GC with time-
to-event outcomes and time-varying exposure. An equivalent framework for IPW can be found in Herndn et al..** We also
compared the performances of the GC, IPW and DRS. The rest of this paper is structured as follows. In section 2, we detail
the methods. Section 3 presents the design and findings of a simulation study. In section 4, we propose a practical comparison
with two real-world applications related to treatment evaluations in multiple sclerosis and kidney transplantation. Finally, we

discuss the results and provide practical recommendations to help analysts to choose the appropriate analysis method.

2 Methods

2.1 Notations

Let (T3, 9;, A;, L;) be the random variables associated with subjecti (¢ = 1, ..., n). n is the sample size, T; is the participating
time, ¢; is the censoring indicator (0 if right-censoring and 1 otherwise), A; is a binary time-invariant exposure initiated
at time T =0 (1 for exposed subjects and O otherwise), and L; = {L;, ..., Ly;} is the set of the p measured time-
invariant confounders. Let S, (t) be the survival function of group A = ¢ at time ¢, and let A,(¢) be the corresponding
instantaneous hazard function. Suppose D, is the number of different observed times of event in group A = a. At time
t;j (j =1,...,D,), the number of events d;, and the number of at-risk subjects Y, in group A = a can be defined as
dja = Zmi:tj 0;1(A; = a) and Y, = Zmiztj 1(A; = a).

2.2 Estimands

The hazard ratio (H R) has become the estimand of choice in confounder-adjusted studies with time-to-event outcomes.

However, it has also been contested, 22

mainly because the time-varying distribution of the baseline characteristics among
the corresponding at-risk populations leads to selection biases. To better understand this pitfall that differs from the concept
of individual time-varying covariate(s), consider the data-generating process illustrating in Figure 1 (panel A). If the analyst
controls for confounding by adjusting or stratifying on Ly and Ls, there is no confounding at baseline. Additionally, suppose
that the individual values of the quantitative covariate L4 are constant over the time, and that both the random variables L4
and A are independently associated with a higher risk of death. In this situation, a difference between the average L, values
among the survivors appears over time (Figure 1, panel B). Then, even when the conditional HR between an exposed and
an unexposed with the same characteristics L is constant over time, the marginal (population) HR varies over time. This is
also referred to the non-collapsibility of the HR.? Instead of H R, one can estimate the average over time of the different

time-specific HRs: AHR = [[\1(t)/Xo(1)] f(t)dt.”’
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Nevertheless, Aalen et al.” concluded that it is difficult to draw causal conclusions from such a relative estimand.

Hernén2°

advocated the use of the adjusted survival curves and related differences. For instance, the restricted mean survival
time (RMST) allows us to summarise a survival curve for a specific time-window and to compare two curves by looking at

the difference in RMST.?® The RMST difference up to time 7 is formally defined as :
A = [ 1810 - Solo) M
0

This value corresponds to the difference in terms of mean event-free time between two groups of exposed and unexposed
individuals followed up to time 7. A further advantage of the RMST difference is its usefulness for public health decision
making.”” Note that other alternatives that might avoid this problem exist, such as the attributable fraction or the number

needed to treat. >’

Hereafter, we considered AH R and A(7).

2.3 Weighting on the inverse of propensity score

Formally, the PS is defined by ¢g(L;) = P(A; = 1|L;), i.e., the probability that subject i is exposed according to her/his
characteristics L;. In practice, analysts often use a logistic regression such that g(L;) = exp(ag + aL;)/(1 + exp(ao +
aL;)), where ag and « are the intercept and the regression coefficient associated with the exposure, respectively. The
individual PSs are then the predictions from this model. Let w; be the stabilised weight of subject i. Xu et al.’' defined
w; =A;P(A; =1)/g(L;) + (1 — A;))P(A; =0)/(1 — g(L;)) to obtain a pseudo-population in which the distribution of
covariates is balanced between exposure groups, enabling estimation of the causal effect in the entire population.” The
use of stabilised weights has been shown to produce a suitable estimate of the variance even when there are subjects
with extremely large weights.**! The weighted numbers of events and at-risk subjects at time ¢; in group A = a are
A, = iy, wibil(A; = a) and Y3 =37, o, wil(A; = a), respectively. Cole and Herndn? proposed a weighted

Kaplan-Meier estimator defined as:

Sy =TT [1 - /73] @)
t; <t
To estimate the corresponding AH R, they suggested the use of a weighted univariate Cox PH model, in which exposure
is the single explanatory variable. We use equation (1) to estimate the corresponding A(7).

2.4 G-computation

Akin to the IPW, the GC involves two steps. The first step consists of estimating the working model Q(A, L).'> When
suitable, it can consist of a proportional hazard (PH) regression: ho(t) exp(yA4; + SL;) where hy(t) is the baseline hazard
function at time ¢, and y and 3 are the regression coefficients. Estimates of the cumulative baseline hazard Hy (t) and the
regression coefficients (7, B) can be obtained by the joint likelihood approach proposed by Breslow.** The second step
consists of predicting the counterfactual mean survival function if all subjects would have been exposed (do(A = 1)) or
unexposed (do(A = 0)):

Salt)y=n"" Y exp | = Ho(t) x exp(3 x do(A; = a) + BLy)] 3)

Then, AH R can be computed as the mean of the individual counterfactual hazard ratios at the observed event times: 27

AHR = [i 5i] - 2": d; {5\1@1')/;\0(%)} ; “

where Xa(t) = —9log S, (t)/0t, which is obtained from equation (3) by numerical differentiation. We use equation (1) to
estimate the corresponding A(7).

Prepared using sagej.cls
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2.5 Doubly robust standardisation

DREs combine (A, L) and g(L) to obtain a consistent estimate when at least one of these working models is well-
specified.””! In most cases, g(L) is used to update Q (A, L), such as in Targeted Maximum Likelihood Estimator (TMLE). **
However, it can seem more intuitive to first use the IPW approach to reduce the imbalance between exposure groups and to
then apply GC to control for residual confounding.*> Therefore, we proposed the following doubly robust standardisation
(DRS).?? First, g(L) is fitted to obtain the individual stabilised weights w;, as defined in the subsection 2.3 to balance the
exposure groups on L. Second, a weighted Q-model Q(A, L) is fitted using the aforementioned weights w; in the procedure

described in the subsection 2.4 to achieve the double robustness property.

2.6 Identifiability conditions

As for standard regression models, the IPW and the GC require assumptions of non-informative censoring, no measurement
error, no model misspecification, and no interference.*® Three additional assumptions, called identifiability conditions, are
necessary for causal inference. (i) The values of exposure under comparisons correspond to well-defined interventions that, in
turn, correspond to the versions of exposure in the data. (ii) The conditional probability of receiving every value of exposure
depends only on the measured covariates. (iii) The conditional probability of receiving every value of exposure is greater

than zero. These assumptions are known as consistency, conditional exchangeability and positivity, respectively.

3 Simulation study

3.1 Data generation

We generated data in three steps following the data-generating process illustrated in Figure 1 (panel A). (i) We simulated
three covariates (L to L3) from a Bernoulli distribution with parameter equal to 0.5 and three covariates (L4 to Lg) from a
standard normal distribution. (ii) We generated the exposure A according to a Bernoulli distribution with probability obtained
by the logistic model with the following linear predictor: —0.5 + log(2) - Ls + log(1.5)Ls + log(1.5) L5 + log(2)Ls. We
set the intercept to obtain the prevalence of exposed individuals at 50%. (iii) We generated the times-to-event from a
Weibull PH model. We set the scale and shape parameters to 40.0 and 2.0, respectively. Based on a random variable U;
drawn from a standard uniform distribution, we then computed the time-to-event from a Weibull PH model as 40.0 x [(1 —
log(1 — U;) exp(—yA; — log(1.3) L1 — log(1.8) Ly — log(1.8) Ly —log(1.3)Ls)) — 1]=29, where v = log(1.0) under the
null hypothesis or log(1.3) under the alternative hypothesis. We subsequently censored the times-to-event using a uniform
distribution on [0,70] or [0,15], leading to approximately 40% and 90% censored observations, respectively. For each

scenario, we randomly generated 10,000 datasets.

3.2 Performance criteria

To compute the difference in A(7), we defined 7 in each dataset as the time at which at least 10% of the individuals in each
group (exposed or unexposed) were still at risk. We computed the theoretical values of the AH R and A(7) by averaging the
estimations obtained, respectively, from univariate Cox PH models (A as the only explanatory covariate) and by equation
(1) where the survival functions were estimated by the Kaplan-Meier estimator, fitted from datasets simulated as above,
except A was simulated independently of L.?* We reported the following criteria: (i) the percentage of datasets without
convergence ; (ii) the bias either as E(f) — 6 or 100 x E(6/6 — 1), where  is the estimand of interest; (iii) the mean square
error M SE = E[(0 — 6)2]; (iv) the variance estimation bias V EB = 100 x (SD(é)/E[gl\)(é)] — 1), where E(gb(o)) is
the asymptotic standard deviation and SD(e) is the empirical standard deviation; (v) the empirical coverage rate of the
nominal 95% confidence interval (CI), defined as the percentage of 95% Cls including 6; (vi) the type I error, defined as the
percentage of times the null hypothesis is rejected when the null hypothesis is true; and (vii) the statistical power, defined as
the percentage of times the null hypothesis is rejected when the alternative hypothesis is true. We obtained the variances by
bootstrap (1000 iterations), as recently recommended by Austin.?” We computed the Monte Carlo standard errors for each

performance measure. *
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3.3 Scenarios

In addition to the two censoring rates and the two effect sizes, we explored three sample sizes: n = 100, 500, and 2000.
When the censoring rate was 90%, we did not investigate the smallest sample size due to the reduced number of events.

In the main simulations, we considered two sets of covariates: L = {L1, Lo, L4, L5} the risk factors of the outcome, or
L = {Ls, L5} the true confounders. Therefore, we fitted g(L) as a logistic model and Q(A, L) as a Cox PH model.

In a second set of simulations, we aimed to investigate the impact of an omitted confounder on the bias of each method.
In addition to the correct set of covariates L = {L1, Lo, L4, L5}, we defined the incorrect sets of covariates as either
Line ={L1, Ly, L5} or {Ly, Lo, L4} by respectively omitting Lo or L, two confounders weakly or strongly associated with
both exposure and the outcome. We investigated three scenarios in which the methods used are: (i) g(L) and Q(A, Lip.), (ii)
9(Line) and Q(A, L), and (iii) g(Linc) and Q(A, Line).

3.4 Software

We performed all the analyses using R version 4.0.3.%° Source code to reproduce the results is available as Supporting
Information on the journal’s web page. To facilitate their use in practice, we have implemented the previous methods in the

R package entitled RISCA (versions > 0.8.1), which is available at cran.r-project.org.

3.5 Results

The Monte Carlo errors were weak, and we did not encounter any convergence problems. Figure 2 presents the results under
the alternative hypotheses for A. The results for (i) A under the null hypothesis, and (ii) AH R under the null and alternative
hypotheses were comparable and can be found in the supplementary material available online.

The bias associated with IPW, GC and DRS were similar and close to zero in all scenarios in which we considered all
the risk factors or only the true confounders. Nevertheless for GC, the bias of A under the alternative hypothesis was lower
considering all the risk factors rather than only the true confounders: 0.007 versus 0.111 for n = 2000, respectively, but
only for a censoring rate of 40%. In small sample sizes, the bias was higher for IPW than GC and DRS. For instance, when
n = 100 with a censoring rate of 40% and the risk factors, the bias was 0.100 for GC versus 0.053 and 0.065 for GC and
DRS, respectively.

The GC, when considering all outcome causes, produced the best results in terms of MSE, especially for small sample
sizes. For instance, when n = 100 with a censoring rate of 40%, the MSE related to the AH R was 0.054 for GC versus
0.066 and 0.056 for IPW and DRS, respectively. When considering only true confounders, these values were 0.074, 0.077
and 0.059, respectively.

Regarding the VEB, the results were slightly better with the GC than IPW, except when n = 100. DRS underestimated
the variance of A under the alternative hypothesis, especially with a censoring rate of 40%. However, DRS led to a more
accurate variance of A with a censoring rate of 90%. For the AH R, DRS led to similar VEBs than GC and IPW.

All scenarios broadly respected the nominal coverage value of 95% and the type I error of 5%. The power was the highest
for the GC and DRS, especially when considering all the risk factors, regardless of the scenario.

As expected, omitting a confounder in g(L) or Q(A, L) led to an important bias for IPW and GC, respectively (Figure
3). In contrast, DRS remained unbiased when the set of confounders is complete in at least g(L) or Q(A, L). Interestingly,
the omission in both g(L) and Q(A, L) did not lead to a higher bias for DRS than GC and IPW. The magnitude of the bias
due to the omission of a confounder was similar across methods, ranging from 31.4% to 35.7%, for the different estimands
and the different strengths of association. Similarly, the sample size and the censoring rate did not significantly change the

amplitude of bias (data not shown).

4 Applications

We used data from two studies performed for multiple sclerosis and for kidney transplantation.*>*' We conducted these
studies following the French law relative to clinical noninterventional research. Written informed consent was obtained.
Moreover, the French commission for data protection approved the collection (CNIL decisions DR-2014-327 and 914184).

To guide variable selection, we asked experts which covariates were causes of the exposure or the outcome prognosis to
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define the causal structure.*> We checked the positivity assumption and the considered covariates balance (see supplementary
materials available online). The log-linearity hypothesis of continuous covariates was confirmed in the univariate analysis
if the Bayesian information criterion was not reduced using natural spline transformation compared to the inclusion of the
covariate in its natural scale. In case of violation, we used a natural spline transformation. We also assessed the PH assumption

via the Grambsch-Therneau test at a significance level of 5%. For simplicity, we performed complete case analyses.

4.1 Dimethylfumarate versus Teriflunomide to prevent relapse in multiple sclerosis

With the increasing number of available drugs for preventing relapses in multiple sclerosis and the lack of head-to-head
randomised clinical trials, Laplaud et al.*° aimed to compare Teriflunomide (TRF) and Dimethylfumarate (DMF) using data
from the multicentric cohort OFSEP. We reanalysed the primary outcome, defined as the time-to-first relapse. We presented
the cohort characteristics of 1770 included patients in Table 1: 1057 patients were in the DMF group (59.7%) versus 713 in
the TRF group (40.3%). Approximately 39% of patients (40% in the DMF group versus 38% in the TRF group) had at least
one relapse during follow-up.

We presented the confounders-adjusted results in the left panel of Figure 4. The different set of covariates did not
significantly change the results. For the difference in RMST, the width of the 95% CI was larger for the IPW. For instance,
when we considered all the risk factors, the CI of IPW had a width of 36.6 days versus 33.6 days and 33.2 days for GC and
DRS, respectively.

The conclusion of no significant difference between TRF and DMF was unaffected by the method for the AHR. In
contrast, the IPW led to a protective effect of the TRF compared to DMF in terms of A at two years, while the GC and the
DRS remained consistent with the AH R conclusions. By taking into account the risk factors, the use of IPW concluded to a
gain of 21 days without relapse at two years versus 6.5 days and 7.4 days for GC and DRS, respectively. Owing to the similar
performances of the three methods under the null hypothesis and because unmeasured confounding cannot be an issue here,

we suppose that the difference can be explained by a misspecification of g(L).

4.2 Basiliximab versus Thymoglobulin to prevent post-transplant complications

Amongst non-immunised kidney transplant recipients, one can expect similar rejection risk between Thymoglobulin (ATG)
and Basiliximab (BSX), two possible immunosuppressive drugs proposed as induction therapy. However, ATG may be
associated with higher serious events, especially in the elderly. We aimed to reassess the difference in cardiovascular
complications in ATG versus BSX patients.*' Table 2 describes the 383 included patients from the multicentric DIVAT
cohort: 204 patients were in the BSX group (53.3%) versus 179 in the ATG group (46.7%). Approximately 30% of patients
(29% in the BSX group and 31% in the ATG group) had a least one cardiovascular complication during follow-up. The
median follow-up time was 1.8 years (min: 0.0; max: 8.2).

In the right panel of Figure 4, we presented the confounders-adjusted RMST differences for a cohort followed up to
three years. The results obtained were similarly sensitive to the considered set of covariates. Indeed, the upper (respectively
lower) bound of the 95% CIs of the AH R (respectively A) was closer to zero when only the risk factors were considered.
Nevertheless, the conclusion remained identical whatever the method used and the estimand targeted: we were unable to

conclude to a difference in cardiovascular complications between the ATG and BSX patients.

5 Discussion

We aimed to explain and compare the performances of the GC, IPW and DRS for estimating causal effects in time-to-
event analyses with time-invariant confounders. We focused on the average HR and the RMST difference. The results of the
simulations showed that the three methods performed similarly in terms of bias, VEB, coverage rate, and type I error rate.
Nevertheless, both the GC and the DRS outperformed the IPW in terms of statistical power, even when the censoring rate
was high. Furthermore, the simulations showed that QQ(A, L) should preferentially include all the risk factors to ensure a
smaller bias due to the self-induced selection. The main advantage of using the GC is the gain in statistical power. DRS is
also an interesting method due to its double robustness property at the cost of a small loss of efficiency.

We have overcome the self-induced selection in HR i.e., the non-collapsibility due to the presence of a cause of the time-to-

event independent of the exposure, by averaging the time-dependant HR. The AH R is furthermore a valid causal estimand
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because it creates a contrast between a function of the potential outcomes under the two exposures A =1 or A = 0.%
Surprisingly, we reported a higher bias of the RMST difference by GC when we only considered the true confounders.
The difference in survival, such as RMST, is only collapsible in a fully continuous-time context, i.e., with infinitely short
time intervals. '’ For the GC, we computed the survival probability for each observed event time leading to small intervals.
Therefore, we could observe slight, but still present, bias due to non-collapsibility when the risk factors were not considered.
We did not observe such bias with the higher censoring rate due to the scarcity of events. >’

While the first application to multiple sclerosis highlighted differences between the duo GC/DRS and the IPW, the second
one in kidney transplantation illustrated the importance of the set of covariates to consider. With all risk factors, we concluded
with more confidence that there was not a significant difference between Basiliximab and Thymoglobulin. In contrast, when
using only the true confounders, the bound of the 95% CIs were close to zero. This again highlights the fact that even if a risk
factor is balanced between the exposure groups at baseline, it could become unbalanced over time (as illustrated in Figure 1,
panel B).

Nevertheless, the higher power of the GC is counterbalanced by three points. First, IPW allows us to easily check positivity
near-violations by plotting the individual weights.** Second, although the lack of positivity directly affects the estimation
of g(L), the GC is also impacted by the resulting lack of support to properly estimate QQ(A, L) which can be qualified as
an extrapolation issue. An extension of our work is to explore the robustness of the previous methods in the presence of
such near-violations. Third, the need for bootstrapping to estimate its variance, analytic estimators that are available for the
IPW. %40 In practice, we must emphasise that bootstrapping the entire estimation procedure has the advantage of valid post-
selection inference.*’ Furthermore, data-driven methods for variables selection, such as the super learner, have recently been
developed and may represent a promising perspective when full clinical knowledge is unavailable.***° With such a data-
driven covariates selection, the use of GC also represents a partial solution to prevent the selection of instrumental variables
since it is independent of the exposure modelling, but DRS can avoid potential residual confounding due to the omission of
a confounder weakly associated with the outcome in Q(A, L).'” While DREs have been criticised because they can amplify
the bias when the two working models are misspecified,’’”" DRS and TMLEs do not cause such bias amplification.>>!
Some TMLEs have been proposed to estimate either the RMST difference or survival functions.*>>® Unfortunately, they
require the discretisation of the times exacerbating the non-collapsibility of the estimands. !’

The methods studied here are not the only available methods to estimate the causal effect. For instance, Conner ef al. 435
compared the performances of IPW with that of other regression-based methods. Overall, the statistical performances were
similar. However, the advantage of the studied methods compared to other ones is the visualisation of the confounder-adjusted
results in terms of the survival curve or an indicator such as RMST.

Our study has several limitations. First, the results of the simulations and applications are not a theoretical argument
for generalising to all situations. Second, we studied only logistic and Cox PH regression: other working models could be
applied. Keil and Edwards>* proposed a review of possible models for Q(A, L) with a time-to-event outcome. Third, we
considered only a reduced number of covariates, which could explain the abovementioned equivalence between the GC
and the IPW with the extreme censoring rate. Last, we did not consider competing events or time-varying confounders that
require specific estimation methods. 3-°

To conclude, by means simulation and two applications on real datasets, this study tended to show the lower power of
the IPW compared to GC and DRS to estimate the causal effect with time-to-event outcomes. All the risk factors should
be considered in GC to overcome the self-induce selection bias. Our work is a continuation of the emerging literature that

questions the near-exclusivity of PS-based methods in causal inference.
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Table 1. Description of the multiple sclerosis cohort according to the treatment group.
Overall (n=1770) TRF (n=713) DMF (n=1057) p-value
n % n % n %
Male recipient 485 27.4 202 283 283 26.8 0.4713
Disease modifying therapy before initiation 1004 56.7 395 554 609 57.6 0.3560
Including Interferon 237 369
Glatiramer Acetate 158 240
Relapse within the year before initiation 981 55.4 346 48.5 635 60.1 <0.0001
Relapse within the two years before initiation 1227 69.3 444 623 783 741 <0.0001
Gado. Positive lesion on MRI at baseline 601 34.0 207 29.0 394 37.3 0.0003
Center with more than 50 included patients 1612 91.1 653 91.6 959 90.7 0.5354
At least one relapse at two-year post-initiation 527 29.8 200  28.1 327 30.9 0.1928
mean sd mean sd  mean sd
Patient age at multiple sclerosis onset (years) 31.7 9.7 32.9 9.8 30.9 9.5 <0.0001
Patient age at initiation (years) 39.3 10.7 413 108 38.0 10.5 <0.0001
Disease duration (years) 7.6 7.4 8.4 7.8 71 7.0 0.0003
EDSS level at initiation 1.7 1.3 1.7 1.3 1.7 1.2 0.9885
Number of relapses in the previous year 0.7 0.8 0.6 0.7 0.8 0.8  <0.0001
Number of relapses in the two previous years 1.0 1.0 0.9 0.9 1.1 1.0 <0.0001
No variable have missing data.
Abbreviations: DMF, Dimethylfumarate; EDSS, Expanded Disability Status Scale; Gado, Gadolinium; MRI,
Magnetic resonance imaging; MS, Multiple sclerosis; sd, Standard deviation; and TRF, Teriflunomide.
Table 2. Description of the kidney’s transplantation cohort according to the induction therapy.
Overall (n=383) ATG (n=179) BSX (n=204) p-value
missing n % missing n % missing n %
Male recipient 0 284 742 0 137 76.5 0 147 721 0.3180
Recurrent causal nephropathy 0 63 16.4 0 29 16.2 0 34 16.7 0.9024
Preemptive transplantation 1 61 16.0 1 18 10.1 0 43 21.1 0.0035
History of diabetes 0 123 32.1 0 64 35.8 0 59 28.9 0.1530
History of hypertension 0 327 854 0 150 83.8 0 177  86.8 0.4124
History of vascular disease 0 109 28.5 0 53 29.6 0 56 27.5 0.6405
History of cardiac disease 0 153  39.9 0 75 41.9 0 78 38.2 0.4651
History of cardiovascular disease 0 203 53.0 0 99 55.3 0 104 51.0 0.3973
History of malignancy 0 94 245 0 42 23.5 0 52 255 0.6457
History of dyslipidemia 0 220 574 0 92 51.4 0 128  62.7 0.0250
Positive recipient CMV serology 5 230 60.8 4 119  68.0 1 111 54.7 0.0082
Male donor 0 187 488 0 93 52.0 0 94 461 0.2510
ECD donor 1 372 974 1 172 96.6 0 200 98.0 0.5244
Use of machine perfusion 12 208 54.3 6 86 48.0 6 122 59.8 0.0684
Vascular cause of donor death 0 275 718 0 126 704 0 149  73.0 0.5655
Donor hypertension 11 224  60.2 9 103 60.6 2 121 59.9 0.8927
Positive donor CMV serology 0 240 62.7 0 115  64.2 0 125 613 0.5486
Positive donor EBV serology 1 370 96.9 1 172 96.6 0 198  97.1 0.8102
HLA-A-B-DR incompatibilities >4 5 97 25.7 3 41 23.3 2 56 27.7 0.3256
mean  sd mean  sd mean  sd
Recipient age (years) 0 70.8 4.8 0 70.5 4.8 0 71.0 4.8 0.3733
Recipient BMI (kg/m?) 3 26.7 4.0 3 26.9 4.2 0 26.5 3.9 0.2796
Duration on waiting list (months) 16 16.5 19.0 11 17.9 189 5 154 191 0.2082
Donor age (years) 1 72.7 8.8 1 721 10.0 0 73.1 7.5 0.2739
Donor creatininemia (umol/L) 1 829 395 0 855 41.0 1 80.7 38.0 0.2331
Cold ischemia time (hours) 3 15.6 5.0 1 15.9 5.2 2 15.3 4.8 0.2820

Abbreviations: ATG, Thymoglobulin; BMI, Body mass index; BSX, Basiliximab; CMV, Cytomegalovirus; EBV, Epstein-Barr virus;

ECD, Expanded criteria donor; HLA, Human leucocyte antigen; and sd, Standard deviation.
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Figure 1. (A) Causal diagram illustrating the data-generating process. (B) Distribution of the baseline covariate L4 over time
according to exposure status in a simulated population of one million people. L4 is moderately associated (HR = 1.8) with the
outcome.
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Figure 3. Relative bias (%) of the g-computation (GC), inverse probability weighting (IPW) and Doubly Robust Standardisation
(DRS) with an ommitted confounder to estimate: A - the log average hazard ratio; B - the restricted mean survival times difference.
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Chapitre 6

Identification automatisée de
potentielles violations de I'hypothese de
positivité

« En apprenant, tu enseigneras.
En enseignant, tu apprendras. »

Phil Collins, Son of Man

Les Supplementary Materials peuvent étre trouvés dans I’Annexe G de ce manuscrit.
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Abstract

Background: The positivity assumption is crucial in observational studies where design does not
guarantee ambivalence, but is often overlooked in practice. A structural (non-random) infraction
of positivity is due to a subgroup of individuals being unable to receive one of the levels of
exposure. To correctly estimate the causal effect, we need to identify and exclude this subgroup

of individuals. We suggest a CART-based algorithm to help achieve this.

Development: Based on a succession of decision trees, the algorithm searches for combinations of
covariate values that result in subgroups of individuals with a very low probability of being

exposed or unexposed.

Application: To illustrate the method’s usefulness, we applied it to four datasets from recently
published studies. The algorithm found the two previously reported subgroups with a structural
violation of the positivity, and it identified nine additional subgroups suspected of presenting a

violation. According to the medical experts, three were considered false positives (probably due
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to sample-to-sample fluctuation, i.e., random violation) and six were structural violations of

positivity.

Conclusions: The suggested algorithm allows one to easily and rapidly detect potential violations
of the positivity assumption. We implemented the algorithm in the R package RISCA to facilitate
its use and dissemination. Easy to use and independent of the inference method, we hope that it

will improve the verification of the positivity assumption in causal studies.

Keywords: causal inference; decision tree; eligibility criteria; identifiability; positivity; target

population.

Key Messages

e Causal inference requires the positivity assumption: each individual must have a non-

zero probability of having each level of exposure.

e Statistical approaches were commonly employed to deal with positivity violations,

leading to a shift in inference population and thus in estimand.

e We suggest a CART-based method for identifying subgroups of individuals potentially

responsible for random or structural violations.

o  We illustrate its usefulness with the reanalysis of four recently published studies, finding

that the inclusion criteria could have been better defined in three of them.

e PCART is available in the R package RISCA.
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Introduction

The positivity assumption, also known as experimental treatment assignment or common support,
is a cornerstone to drawing causal inferences. The positivity assumption means that each
individual has a non-zero probability of being exposed and unexposed.! lts violation may take
two forms: a structural form or a random one. A structural violation is deterministic due to the
inclusion of individuals who can theoretically never receive one of the levels of the studied
exposition, resulting in an incorrect definition of the eligibility criteria. Contrariwise, a random
violation occurs by chance, i.e., without any underlying cause.? Such a random violation is more

likely in small samples or with rare exposure.

Alongside consistency and exchangeability, positivity is essential to the identifiability of the
causal effect, i.e., the mapping of the statistical parameter obtained from the data and the
causal quantity of interest (hereafter the estimand).3 The target population is an integral part of
the estimand.4> Epidemiologists are commonly interested in the population average causal effect
and approximate it by the sample average causal effect. Random violations of positivity can
be addressed by statistical procedures, such as trimming or truncating the propensity scores if
these have been used.” Alternatively, decision trees have been used to estimate a causal effect
in a subpopulation with respect to positivity.8? However, all of these approaches change the
characteristics of the sample, shift the population of inference, and target a different sample
average causal effect.>10 The difference between the population defined by the eligibility
criteria and the inference population casts doubt upon the external validity of the results.!!
Therefore, Platt et al.'2 argued that the exclusion of the subjects unlikely to be (un)exposed, by
redefining the eligibility criteria, is transparent and leads to clear statements about the

generalisability of the results. This approach is closely related to a well-defined target trial.'3:.14

Rather than using decision trees to directly estimate the causal effect in an ill-defined population
free of positivity violations, we suggest using classification and regression trees (CART) to identify
the subgroups of individuals potentially causing such violations. Since a decision tree consists of
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a set of nodes (i.e., binary decision rules) themselves subdivided into other nodes (and so on, see
Supplementary Figure 1), using the exposure as the outcome and one or several covariates as
predictors allows one to obtain an estimation of the treatment probability in each subgroup
represented by the nodes.’>1¢ In the presence of a node with an extreme exposure probability,

we can therefore suspect a violation of the positivity assumption.

We sought to develop a CART-based algorithm to check for potential violations of the positivity
assumption and help redefine the eligibility criteria. To facilitate the use of this method, we

implemented it as a function in the R package RISCA.!”

The paper proceeds as follows. We present the algorithm in the next section, then apply it to
several datasets from recently published studies, and present the results in the third section. The

last section offers discussions and practical recommendations.

The P(ositivity)-CART algorithm

The algorithm definition.

Consider (a, B, y) the three parameters allowing one to define the positivity violation. The
parameter A is the minimal percentage of the whole sample size needed to define a problematic
subgroup. A positivity violation is defined by an exposure probability lower than % or greater
than 100-B% in a subgroup.'8 The parameter y refers to the maximal number of predictors used

to define a subgroup.

Based on these parameters, we suggest using CART to identify such subgroups. Figure 1 presents
an overview of the proposed algorithm, which proceeds in several steps. The first step involves

estimating one tree for each predictor and memorising the leaves (i.e., the final nodes)
corresponding to problematic subgroups according to the parameters a and B. If y=1, the

algorithm stops. Otherwise, if at least one problematic subgroup is identified in the first step, the

Page 4 /17



corresponding predictor(s) is(are) not considered in the next step (to limit the number of identified
subgroups), which estimates one tree for all possible couples of predictors and memorises the
leaves corresponding to problematic subgroups according to the parameters a and B. If y=2,
the algorithm stops. Otherwise, the third step consists of one tree for all possible trio of remaining

covariates not involved in the previously identified subgroups, and so on.

The default values of (a, B, y).

To the best of our knowledge, there is no consensus on the precise definition a subgroup
presenting a positivity violation. Nevertheless, one can set a=5%, as several authors suggest
trimming the weights at this level in inverse probability weighing analysis.’?-2! Following D’ Amour
et al.,'® we set B=5%. Note that this value is also consistent with the propensity score
literature.”22 By default, the parameter y is arbitrarily set to two since one can question the

relevance of the results for higher levels.

Of note, we do not use the pruning step of CART in order to create the vastest possible number
of divisions, and therefore of subgroups. Previous research also showed that using such large
trees allows one to overcome a time-consuming optimisation of the CART-specific parameters.?3

Therefore, we used the default values provided in the R package rpart (version 4.1-15).24

Applications

Context.

We applied the P-CART algorithm by reanalysing datasets from four recently published
observational studies.25-22 We aimed to validate the algorithm's capacity to re-identify the

positivity violations previously reported based on expert knowledge and identify potential new
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ones that were previously missed. We used the adjustment set of covariates as predictors in the
PCART algorithm (Supplementary Table 1) since positivity is relevant only for them.!2 The authors
restricted the studied populations in order to respect the positivity assumption. Therefore, we did
not apply these specific eligibility criteria when evaluating whether the PCART algorithm allowed
us to identify the positivity violations. We conducted complete case analyses. We categorized
each continuous variable according to meaningful cut-offs before running the algorithm to avoid
clinically insignificant subgroups. We performed the main analysis with the default values
(0a=5%, B=5%, and y=2). We considered other values (a=1%, a=10%, B=1% and B=10%)
as sensitivity analyses (Supplementary Tables 2-6). In a second time, we reanalysed the data
by (i) excluding the clinically plausible subgroups identified by P-CART and (ii) applying the
inverse probability weighting approach performed initially by the authors (see Austin and

Stuart?? for an introduction). We performed all the analyses using R version 3.6.0.30

Barbiturates during intensive care for patients with traumatic brain injury.

Léger et al.?5 investigated the impact of barbiturates on mortality by using a cohort made up of
1088 patients admitted into intensive care units for traumatic brain injury. This treatment may
be offered to reduce patients' intracranial hypertension and the corresponding consequences in
terms of brain damage. The authors excluded individuals older than 70 because the therapy is
contraindicated for the elderly. We applied the P-CART algorithm to the entire cohort regardless
of patient age. We identified nine subgroups potentially associated with positivity violations
(Table 1). First, the P-CART algorithm confirmed the patients older than 75 as problematic, a
greater threshold value compared to the one suggested by the authors. Second, it indicated that
patients without osmotherapy at admission had a probability of receiving barbiturates lesser
than 5%. This is clinically coherent since barbiturates are a last-line therapy and should only be
offered after osmotherapy. The authors had not identified this issue, presumably because these

patients could have received another second-line therapy. Third, P-CART identified four

Page 6 /17



subgroups composed of patients without intracranial hypertension at admission. This
characteristic was not identified in the first iteration of P-CART because the treatment probability
for patients without intracranial hypertension was equal to 5.1%, just above the threshold .
Note that these individuals can receive barbiturates in a preventive way if they are identified
at a high risk of the event. Fourth, the algorithm detected that a lactatemia lower than 1mmol/L,
an SAPS Il score from 40 to 44 without severe trauma, and an SAPS Il score from 25 to 55 along
with a creatinine level in between 50 and 60mmol/L were associated with a probability of
barbiturates under 5%. These three subgroups do not seem to have a clinical explanation and

can be qualified as random violations due to sample-to-sample fluctuation.

Figure 2 shows the results of the initial analysis performed by the authors and the reanalysis
based on the restricted sample. The exclusion of individuals without intracranial hypertension at
admission alone reduced the sample by almost 70%. In the final sample (N=173), the odds ratio
is 1.9 (rather than 2.2 in the whole sample) and became closer to statistical insignificance with a

confidence interval at 95% (Cl95%) from 1.0 to 3.5.

Kidney transplantations from marginal donors.

Querard et al.26 compared grafts from standard and marginal donors, as defined by the
expanded donor criteria. The two kinds of grafts differ in their intrinsic quality. Because of the
shortage of kidneys for transplantation, the grafts from standard donors are preferentially
attributed to young recipients, thus implying a positivity issue. The authors did not consider the
recipient age among the eligibility criteria. In contrast, P-CART detected a problematic subgroup
consisting of 391 recipients younger than 30 years (8.1% of the whole sample) with a
probability of receiving a marginal graft of 3.1%. The exclusion of these individuals did not

change the magnitude of the effect.
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The hypothermic perfusion machine for marginal donors.

Foucher et al.?” compared the hypothermic perfusion machine to static cold storage in kidney
transplantations from expanded donors. The authors reduced the studied cohort to individuals
younger than 45 because of a potential structural violation: the old-to-old graft allocation policy
results in a lower susceptibility of younger candidates receiving marginal grafts. By using the
entire cohort with no restriction on patient age (N=1978), the P-CART algorithm did not detect
this issue. Indeed, only 32 and 44 individuals were less than 45 years old in the perfusion machine
and cold storage groups, respectively. In contrast, P-CART suggested that individuals
transplanted before 2015 in four anonymised centres could be problematic. The centres A, B, C
and D included 126, 81, 218 and 41 patients during this period, respectively. These centres
respectively attributed a perfusion machine with a probability of 0.8%, 3.7%, 4.7% or 2.4%.
This violation seems plausible given that some hospitals were slower to adopt hypothermic
perfusion machines, which were only introduced in 2010. Similarly, patients with a cold ischemia
time under 20 hours and transplanted before 2013 (N=101) had a probability of receiving a
graft under static cold storage lower than 5%. This second violation also seems plausible because
the perfusion machines were preferentially attributed to grafts transplanted away from the
harvesting site (i.e., with a high cold ischemia time). This preferential attribution became less strict
with the wider availability of perfusion machines over time. The exclusion of these two subgroups
shifted the HR from 0.9 (CI95% 0.7 — 1.1) in the whole sample to 0.8 (CI95% 0.6 — 1.1) in the
restricted sample. Furthermore, restricting the sample halved the 10-years survival probability

difference.

Induction therapy in elderly kidney transplant recipients.

Masset et al.?8 compared the risk of adverse events following a kidney transplant in elderly
recipients depending on their induction therapy: anti-thymocyte globulins versus basiliximab. We

did not detect any positivity violations with P-CART, confirming the authors’ statement.
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Discussion

By reanalysing the data of four published studies, the P-CART algorithm confirmed the two
subgroups with a structural positivity violation, as stated by the authors. It also identified nine
new subgroups which may be problematic. Of the nine subgroups, six were likely structural
positivity violations, which were missing from the authors’ results. It illustrated that the PCART
algorithm would have put them on the track of potential violations of positivity, although expert

knowledge will always be necessary to distinguish random and structural violations of positivity.

As illustrated by the applications, the restriction of the sample can lead to a different estimation.
Although the clinical conclusions were unaffected, the effects’ magnitude was smaller in the
restricted samples. Interestingly, the estimate of Querard et al.?2¢ was unaffected by the
restriction. These authors targeted the average causal effect on the exposed, for which a weaker
positivity assumption is necessary. Indeed, only the exposed individuals should have a non-null
probability of being unexposed.3! Therefore, their inference was not affected by this subgroup

composed of unexposed individuals.

The P-CART algorithm we suggest is based on three tuning parameters that define the subgroup
affected by the positivity violation: a the minimum percentage of patients included in the
subgroup, B the maximum probability of being exposed or unexposed in the subgroup, and y
the maximum number of predictors outlining the subgroups. In our applications, we set the
parameter a at 5%, in agreement with the literature. However, it could be increased when the
sample size decreases as random violations are more likely to occur. We set the parameter
at 5%, again in line with the literature. Alternative values can be considered. For instance,
Petersen et al.” and Crump et al.32 argued in favour of using a B = 1% and 10%, respectively.
Note that the exposure prevalence can also influence this choice, a small prevalence leading to
a tighter definition of the positivity, thus a smaller B. The application on the dataset of Léger et

al.?5 outlined the advantage of increasing the parameter y to identify structural violations when
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B is close to exposure prevalence. The parameter y may also be increased with the sample size
to refine the definition of the subgroups. Nevertheless, it seems unnecessary to define structural
violations with a combination of more than three variables intended to represent the exposure’s

allocation process.

Other approaches can be employed for diagnosing positivity violations. When a propensity
score is used, Cole and Herndn warned against the presence of extreme weights.33 Petersen et
al. provided a bootstrap-based tool to quantify the amount of bias due to such violations.”
Westreich and Cole suggested computing all possible contingency tables to check for the
presence of empty cells.2 Unlike P-CART, the two first approaches cannot identify the subgroups
causing a positivity violation, while the last approach is only feasible in lower-dimensional
setftings and cannot deal with continuous variables. We stress that positivity is not solely related
to propensity score-based approaches, even if a vast amount of the positivity literature is found
in this context. Outcome regression-based approaches also require this assumption, albeit they
can extrapolate to the problematic subgroups in the case of random violations.”:25 Randomized
clinical trials may also present a lack of positivity when the sample size is not large enough to

prevent sample-to-sample fluctuations.

Some limitations need to be mentioned. First, we only considered binary treatments, and further
development is needed to consider multimodal or even continuous exposure. Second, we did not
perform any simulation study to illustrate the predictive performances of the algorithm. We
believe that the P-CART algorithm is a practical tool to help investigators and analysts to precise
the target population. Last, we did not investigate the optimal set of tuning parameters, another

perspective to be addressed in future work.

In conclusion, we illustrated that P-CART represents a helpful decision-making tool for checking
for the targeted population in causal studies. It enables essential discussions about the susceptible
structural violations before causal analysis (e.g., propensity scores, G-computation, doubly robust

estimators or multiple regressions). We recommend using the P-CART algorithm with different
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tuning parameters to get an overview of the potential violations. P-CART can lead to better
transparency of the research process, a better generalisability of the results, and better

implementation of the findings in real life for the ultimate benefit of patients.
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Table 1: Subgroups of patients identified by the PCART algorithm as potential sources of non-positivity.

Sample Identified by Clinically Violation
Authors Problematic subgroup (n, %)
size the authors plausible type
Age = 75 years (73, 6.7) Yes Yes Structural
No osmotherapy at admission (732, 67.3) No Yes Structural
25 < SAPS Il score < 55 & 50 < Creatinine < 60 (135, 12.4) No No Random
No IH at admission nor history of head trauma (710, 65.3) No Yes Structural
Léger et al.?5 1088 No IH & severe trauma at admission (385, 35.4) No Yes Structural
No IH at admission & Creatinine < 150 (740, 68.0) No Yes Structural
No IH at admission & SAPS |l score < 55 (532, 48.9) No Yes Structural
Lactatemia < 1 (197, 18.1) No No Random
40 < SAPS Il score < 45 & No severe trauma (69, 6.3) No No Random
Querard et al.26 3422 Recipient age < 30 years (391, 8.1) Yes Yes Structural
Transplant before 2014 & A - D centres®

Foucher et al.27 1978 (376, 19.0) Ne Yes Structural
Transplant before 2012 & CIT = 20h (101, 5.1) No Yes Structural

Masset et al.28 383 None detectedP - - -

Abbreviations: BMI, Body Mass Index; CIT, Cold Ischemia Time and IH, Intracranial Hypertension. Creatinine and lactatemia were in mmol /L.

o The centres were anonymised. ® Regardless of the sample and the adjustment set.
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Figure 2: Results of the reandlyses considering the restricted datasets on the relative (A) and absolute scales (B). Léger
et al. presents an odds-ratio and a risk difference, while the others present a hazard ratio and a 10years survival

difference.
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CHAPITRE 7. DISCUSSION GENERALE

7.1 Résumé des travaux réalisés

Avec un événement binaire, une premieére étude de simulation a été réalisée pour comparer les
performances des principales méthodes d’estimation causale avec différents ensembles d’ajuste-
ment pouvant contenir des facteurs de risque et/ou des instruments. Cette étude a montré qu’in-
clure des facteurs de risque permet de diminuer la variance, que la GC est plus robuste al'inclusion
d’instruments que les autres approches étudiées (TMLE incluse) et qu’elle posséde la variance la
plus faible quel que soit I'estimand théorique considéré.

Toujours avec un événement binaire, une seconde étude de simulation a investigué le poten-
tiel du ML pour obtenir une spécification correcte du modele de travail Q(A,L). Le SL surpassait
les autres techniques étudiées en terme de biais et de variance. Associé a la GC, le SL conduisait
a une estimation correcte, méme dans un échantillon composé d'une centaine d’individus. No-
tons que l'utilisation du Support Vector Machine aboutissait a une erreur quadratique moyenne
plus faible que celle du SL avec une centaine d’individu. Dans ce scénario particulier, ces deux ap-
proches sont plus précises qu'une régression logistique parfaitement spécifiée. En effet, la fluctua-
tion d’échantillonage inhérente a une faible taille d’échantillon fait différer la structure observée
de celle théorique.

Un troisieme travail se placait dans la cadre de I'étude de temps d’événement en présence de
censure a droite pour développer une approche de GC et son extension doublement robuste (i.e.,
la SDR). Ces approches ont été comparées a I'TPW via une étude de simulation. Les trois approches
présentaient un biais équivalent mais I'IPW conduisait a une variance plus élevée. L'inclusion de
facteurs de risque en plus des facteurs de confusion dans la modélisation a permis de diminuer le
biais di au phénomene de sélection auto-induite. Enfin, la SDR n’était pas sensible au phénomeéne
d’amplification du biais lorsque les deux modéles de travail étaient mal-spécifiés.

Le dernier travail consistait a développer un outil permettant de vérifier le respect de I’hypo-
these de positivité et d’identifier les individus problématiques le cas échéant. Au moyen d'une
étude empirique sur des travaux préalablement publiés par notre équipe, I'algorithme basé sur les
arbres de décision identifiait les deux strates d’individus problématiques décrites dans les papiers
ainsi que neuf supplémentaires, dont sept sont vraisemblablement structurelles apres expertise
clinique.

7.2 Avantages et inconvénients des approches considérées

Les méthodes basées sur le SP modélisent I'allocation du traitement plutot que la survenue de
I’événement. Elles semblent donc appropriées en présence d’évenements rares. La GC reposant
sur les hypothéses de modélisation inverses, son utilisation est plus naturelle en cas d’allocation
déséquilibrée du traitement. Les EDR combinent les deux modeles de travail et sont aisément
utilisables dans ces deux contextes.

La principale différence estliée a’hypothese de positivité. Les approches estimant g (L) peuvent
vérifier d’éventuelles violations de cette hypothése contrairement a la GC [69, 202]. Une viola-
tion de cette hypothese est particulierement problématique pour I'TPW a cause de I'apparition
de poids extrémes induisant une inflation de la variance et pouvant biaiser I'estimation [91, 114].
Au contraire, la GC est capable d’extrapoler la prédiction des événements potentiels dans les strates
problématiques lorsque la violation est aléatoire [69]. Un telle extrapolation conduit a des résultats
corrects a partir du moment o1 Q(A, L) est correctement spécifié (cf annexe C). De facon analogue
a I'TPW, la présence de poids extrémes est possible pour les EDR en absence de positivité [69].
Néanmoins, les EDR sont capables d’extrapoler dans les strates problématiques comme la GC.
Cette capacité d’extrapolation est perdue lorsque Q(A,L) est mal-spécifié [153,201]. De plus, I'uti-
lisation des fonctions d’influence pour la TMLE peut induire une sous-estimation de la variance
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CHAPITRE 7. DISCUSSION GENERALE

en cas de probleme de positivité [203] ou de petite taille d’échantillon [48]. Dans ce cas, le boots-
trap peut étre préféré [203]. Enfin, de nombreuses études de simulation montraient une variance
plus faible pour la GC en absence de positivité [68, 154,159,168, 179].

Outre les situations de non-positivité, la GC est généralement plus précise que les autres ap-
proches considérées [154, 155, 168, 180]. Bien que les EDR soient plus sensibles que la GC a I'in-
clusion de médiateurs dans I'ensemble d’ajustement L [204], ils possédent la propriété de double
robustesse maximisant les chances d’obtenir une estimation finale sans biais dii a une mauvaise
spécification des modeles de travail. Notons que la GC, la TMLE et la SDR permettent d’estimer a
la fois un effet marginal et conditionnel. Leffet conditionnel est estimable a partir de Q(A,L) di-
rectement, sans passer par I'étape de prédiction contrefactuelle. Un autre avantage des méthodes
basées sur Q(A, L) est la possibilité de faire de la prédiction contrefactuelle dans une autre popu-
lation afin d’évaluer la validité externe des résultats.

Bien que non-considérés dans ce manuscrit, les traitements continus (e.g., doses) sont plus
facilement modélisables avec les approches basées sur le SP [205]. Les approches de GC et les
EDR nécessitent la catégorisation du traitement pouvant conduire a une perte d’information.

7.3 Réflections autour du ML

Le ML permet de modéliser de facon trés fine les relations inter-variables (e.g., interactions,
formes fonctionelles, etc.). Mais cette flexibilité a un cofit. Ces approches convergent plus len-
tement (i.e., nécessitent une taille d’échantillon plus importante) que les estimateurs standards
[206] et peuvent introduire deux autres sortes de biais dus au sur-apprentissage et a la régulari-
sation (i.e., présence d'une certaine contrainte inhibant les modeles trop complexes, I'exemple
classique étant le parametre de pénalisation des approches LASSO) [207]. La régularisation per-
met de limiter le sur-apprentissage en réduisant la variance au prix d'une augmentation du biais.
Malheureusement, lorsque utilisés en GC, certains algorithmes de ML induisent une diminution
du sur-apprentissage par régularisation trop lente pour compenser la diminution correspondante
de la variance, ce qui peut conduire a une inférence incorrecte (i.e., des intervalles de confiance
tres larges et pouvant ne pas contenir la vraie valeur) [208]. De plus, il n'a pas été prouvé que le
théoréme central limite puisse s’appliquer avec du ML (méme avec du bootstrap [209]), ce qui
complique I'estimation de la variance [157,208,210,211]. Ainsi, de nombreux auteurs mettent en
garde contre I'utilisation du ML avec des estimateurs n’étant pas doublement robustes [55, 157,
206,208,210,212,213].

Les EDR ont, quant a eux, été construits de facon a surmonter ces problemes et permettre
l'utilisation de ces approches de ML plus flexibles [40, 214]. Pour surmonter le biais di a la régu-
larisation, I'orthogonalisation est employée. L'idée est d’estimer les deux modeéles de travail g(L)
et Q(A,L) par ML puis de régresser linéairement les résidus de Q(A, L) sur les résidus de g(L) pour
obtenir une estimation sans biais de régularisation [215]. De plus, les estimations des deux mo-
deles de travail sont combinés de fagon a ce que le taux de convergence de 'EDR corresponde au
produit des taux de convergence de chaque modeéle de travail permettant alors I'utilisation d’ap-
proches de ML ayant des taux de convergence moindres [157, 206]. En d’autres termes, puisque
I'erreur globale correspond a la multiplication des résidus des deux modeles de travail, I'erreur
résiduelle globale diminuera plus rapidement. La TMLE peut surmonter le sur-apprentissage via
l'utilisation de SL incluant des approches plus simples [213]. En effet, les approches de ML in-
cluses dans le SL conduisant au sur-apprentissage d’'un des modeles de travail seront pondérées
de facon a réduire leur contribution, évitant ainsi le sur-apprentissage. N’'inclure que des ap-
proches hautement flexibles dans un SL conduira alors a un sur-apprentissage comme dans Naimi
et al. [206]. La TMLE peut également étre couplée a de la validation croisée afin de réduire davan-
tage le sur-apprentissage [40]. De plus, I'utilisation des courbes d’influence permet d’obtenir un
taux de convergence plus rapide rendant alors possible 'utilisation du ML pour la construction
d’intervalles de confiance valides [157,216].
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Chernozhukov et al. [214] ont introduit un autre EDR permettant 'utilisation de ML : le double
machine learning (DML). Comme la TMLE, la DML cherche d'une part a réduire le biais et d’autre
part a obtenir un taux de convergence suffisant pour I'utilisation du ML et la construction d’inter-
valles de confiance valides. Les auteurs introduisaient la notion d’orthogonalisation de Neyman,
ou les modeles de travail sont utilisés pour définir I’effet causal. Ainsi, la derniére étape de I'ortho-
gonalisation correspond a une solution analytique plutét qu’a une simple régression des résidus.
Par exemple, pour I’'ATE :

_ Ai[Yi-QA=1L)] (1-A)[Y;i-QA=0,L))]
ATE=n"! A=1,L;)-QA=0,L)]+ -
Ll )= ) P - gLy

ou la premiére partie de la somme (entre crochets) et les deux fractions correspondent respecti-
vement a une estimation biaisée de I'estimand empirique et aux termes de "débiaisement". No-
tons que dans ce cas particulier, la DML correspond a un estimateur AIPW [157]. Chernozhukov
et al. [214] utilisent une procédure d’apprentissage croisé (cross-fitting) pour éviter les problemes
de sur-apprentissage. Le jeu de données est aléatoirement séparé en deux, g(L) et Q(A,L) sont es-
timés sur la premiere partition et la derniere étape de 'orthogonalisation se fait dans la seconde
partition. La mé&me procédure se fait en échangeant les partitions, g(L) et Q(A,L) sont estimés sur
la seconde partition, puis la régression entre les résidus se fera dans la premiere partition. Deux
estimations de I'effet causal sont ainsi obtenues. L'estimation finale, sans biais de régularisation
et de sur-apprentissage, se calcule comme la médiane des deux estimations [157, 214]. Zivich et
Breskin [210] proposent une approche d’apprentissage doublement croisée ou 1'échantillon est
séparé en trois partitions plutdt qu'en deux. La différence étant que les modeles g(L) et Q(A,L),
estimés sur I'une des partitions, seront appliqués sur des partitions différentes de facon mutuelle-
ment exclusive afin que les prédictions issues des modeles de travail ne proviennent pas du méme
ensemble de données. Lapprentissage doublement croisé sacrifie donc du temps de calcul pour
optimiser le taux de convergence. Néanmoins, un échantillon de grande taille est nécessaire pour
utiliser cette approche. Comme pour la TMLE, I'estimation de la variance est basée sur les courbes
d’'influence [214]. Notons également que la DML semble particulierement sensible al'inclusion de
médiateurs ou de colliders [217].

Nous avons pu voir dans le chapitre 6 que 'application du SL proposé en GC aboutissait a de
bonnes performances statistiques, incluant un biais moyen proche de zéro, un taux de couverture
proche de 95% et I'absence de biais lors de 'estimation de la variance (i.e., les variances empi-
rique et asymptotique étaient proches, cf Tableau B.1 Annexe B pour les formules). Ces résultats, a
premiere vue inconsistants avec la littérature énoncée précédemment, peuvent étre expliqués de
la fagon suivante. Le biais lié a la régularisation et la diminution du taux de convergence ont été
limités par I'exclusion de méthodes trop flexibles telles que les arbres de décision [208]. En effet,
l'utilisation d’approches de boosting (BCART) et de foréts aléatoires conduisaient effectivement
a un biais important, des problemes d’estimation de variance et a une couverture sous-optimale.
Ces approches ont malheureusement été considérées dans les autres études de simulation étu-
diant les performances de la GC associée au ML [206, 210]. Le sur-apprentissage a été controlé
au moyen d’'une validation croisée par bootstrap [218]. Le fait de pouvoir tenir compte de 'en-
semble de I'échantillon dans le processus d’estimation peut expliquer les bonnes performances
de notre approche dans des échantillons relativement petits. Ces faibles tailles d’échantillon com-
pliquent I'utilisation de la DML ou de la TMLE. En effet, la DML nécessite de partitionner sans
remise 'échantillon conduisant ainsi a une estimation sur un tres faible nombre d’individus. La
TMLE est, quant a elle, particulierement sensible aux violations aléatoires de la positivité qui sur-
viennent couramment dans les échantillons de taille modérée [213].
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7.4 Limitations et perspectives

Outre les limites inhérentes aux différents travaux présentés dans les chapitres 3 a 6, des limites
plus globales méritent discussion.

La majorité des travaux présentés se basaient sur des études de simulations apportant un
éclairage sur les seuls scénarios considérés [219]. Ces résultats ne sont pas forcément générali-
sables dans d’autres contextes, eu égard a la complexité du monde réel. Il peut également exister
un biais, de non-neutralité, de la part des investigateurs envers la méthode proposée. En effet, la
plupart des nouvelles méthodes statistiques ne sont testées que dans des situations qui leurs sont
favorables [220, 221]. Le premier travail (chapitre 3) ne cherchait pas a démontrer la supériorité
d’'une méthode particuliere sur les concurrentes mais a étudier leur robustesse dans diverses cir-
constances. Le plan de simulation a déja été utilisé dans des études montrant la supériorité de
I'TPW ou de I'appariement sur le SP sur d’autres compétiteurs [102,176,222,223]. Or, dans nos si-
mulations, ces méthodes se révelent étre les moins performantes. Le seul point questionnable est
le choix d'une allocation déséquilibrée du traitement (un individu traité pour quatre non-traités)
pour étudier 'ATT. Ce déséquilibre refléte au contraire un choix de favoriser la méthode la moins
performante (appariement sur le SP ') en se plagant dans un scénario o tous les traités pourront
étre appariés malgré le caliper. Les performances équivalentes, voire légerement plus robustes,
de la GC par rapport a la TMLE n’étaient pas attendues. Le second travail (chapitre 4) comparait
cinq approches de ML associées avec la GC plus une sixieme consistant en une combinaison des
quatre premieres au moyen du SL. Une meilleure performance du SL était attendue suite aux dé-
monstrations théoriques [224]. Deux mécanismes de générations de données ont été considérés :
un premier identique au précédent travail et un second plus réaliste, donc complexe (incluant
notamment une interaction et des formes fonctionnelles complexes), afin de ne pas favoriser les
méthodes paramétriques pénalisées (LASSO et elasticnet). Comme attendu, le SL conduisait aux
meilleures performances excepté dans le scénario le plus simple ol le Support Vector Machine
était parfois supérieur. Les méthodes paramétriques conduisaient a des performances correctes
lorsque la taille d’échantillon était supérieure ou égale a 500 individus. La derniére étude de si-
mulation (chapitre 5) adaptait la génération des données du premier travail. Néanmoins, deux
taux de censure (un réaliste et un extréme) étaient considérés afin de comparer la GC et I'TPW
dans des scénarios respectivement équilibré et en faveur de I'TPW. Il était attendu que 'EDR étu-
dié performe aussi bien que la plus performante des méthodes. De plus, un scénario omettant un
facteur de confusion de '’ensemble d’ajustement a été investigué pour comparer la robustesse des
trois approches a une violation de I'hypothése d’échangeabilité conditionnelle. Ce scénario peut
également étre vu comme une tentative de comparaison des trois approches a la mauvaise spéci-
fication. Il est en effet difficile de comparer directement cette caractéristique puisque les modeles
de travail sont différents (modéle de Cox versus modele logistique, coefficients et nombre de va-
riables différents). Avec du recul, il est possible que la GC ait été favorisée par rapport a I'IPW par
un trop faible nombre de covariables utilisées lors de la modélisation en présence de forte cen-
sure a droite. En effet, des problémes de convergence liés au faible nombre d’évenements aurait
potentiellement été observé. Cependant, la SDR n’aurait vraisemblablement pas été affectée. De
plus, toutes les méthodes n’ont pu étre comparées dans ces études de simulation. Les recomman-
dations récentes stipulent que les méthodes ayant les meilleures performances générales ainsi
que celles étant couramment usitées devraient étre étudiées [219, 225]. Ainsi, il aurait été inté-
ressant d’étudier également le comportement de la DML et de la TMLE pour le troisiéme travail.
Cependant, la SDR est plus simple a construire que la DML ou la TMLE dont une extension en
temps continu de cette derniére vient seulement d’étre construite sans étre publiée [226]. Outre
les compétiteurs a considérer, Boulesteix [225] recommande de reporter un ensemble de mesures
de performances permettant d’apporter 1'éclairage le plus large possible. Ceci inclut a la fois des

1. Notons que la premiere version du manuscrit présentait une comparaison de la GC, de I'TPW et de 'appariement
sur le SP selon les plus proches voisins. Ces résultats n'ont pas été publiés suite aux commentaires des réviseurs de
l'article et sont disponibles dans I’Annexe H.
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estimations du biais, de la variance, du biais de la variance, de la couverture, de I'erreur de type I et
de la puissance. Ces différentes mesures sont utiles seulement lorsqu’elles sont prises ensemble.
En effet, une méthode peut étre 1égerement plus biaisée qu'une autre mais avoir une variance
autrement plus faible, pouvant la rendre finalement plus performante. Enfin le taux de conver-
gence et 'erreur de Monte-Carlo devraient étre également rapportés dans les études de simula-
tion [219, 227]. Comme pour un nombre insuffisant de mesures de performances, ne pas tenir
compte des problemes de convergence rencontrés peut conduire a une représentation erronée de
la réalité.

Lintérét des méthodes étudiées, et plus globalement de I'inférence causale, envers les fac-
teurs non-modifiables est également questionnable. Ce sujet a fait, et fait toujours, débat dans la
littérature et sort quelque peu du cadre de la présente thése (voir [228, 229] pour un survol des
débats les plus récents). Pour en toucher quelques mots, Holland [14] aussi bien que Rubin [230]
disaient dés 1986 qu'une causalité ne pouvait étre établie qu’en présence d’'une manipulation. Gly-
mour et Glymour [231] argumentaient, au contraire, que I'intervention n’était pas nécessaire. Par
exemple, ce n'est pas parce que telle intervention est a ce jour impossible qu’elle ne le sera pour
toujours. Naimi et Kaufman [232] démontraient I'intérét de 'approche causale pour des facteurs
non-modifiables, tels que I'’ethnie ou le sexe, dans le cadre d’analyses de médiation. Lintérét est
de trouver un moyen d’action (i.e., une variable) sur lequel intervenir pour provoquer un change-
ment dans le facteur non-modifiable d’intérét.

Hill argumentait des 1962 de I'intérét pour le biostatisticien de s'imprégner de !’environne-
ment clinique dans lequel il évolue [233]. De facon analogue, un clinicien ne devrait-il pas s’inté-
resser aux méthodes d’analyses statistiques? La méconnaissance des outils statistiques a conduit
a de nombreuses publications problématiques [234]. Plug-Stat®vise a faire un pont entre le cli-
nicien et une analyse correcte de ses données. Pour faciliter son utilisation, nous avons ici cher-
ché a automatiser plusieurs étapes de I'estimation causale notamment la vérification des hypo-
theses, encore trop peu étudiées [89, 90, 235]. De plus, I'utilisation d’un logiciel vérifié et validé
permettrait d’'éviter des erreurs de codage potentiellement déléteres [236] et réduirait le biais hu-
main améliorant ainsi 'analyse et la transparence des résultats [103]. Similairement, un nombre
croissant de revues demandent désormais la publication du code statistique et/ou les données
utilisé pour la publication [237, 238]. Lexport des données est aisé depuis Plug-Stat®sous réserve
d’un accord réglementaire, tandis que celui du code R est théoriquement possible. Néanmoins,
il est important de noter que la facilité d’analyse augmente le risque de cherry picking et de p-
hacking [239,240]. En effet, la pression autour de la publication [241] et une volonté de rentabiliser
I'achat de Plug-Stat®pourraient mener 4 de nombreuses analyses afin d’en trouver des publiables,
car positives [242], et ce a tort. Ce phénomene a déja été observé pour les méta-analyses [243]. En-
fin, Moodie et Stephens [103] notent que 'automatisation des analyses peut limiter la réflection
clinique autour de la planification de I'étude en excluant les méthodologistes.

Une solution, dépendante de la politique commerciale de I'entreprise IDBC, serait de propo-
ser des prestations d’analyses incluant la planification en utilisant Plug-Stat®en interne. Une telle
utilisation de Plug-Stat®rendrait la réalisation des analyses statistiques plus rapide et plus sfire
tout en facilitant le recrutement et la formation des statisticiens. Plug-Stat®gagnerait également a
étre étendu a des contextes plus variés. Citons comme exemples les traitements continus [205] et
les analyses de médiation [29]. Notons que parmi les analyses proposées par Plug-Stat®figure la
survie nette. Des approches de GC et de SDR ont récemment été proposées dans ce contexte [244].
Lextension aux traitements dépendant du temps [11] est également envisageable. Néanmoins, un
phénomeéne connu avec la GC dans ce contexte est le g-null paradox. En présence de rétroaction
entre le traitement et un facteur de confusion, 'hypothese nulle aura tendance a étre rejetée a
tort méme si 'estimand théorique est identifiable [245]. Enfin, 'estimation de stratégies théra-
peutiques adaptatives est un domaine de recherche particulierement croissant [246, 247]. Dans
une optique conditionnelle plutdét que marginale, il serait pertinent de s’intéresser a ce type de
méthodes.
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Un probleme majeur des études observationnelles est qu’il n’est pas possible de contréler
la confusion due a des variables non-mesurées. Une analyse de sensibilité permet d’avoir une
idée sur 'importance du biais nécessaire pour changer les résultats. Si de nombreuses méthodes
existent [70,248], 'utilisation des E-values [71] semble particulierement pertinente et pourrait étre
implémentée Plug-Stat®. Contrairement aux autres possibilités, cette approche est facilement im-
plémentable et ne repose pas sur des hypothéses fortes [249, 250].

Une autre perspective de recherche serait I'utilisation de combinaisons d’approches de ML
et d’estimation causale pour les ECR. L'ajustement sur des facteurs de risque pré-randomisation
de I'événement est recommandé par les régulateurs internationaux [251, 252] afin d’améliorer la
précision de I'estimation de I'effet causal [253,254]. De plus, lorsqu’une variable d’ajustement est
utilisée dans le processus de randomisation (e.g., randomisation stratifiée), cet ajustement permet
de corriger I'erreur de type I [255]. Enfin, cet ajustement est également intéressant pour corriger
une éventuelle confusion aléatoire, liée aux déséquilibres résiduels entre les variables, courantes
dans les échantillons modérés [256]. L'ajustement est classiquement réalisé au moyen de régres-
sions traditionnelles estimant un effet causal conditionnel au lieu de marginal [257]. Ce change-
ment d’estimand théorique peut étre néfaste selon I'interprétation souhaitée de I'ECR. Notons
qu'une seule approche marginale est présentée dans le dernier rapport de la FDA [251], celle de
Ge et al. [258] qui est similaire a la GC. Les méthodes d’estimation causale permettent de résoudre
ce probleme en ciblant un effet marginal et le ML peut étre a nouveau intéressant afin d’obtenir
une spécification correcte du modele de travail. Moore et van der Laan [259] notaient que, pour
un EDR, il serait également opportun d’estimer g(L) avec du ML dans ce contexte. De plus, le ML
peut étre utilisé pour sélectionner I'’ensemble d’ajustement [260].

Enfin, de nombreuses approches de ML tenant compte de la censure a droite sont dévelop-
pées [261, 262]. Lincorporation de ces approches au sein de méthodes causales est un sujet ac-
tuellement étudié par notre équipe.

7.5 Implications pratiques pour Plug-Stat®

LTPW implémentée dans Plug-Stat®pourraient étre remplacée par la GC ot1 Q(A, L) serait es-
timé par un SL. Les seuls réels avantages de 'IPW sont de pouvoir vérifier le respect de 'hypothese
de positivité et d’étre intuitivement plus pertinente en présence d’'un événement rare. Cependant,
l'algorithme développé dans le chapitre 6 permet de vérifier le respect de 'hypothese quelle que
soit la méthode employée. Le chapitre 5 montrait que la GC et la SDR possedent des performances
similaires, voire supérieures, a I'TPW en présence d’'un fort taux de censure, donc d'un événement
rare. De plus, puisque la GC et les EDR ne nécessitent pas de vérifier I'équilibre entre les groupes
du pseudo-échantillon pondéré, leur utilisation en est facilitée.

Lutilisation de ML en GC semble étre une perspective intéressante. Néanmoins, cette com-
binaison n’est pas supportée par la théorie, pouvant compliquer la publication d’études I'em-
ployant. Les EDR peuvent étre envisagés afin d’obtenir une spécification correcte dans ce contexte
puisque leur association avec le ML est supportée par la théorie. Une critique supplémentaire de
I'association entre la GC et le ML est que les facteurs de confusion faiblement liés a I'évenement
seraient potentiellement exclus de Q(A,L) par certaines approches de ML qui sélectionnent les
variables. Ce probleme peut étre surmonté en combinant des approches de ML faisant une sélec-
tion et d’autres n’en faisant pas dans le SL. Les EDR, au contraire de la GC, tiendraient compte de
ces variables en les sélectionnant dans g(L), évitant ainsi ce phénomeéne de confusion résiduelle.
Lutilisation des courbes d’influence avec la TMLE est a la fois une force et une faiblesse. Elle per-
met une estimation de la variance supportée par la théorie et se révele étre plus rapide que le
bootstrap. Néanmoins, I'estimation peut étre biaisée dans des conditions réelles telles que de la
non-positivité aléatoire ou une prévalence du traitement déséquilibré (cf Annexe C). Ceci est un
probleme majeur en pratique puisque la majorité des études sont sujettes a des violations aléa-
toires de positivité et peuvent comparer des groupes déséquilibrés. Notons qu'une extension de la
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TMLE, dite TMLE collaborative, a été récemment proposée pour lutter contre ces problemes [212].
Lutilisation du boostrap serait une solution pour estimer correctement la variance dans ces situa-
tions problématiques.

Lestimation classique de la variance, basée sur le test statistique final, ne tient compte que
dudit test. Lorsque des étapes de modélisation, telle que la sélection des variables, sont néces-
saires, cette estimation de la variance n’est plus correcte [263]. Ainsi, bootstrapper |'entiereté de la
procédure permet également d’obtenir une estimation valide de la variance en tenant compte des
différentes étapes de modélisation [264].

De fait, Plug-Stat®gagnerait 4 proposer la feuille de route suivante a ses utilisateurs :
1. Définition de I'événement et des modalités de traitement

2. Définition de la population cible au moyen des critéres d’éligibilité et définition de I'esti-
mand théorique

3. Choix, sur expertise clinique, de 'ensemble d’ajustement L incluant les facteurs de confu-
sion connus et des facteurs de risque

4. Application de PCART sur L afin de vérifier le respect de 'hypothese de positivité

(a) En cas de sous-groupes problématiques, juger sur expertise clinique si la violation est
structurelle ou aléatoire

(b) Siviolation structurelle, redéfinir les critéres d’éligibilité a 1'étape 2
5. Application de la GC avec un SL pour estimer 'effet causal
6. Analyse de sensibilité pour une éventuelle confusion résiduelle

Ce processus se rapproche a la fois du target trial [10] et de la feuille de route causale [54]. Ces
approches facilitent la réflexion autour de ’étude en amont, a la fois sur I'identifiabilité et sur
l'intérét en vie réelle [265-267]. Loccurrence d'un biais de temps immortel est déja géré par Plug-
Stat®lors de I'implémentation de la cohorte [268]. A ce jour, les deux premieres étapes sont déja
implémentées dans Plug-Stat®et une version fonctionnelle de la quatrieme étape a été récem-
ment implémentée sur un serveur de développement. La troisiéeme étape consiste actuellement a
définir L d’apres un seuil de significativité statistique déterminé par I'utilisateur. Cependant, une
sélection basée sur expertise clinique est déja possible. La cinquiéme étape est basée sur I'IPW ou
sur des régressions traditionnelles (e.g., modeles linéaires généralisés ou modele de Cox) selon le
type d’évenement étudié et 'estimand ciblé. Limplémentation d'une nouvelle méthode sera donc
a prévoir. La derniére étape serait, quant a elle, nouvelle dans Plug-Stat®.

Dans le futur, le module prédictif présenté dans 'annexe A pourra étre utilisé dans un objectif
causal afin de prédire, par exemple, |'efficacité attendue de diverses stratégies thérapeutiques chez
un individu donné. C’est-a-dire de la prédiction contrefactuelle [269].

Pour conclure, la GC semble étre une méthode a considérer pour I'automatisation de Plug-
Stat®. Elle ne nécessite pas d’hypothése d’équilibre au contraire des méthodes basées sur le SP.
Lutilisation de ML permet de construire un modele de travail correctement spécifié et évite 1'utili-
sation d’EDR qui sont moins accessibles pour le clinicien. Les bonnes performances de la GC ont
été vérifiées empiriquement par des études de simulation. Enfin, la vérification de la positivité est
également automatisée au moyen d’arbres de décision pour permettre a I'utilisateur de redéfinir
sa population d’étude.
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Annexe A

Développement d’'un module prédictif
dans Plug-Stat’

A.1 Breve introduction a la prédiction

Dans le domaine médical, la modélisation statistique sert souvent deux objectifs : expliquer
ou prédire. De nombreux auteurs ont décrit les différences liées a ces approches [270-276]. En
quelques mots, si la modélisation causale a pour but d’étudier et de quantifier d’éventuels liens
causaux entre différentes variables, la modélisation prédictive réfere a l'utilisation des données
disponibles afin de faire correspondre plusieurs variables entre elles. Toutes les variables sont ainsi
sélectionnées des lors qu’elles participent a améliorer les capacités prédictives, ce qui facilite 'au-
tomatisation.

Le développement du module d’analyse prédictive comprend le développement de deux sous-
modules emboités. Le premier évalue les capacités prédictives d'une variable quand le second
permet la construction du score prédictif. L'utilisateur peut utiliser le premier sous-module seul
ou il peut se servir du second qui fera appel au premier pour évaluer les capacités prédictives du
score nouvellement construit.

A.2 Evaluation des capacités prédictives d'une variable

La Figure A.1 illustre I'interface principale de Plug-Stat®. Limplémentation du nouveau mo-
dule nécessite de proposer a l'utilisateur un nouveau type d’analyse (Figure A.1, point G). Notons
que, pour les analyses prédictives, il n’est pas nécessaire de définir des groupes de traitement (Fi-
gure A.1, point E). Une fois cette analyse sélectionnée, |'utilisateur s’engagera dans une succession
d’étapes pré-définies.

La premiere étape consiste a choisir la variable d’intérét. Sila variable d’intérét est qualitative,
I'utilisateur définit les modalités d’intérét et de référence. Ensuite, I'utilisateur se voit proposer les
différents évenements a prédire d’apres la liste des criteres de jugement définis a I'installation de
Plug-Stat®. Pour une variable quantitative, la troisiéme étape consiste a définir le seuil a partir du-
quel seront calculées les mesures prédictives suivantes : sensibilité, spécificité, valeurs prédictives
positive et négative et aire sous la courbe ROC. La dichotomisation peut se faire automatiquement
selon I'indice de Youden ou l'indice upper-left [277]. L'utilisateur peut également choisir un seuil
différent manuellement. Afin de faciliter cette étape dépendante de I'utilisateur, nous avons créé
une application RShiny interactive ou I'utilisateur peut directement voir I'effet de ses choix (Fi-
gure A.2). En présence d'un évenement censuré a droite, l'utilisateur se voit également proposer
cette interface avec un choix supplémentaire : le temps auquel la prédiction doit étre faite. Les ca-
pacités prédictives sont ensuite automatiquement calculées a partir du tableau de contingence et
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de I’éventuelle courbe ROC. Notons que la censure a droite est prise en compte par pondération
inverse [278]. Les intervalles de confiance de ces différentes mesures sont obtenus par bootstrap
avec un nombre d’itérations défini par I'utilisateur (200, 500 ou 1000). A titre illustratif, les courbes
de survies brutes et stratifiées sur la variable d’intérét, la distribution de la variable d’intérét et la
courbe ROC sont fournies selon les scénarios. Notons que ces différentes figures sont personna-
lisables via des interfaces RShiny spécifiques. La derniére section de cette annexe présentera un
exemple de rapport finalement fourni a I'utilisateur.

A.3 Construction et évaluation d’un score prédictif

Similairement au sous-module précédent, I'utilisateur pourra accéder a cette fonctionnalité
via un bouton spécifique (Figure A.1, point G). Une fois cette analyse sélectionnée, I'utilisateur
s’engagera dans une succession d’étapes pré-définies.

La premiere étape consiste a choisir le critére de jugement. Ensuite l'utilisateur pourra choisir
les variables a inclure dans son score. Lutilisateur définira deux ensembles, les variables a tester
(i.e., une procédure de sélection sera appliquée) et les variables a forcer. Dés lors qu’au moins une
variable est incluse dans ’ensemble a tester, une procédure de sélection sera effectuée par une
pénalisation lasso [279, 280]. Le parameétre de pénalisation sera choisi par défaut par validation
croisée (10 partitions) [281]. L'utilisateur pourra cependant changer la valeur de ce parametre afin
de modifier la complexité de son score. Une application RShiny a été développée afin d’aider I'uti-
lisateur en montrant de maniere interactive I'impact de la variation de la pénalisation (Figure A.3).

Complexité Li]
0 6] 1

L w

Annuler

E_GLASGOk

ARRET_CARDIO_RESP

Ceefficients
05

0 5 10 15

Mombre ce variables

P;i é530 Sspadddd

T T T
0 5 10 15

Mombre ce variables

FIGURE A.3 — Application RShiny permettant a I'utilisateur de définir la complexité de son score prédictif

Si toutes les variables choisies par I'utilisateur sont forcées dans la modélisation, une régression
logistique multiple ou un modele de Cox multiple sera appliqué. Ensuite, I'utilisateur retrouvera la
premiere application RShiny (Figure A.2) avec le score comme variable d’intérét. Le rapport final
est similaire a la section précédente, la principale différence étant que les estimations sont obte-
nues au moyen d’'une validation-croisée par boostrap [282] afin d’éviter le sur-apprentissage. Les
résultats sont présentés pour les échantillons apparant et de validation interne. La calibration du
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score est vérifiée au moyen d'une courbe de calibration personnalisable [283]. Le score de Brier,
intégré sur le temps en présence de censure a droite [284], et son intervalle de confiance sont éga-
lement rapportés. Notons que le rapport est actuellement en phase de finalisation, sa forme défi-
nitive sera similaire a celle du rapport présenté dans la section suivante. Afin de limiter le temps
de calcul, I'éventuel parametre de pénalisation n’'est pas réestimé a chaque itération. Foucher et
Danger montraient que ce raccourci computationnel n’était pas associé a un sur-ajustement [285].
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A.4 Exemple de rapport d’analyse prédictive fourni par Plug-Stat®
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Population étudiée. Les données sont issues de la cohorte francaise AtlanREA (www.atlanrea.org) constituée de
patients traumatisés graves ou cérébrolésés hospitalisés. Pour cette étude seuls les patients avec une hypertension
intracranienne ont été inclus. Les patients sont suivis de leur admission a leur sortie ou leur déces durant le séjour
en réanimation. Une lettre d'information a été donnée aprés une explication orale. Tous les patients ont donné leur
consentement éclairé. Seuls les patients intubés ont été considérés. Les patients qui étaient incapables de répondre
aux questions ont été exclus.

Analyses statistiques. Le JO a été défini comme le moment ol une hypertension intracranienne est détectée (définie
par le premier événement parmi une pression intracranienne supérieure a 20 cm d'eau ou le début d'un des
traitements suivants : barbituriques, osmothérapie, craniectomie ou hypothermie). Les capacités de la variables
d'intérét a prédire la mortalité en réanimation ont été étudiées graphiquement par la courbe caractéristique de
performances (ROC) dépendante du temps a un horizon temporel fixé a 14 jours. La censure a droite a été prise en
compte par pondération inverse [1]. De potentiels seuils de discrimination entre les patients a haut et bas risques
ont été obtenu par l'indice de Youden et I'indice upper-left. Le seuil de discrimination a finalement été fixé a 10
arbitrairement. Les caractéristiques des deux groupes a JO ont été comparées avec un test du Chi2 ou un test exact
de Fisher pour les variables catégorielles et par un test de Student pour les variables continues. Les courbes
d'incidence cumulées brutes et stratifiées ont été obtenues par |'estimateur de Aalen-Johansen [2] et comparées
par le test de Gray [3]. Les indicateurs dépendants du temps suivants sont également proposés en considérant a
risque les patients supérieurs a 10 : sensibilité, spécificité, valeurs prédictives positive et négative, ainsi que les
rapports de vraisemblance positif et négatifs [4]. Les intervalles de confiance a 95% (1C95%) ont été obtenus par
bootstrap (200 itérations) [5]. Les analyses statistiques ont été réalisées avec le logiciel Plug-Stat® (www.labcom-
risca.com) basé sur le logiciel R [6].

Résultats. Parmi les 293 patients inclus, 68 sont exclus pour cause de données manquantes sur la variable d’intérét
et 7 sont exclus pour cause de données manquantes sur la mortalité en réanimation dont 2 avec également la
variable d'intérét manquante. La courbe ROC et la distribution de la variable d'intérét sont illustrées par les Figures
1 et 2, respectivement. Des seuils de 9 et 9 ont été obtenus en maximisant les indices de Youden (J=0.19) et Upper-
left (UL=0.57), respectivement. Les caractéristiques initiales de I'échantillon et des groupes sont décrites dans la
Table 1. On dénombre respectivement 65 patients a haut risque (29.5%) et 155 patients a bas risque (70.5%). La
prévalence initiale de la mortalité en réanimation est de 26.8% dans I'échantillon et de 40.0% et 21.3% dans les
groupes a haut et bas risque, respectivement. Les courbes d'incidence cumulée stratifiée par groupe et brute sont
respectivement illustrées dans les Figures 3 et 4. La Table 2 présente les capacités prédictives de la variable d'intérét.
L'aire sous la courbe ROC (AUC) a 14 jours est de 0.584 (IC95% 0.499; 0.677). Le temps médian de survie est de 25
jours (min=2, max=109).
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Figure1: Courbe ROCa 14 jours
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Figure 2 : Distribution de la variable Score SOFA calculé
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Figure 3: Courbes de l'incidence cumulée du déces estimées par I'estimateur de Aalen-Johansen
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Figure 4 : Courbes de l'incidence cumulée du déces estimées par I'estimateur de Aalen-Johansen
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Tableau 1: Descriptif a I'origine selon les groupes d'étude (les p-values sont obtenues avec un test du
Chi2 ou un test exact de Fisher (f) pour les variables catégorielles et par un test de Student pour les
variables continues).

Inférieur ou égal au Supérieur au seuil
Global (n=220) seuil (n=15gs) B (n=65) p-value
NA n % NA n % NA n %
Entité nosologique a
I'admission en 0 0 0 0.6335%
réanimation
Cérébrolésés 5 2.3 3 1.9 2 3.1
Traumatisés graves 215 97.7 152 98.1 63 96.9
Patient masculin 0 180 81.8 0 127 81.9 0 53 81.5 0.9445
fé“::;ede“t dinsuffisance 1 3 14| 1 2 13 0 1 15| 1.0000%
:::::I':ﬁf respiratoire 4 6 28| 3 3 20 1 3 47| 03645t
Antécédent de diabéte 1 14 6.4 1 12 7.8 0 2 3.1 | 0.2402%
Alcoolisme chronique 12 43 20.7 8 29 19.7 4 14 23.0 0.6013
Antécédent de cancer 4 3 1.4 2 1 0.7 2 2 3.2 | 0.2044%
Tabagisme actif 27 53 27.5 16 38 27.3 11 15 27.8 0.9510
:Z:ir::fiz:adm'sswn en 3 73 336| 2 44 288 1 29 453 | 0.0186
Score de Glasgow 29 0 43 19.5 0 41 26.5 0 2 3.1 0.0001
PAS < 90 mmHg avant
I'admission en 5 72 335 2 42 27.5 3 30 48.4 0.0032
réanimation

Arrét cardio respiratoire
avant I'admission en 0 8 3.6 0 3 1.9 0 5 7.7 | 0.0512%
réanimation
Evacuation d'un
hématome avant

L. 0 44 20.0 0 32 20.6 0 12 18.5 0.7118
I'admission en
réanimation
Pose d'une dérivation
ventriculaire externe 0 9 41| o 8 52 0 1 15| 02873t

avant I'admission en
réanimation
Lobectomie avant
I'admission en 0 9 4.1 0 7 4.5 0 2 3.1 | 1.0000%
réanimation
Craniectomie de
décompression avant
I'admission en
réanimation

0 24 10.9 0 18 11.6 0 6 9.2 0.6051
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Inférieur ou égal au

Supérieur au seuil

Global (n=220) seuil (n=155) (n=65) p-value
NA n % NA n % NA n %
Transfusion avant
I'admission en 2 68  31.2 1 39 253 1 29 453 | 0.0037
réanimation
Pneumopathie pré-HTIC 0 9 4.1 0 6 3.9 0 3 46 | 0.7257%
NA m e-t NA m e-t NA m e-t

Age (en années) 0 39.7 19.2 0 39.8 19.7 39.6 18.2 0.9686
IMC (en kg.m-2) 12 25.0 4.9 24.8 4.7 25.4 53| 0.4856
Pression intracranienne a
I'admission en 27 22.0 14.7 19 21.3 13.4 8 23.8 17.4 0.3243
réanimation (en cm d'eau)
Hémoglobinémie (en 0 110 23| 0 111 22 0 108 25| 03174
g/dL)
Leucocytes (en g/L) 0 17.4 6.6 0 17.6 6.5 0 16.8 6.9 0.4339
Prothrombine (en %) 1 71.3 18.8 1 73.3 18.8 0 66.7 18.0 0.0166
Plaquettes (en g/L) 0 177.7 71.6 0 188.6 71.4 0 1519 65.6 0.0003
Fibrinogénémie (en g/L) 11 2.3 1.2 8 2.4 1.1 3 2.1 1.2 | 0.0781
Lactatémie (en mg/L) 21 2.4 1.4 19 2.2 1.2 2 2.8 1.8 0.0118
pH plasmatique 3 7.3 0.1 3 7.3 0.1 0 7.3 0.1 | <0.0001
s:::::::::: enmmoyy | 3 243 35| 3 217 36 0 203 32| 00055
Pa02 (en mmHg) 114.9 49.7 6 1224 48.8 96.9 47.7 0.0006
FIO2 0.4 0.2 6 0.4 0.1 0 0.5 0.2 0.0003
Rapport PaO2/Fi02 a
I'admission en 12 301.2 156.2 9 328.2 138.1 3 2376 177.8 0.0005
réanimation
:::I';‘i;‘em'e (en 0 841 381| 0 776 236 0 996 573 00038
Protidémie (en g/L) 9 56.2 10.7 6 57.7 10.5 3 52.4 10.3 0.0008
Glycémie (en g/L) 26 7.9 25| 17 8.0 2.3 9 7.8 29| 0.6687
Urémie (en g/L) 5.2 2.1 3 5.1 2.2 1 5.5 20| 0.1830
Calcémie (en mmol/L) 2.0 0.2 6 2.0 0.2 2 1.9 0.2 0.0012
Score IGS 11 45.8 12.3 6 42.4 10.7 1 53.7 12.1 | <0.0001

FIO2, fraction inspirée d'oygéne ; IGS, indice gravité simplifié ; IMC, indice de masse corporelle ; HTIC, hypertension

intracranienne ; ISS, injury severity score ; Pa02, Pression partielle en oxygéne dans le sang artériel. m, moyenne; NA, not
available (manquant); e-t, écart-type.

Atian Ria

®Lue-star



Rapport statistique
5 avril 2019

Tableau 2 : Capacités prédictives (n=220)

Indicateur Valeur 95% CI
AUC 0.584 [0.499; 0.677]
Sensibilité (%) 40.12 [26.96 ; 53.14]
Spécificité (%) 69.78 [62.12; 76.76]
Valeur prédictive positive (%) 56.43 [41.33; 68.73]
Valeur prédictive négative (%) 54.43 [40.66 ; 66.18]
Rapport de vraisemblance positif 1.33 [0.87;1.91]
Rapport de vraisemblance négatif 0.86 [0.68; 1.07]

IC, Intervalle de confiance.

AtianRéa
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ANNEXE B. MESURES DE PERFORMANCE POUR LES ETUDES DE SIMULATION

TABLEAU B.1 — Résumé des principales mesures de performance des études de simulation, adapté de Morris, White et Crowther (2019)

Mesure de performances Définition Estimation Erreur de Monte-Carlo
L. A 1 Nsim A 1 Nsim . -
Biais absolu E[0] -0 — ) 0;-0 o » 0; —0)2
SIm NHH sim sin™ mHH
Erreur standard empirique <<m19 1 :Wsa. -0)2 __eSE__
Nsim =1 i=1 ! V 2(nsim—1)

(eSE)

Erreur standard
asymptotique (aSE)?

Biais d'estimation de la
variance (%)?

Erreur quadratique
moyenne (MSE)

Couverture (%)

Rejet (%)°

E[(0-0)?]

Wﬁpbm =0= ®mccv

Hqu:izm

-1)
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Nsim _—_

Y. Var(0;)]

n, N
sim i=1

100( %5 -1)

50, - 0)2
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§m=d
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n,
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.MH L(pvatue,i =

i=
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M,. HBE? = mcc;.v
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1
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la puissance statistique sous les hypothéses nulle et alternative.
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In causal studies, the near-violation of the positivity may occur by chance, because of sample-to-sample fluc-
tuation despite the theoretical veracity of the positivity assumption in the population. It may mostly happen
when the exposure prevalence is low or when the sample size is small. We aimed to compare the robustness
of g-computation (GC), inverse probability weighting (IPW), truncated IPW, targeted maximum likelihood
estimation (TMLE) and truncated TMLE in this situation, using simulations and one real application. We
also tested different extrapolation situations for the sub-group with a positivity violation. The results illus-
trated that the near-violation of the positivity impacted all methods. We demonstrated the robustness of GC
and TMLE-based methods. Truncation helped in limiting the bias in near-violation situations, but at the cost
of bias in normal conditions. The application illustrated the variability of the results between the methods
and the importance of choosing the most appropriate one. In conclusion, compared to propensity score-
based methods, methods based on outcome regression should be preferred when suspecting near-violation
of the positivity assumption.

Key words: Causal Inference; Doubly Robust Estimators; G-Computation; Positivity; Propensity
Score; Real-world Evidence; Simulations

1 Introduction

There is growing interest in causal methods (Herndn and Robins, 2020), notably the propensity score (PS)-
based methods (Austin, 2011; Williamson et al., 2012). The PS is related to the exposure prediction. One
can distinguish four different approaches: matching, stratification, conditional adjustment, and inverse
probability weighting (IPW) (Rosenbaum and Rubin, 1983; Robins et al., 2000). IPW and matching on PS
estimate marginal effects, while stratification and conditioning estimate conditional effects. In the settings
of non-linear link functions, marginal and conditional estimates may differ due to the non-collapsibility
issues. IPW and matching emerge as preferable methods for estimating marginal effects (Austin, 2013).
However both IPW and matching suffer efficiency limitations: IPW due to extreme weights and matching
due to non-matching subjects resulting in loss of information. Despite the problems of the most extreme
subjects, IPW emerges as a preferable options in terms of both bias and precision (Lendle et al., 2013;
Le Borgne et al., 2016; Hajage et al., 2016; Abdia et al., 2017). An alternative is g-computation (GC), also
known as parametric g-formula or (g-)standardisation (Robins, 1986; Vansteelandt and Keiding, 2011;
Snowden et al., 2011). The latter estimator relies on an outcome model rather than an exposure model like
for PS-based methods. Some estimators combine GC and PS to create doubly robust estimators (DREs)

*Corresponding author: e-mail: Yohann.Foucher@univ-nantes.fr
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aiming to minimize the impact of model misspecification on consistency (Bang and Robins, 2005; Neuge-
bauer and van der Laan, 2005). One of the most studied doubly-robust methods is the targeted maximum
likelihood estimation (TMLE) (van der Laan and Rubin, 2006).

1.1 Positivity violation

Regardless of the type of estimator, in order to conclude causally, one has to make several assumptions:
consistency, conditional exchangeability, and positivity. Positivity is met if, for any combination of the
covariates, there is a non-null probability of being exposed or unexposed. Positivity violations can occur
in two situations: i) theoretical violation: we know that there are patients with a null probability of being
exposed or unexposed, e.g., if certain patients present a contraindication to receiving a treatment of interest;
ii) near or practical violation, sampling variability may result in subjects having a null probability of being
exposed or unexposed for certain combinations of covariate values. This may be particularly frequent for
cases of low exposure prevalence or small sample sizes (Westreich and Cole, 2010).

The theoretical violation is a consequence of a conceptual problem in the study design and calls for
restricting the studied population (Westreich and Cole, 2010; Petersen et al., 2012), i.e., excluding patients
with a theoretical null probability of being exposed or unexposed (for instance, patients with a counter-
indication for one of the studied treatments). In contrast, in case of near-violation, the target population is
well defined. In this situation, the goal is to select an estimator that doesn’t suffer from the near-violation.
For IPW, one can empirically set threshold values for truncating (Cole and Herndn, 2008) or trimming the
PS (Crump et al., 2009). These approaches aim to limit the maximum contribution of extreme observations.
Truncation has the advantage of preserving clinical equipoise in the target population, whereas excluding
certain subjects would result in a trimmed population that would change the estimand.

1.2 Extrapolation issue

For the methods based on the outcome regression, the problem is an extrapolation of the outcome prediction
for the patients affected by the near-violation, rather than using actual observations in the data (van der
Laan, 2003; Neugebauer and van der Laan, 2006).

Let (Y, A, Z) denote the binary outcome (Y = 1 for events and 0 otherwise), the binary exposure
(A = 1 for exposed individuals and 0 otherwise), and the p baseline covariates (Z1, ..., Z,). Let define
f(Z1]A), the density function of the quantitative covariate Z; conditional to A, Z; being a true confounder
which causes both the exposure status A and the outcome Y. As illustrated in Figure 1, consider a near-
violation of the positivity for Z; > « and an effect of a theoretical increase in the conditional probability
of the outcome under A = 1 for larger values of Z;.

Because of the lack of information when Z; > « due to the near-violation of the positivity assump-
tion, the estimation of the exposure effect relies on extrapolating the observed effect, i.e., when Z; < a.
Even when the outcome model is adequately specified in the region supported by data, the model may be
inadequate for the region suffering from positivity near-violation.

The causal inferences will depend on the formulation of non-testable hypotheses.

One can note that this illustration (with Z; as a quantitative confounder can be extended for a binary
confounder. Consider that Z; represents the gender. If there is no information regarding the outcomes
among exposed women, one cannot properly infer the average exposure effect in the target population.

1.3 Framework

The literature does not provide a clear answer as to the most reliable method in cases of positivity near-
violation. Indeed, even though several studies have compared the previous methods in the context of
positivity violation (Lendle et al., 2013; Petersen et al., 2012; Moore et al., 2012), suggesting better stability
and reduced bias for GC and DRE, they did not investigate the extrapolation issue.

© 2020 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com
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In the situation of positivity near-violation, Petersen et al. (2012) introduced the problem of extrapola-
tion. Nevertheless, they did not study its impact.

In this context, we performed a simulation-based study to evaluate the robustness of IPW, truncated
IPW, GC, TMLE, and truncated TMLE in the situation of the extrapolation issue and positivity near-
violation. We also evaluated one application from a real dataset. This study is structured as follows:
section 2 outlines the methods used, section 3 presents the design and the results of the simulation study,
in section 4, we apply the developed application to a real dataset, and finally we discuss the results and
provide recommendations.

2 Methods

2.1 Setting and notations

Consider a resulting sample of size n in which one can observe the realizations of these random variables
(y,a, z). Define 7, = P(Y = 1|do(A = a)) as the expected proportions of event if the entire population
is exposed (do(A = 1)) or unexposed (do(A = 0)) (Pearl et al., 2016). The average exposure effect on the
entire population is defined as A = m; — my. The corresponding marginal causal odds ratio is expressed as

OR = (m1 /(1 —m))/(mo/(1 = mo)).

2.2 Inverse Probability Weighting (IPW)

Formally, the PS for a subjecti (i = 1,...,n) is p; = P(A = 1|z;), i.e., the probability that a subject is
exposed according to her/his observed characteristics z; (Rosenbaum and Rubin, 1983). The PS is often
estimated from logistic regression, but other models or algorithms can be used such as random forest,
boosting, or super learner (Austin, 2012; Pirracchio and Carone, 2018). IPW results in weighting the
contribution of each subject i by w; = A;P(A; =1)/p;i+(1—A;)P(A; =0)/(1—p;), where P(A; = 1)
and P(A; = 0) denote the marginal probability of exposure and its complementary. The use of such
stabilized weights are preferred to optimize the variance estimation (Robins et al., 2000; Xu et al., 2010).

Based on w;, the maximization of the weighted likelihood of the logistic regression with Y as the outcome
—~ IPW
and A as the unique explanatory variables allows us to obtain 7/ 7", #I"W and OR

2.3 Truncated IPW

The weights w; can largely inflate for a subject ¢ concerned by positivity near-violation. The usual approach
is to truncate the lowest and the highest p; estimations by the 10 and 90™ percentiles, respectively (Cole
and Herndn, 2008). We also analyzed alternative thresholds, including the 5™ and 95™ percentiles, as well
as the 2.5 and 97.5™ percentiles of the estinllaaégd PS. We obtainded truncated stabilized weights, and the
~T-1I

estimations ﬁ()T_IPW, frlT_IPW, and OR

2.4 G-computation (GC)

GC is based on the outcome regression, frequently called the Q-model (Snowden et al., 2011). The logistic
regression is often used when Y is binary. Other models or algorithms can constitute alternatives (Austin,
2012). Consider the following Q-model: logit{ P(Y = 1|A,Z)} = vA + BZ. Once fitted, one can
compute for each subject ¢ the two expected probabilities of events if she/he is exposed or unexposed, i.e.,
P(Y; = 1|do(A; = 1),z) and P(Y; = 1|do(A; = 0), z;), respectively (Snowden et al., 2011). One
can then obtain 7¢¢ = n~! ZzIAD(YZ = 1ldo(A; = a),z) fora = 0,1; AGC = #§C — #GC and

—~ GC
OR = (#79/(1 — #§9)) /(7§ /(1 — %§'“)). This method is implemented in the RISCA package, in

R (Foucher et al., 2019).
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2.5 Targeted Maximum Likelihood Estimation (TMLE)

The first step is to fit the Q-model and estimate the two expected probabilities of events 7#{*“ and #§’“. The
additional targeting” step involves the estimation of p;, which is then used to update the initial estimates
obtained by the Q-model. This step aims to compute first: the clever covariates H (1, Z) = A/(expit(p;))

and H(0, Z) = (1 — A)/(1 — expit(p;)), where expit() represents the inverse logit function (1-7-);?(;)()' ), and
second: a vector fluctuation parameter ¢ = (€g, €1) estimated through a maximum likelihood procedure.

The fluctuation parameter is computed using an outcome model where the logit of the initial prediction of
the Q-model is an offset in an intercept-free logistic regression with the clever covariates as explanatory
variables (Luque-Fernandez et al., 2018). Therefore, we can generate updated estimates of the set of
potential outcomes (Y7* and Y;") by incorporating information from the mechanisms to reduce potential
biases. We generate logit(Y;*) = logit(Y;) + é x H, and logit(Yy) = logit(Yo) + é x Hy (Schuler and
Rose, 2017). In the presence of residual confounders, the PS provides additional information to improve
the initial estimates. It results in the estimations 7l M2 and #7 ML j ., the updated values of 7§’ and
7§, respectively. This method is implemented in the tmle package, in R (Gruber and van der Laan,
2012).

2.6 TMLE with truncated PS

As for IPW, the TMLE can use truncated PS in its second stage. The usual method is the truncation of the

lowest and highest values of p; by 0.1 and 0.9, respectively. We also analyzed other alternative truncation
. AT-TMLE ~T-TMLE ~pT-TMLE
levels: 0.05/0.95 and 0.025/0.975. One can then obtain 7; , T and OR . We

used the gbounds arguments in the tmle function of the tmle package in R (Gruber and van der Laan,
2012).

2.7 Variance estimators

For each method, was obtained from the usual and well-validated method. For IPW, we used a robust
sandwich-type variance estimator (Robins et al., 2000), with the sandwich package in R (Zeileis, 2006).
For GC, we generated 1,000 bootstrapped samples. This method is implemented in the RI SCA package in
R (Foucher et al., 2019). For TMLE, we used the efficient curve based variance estimator, implemented in
the tmle package in R (Gruber and van der Laan, 2012).

To improve the comparability of the results, we additionally used the bootstrap for IPW and TMLE-
based methods.

3 Simulation study

3.1 Data generation

Figure S1 (supplementary material) represents the directed acyclic graph of the simulations. We first
independently generated covariates Z = (71, ..., Zg): six binary covariates using Bernoulli distributions
with different probabilities (0.1 for Z;, 0.4 for Zs, 0.7 for Z4, 0.5 for Zs, 0.3 for Z7 and 0.8 for Zg), and
three continuous covariates using a Gaussian distribution with mean at 0 and standard deviation at 1. We
generated the exposure A according to a Bernoulli distribution with probability obtained from a logistic
model with the following linear predictor: ag + a2y + aZsy + aZy + aZs + aZ7 + aZg, o being the
regression coefficients associated with the covariates as detailed in Table S1, and oy was set to 1.05 or
—0.45 to simulate a prevalence of exposed patients at 80% or 50%, respectively. This design allows us to
expect situations of positivity near-violation (Figures S2 and S3), especially for Z; which was generated
with a 10% prevalence. A prevalence of 50% improved the PS distribution overlap between exposed and
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non-exposed subjects, and reducing the risk of positivity near-violation. Furthermore, because the near-
violation is more susceptible for small samples, we studied several sample sizes: n = 100, 200, 500, and
1000.

We randomly generated the outcome from a Bernoulli distribution with probability obtained from a
logistic model with the following linear predictor: —0.8 + 4 A + Bz721 + BzZ> + BzZs + BzZ4 +
BzZs + BzZs + Ba,z, A x Z1, where (B4, Sz) were the regression coefficients of A and Z, respectively.
To create an extrapolation issue as illustrated in Figure 1, we considered an interaction between A and
Z1 in the outcome generating model to obtain a poorly calibrated model in the area where Z; violated
the positivity assumption. The values of 34 and Sz are presented in Table S1. The regression coefficient
Ba,z, of the interaction ranged from 0.0 - 84 to 2.0 - B4, according to the intensity of the extrapolation
issues : 0.0 for no issue, 0.3 for low issues, 0.9 for moderate issues and 2.0 for high issues.

For each of the 32 scenarios (4 sample sizes, 2 exposures, and 4 extrapolation scenarios), we generated
1,000 datasets. Among the generated datasets for a 50% exposure prevalence, the near-violation of the
positivity assumption (no unexposed subjects with Z; = 1) concerned 0.0% of the datasets for n = 1000 or
500 subjects, 1.3% for n =200 subjects, and 14.1% for n = 100 subjects. For an 80% exposure prevalence,
this near-violation concerned 0.2% of the datasets for n = 1000, 7.2% for n = 500 subjects, 31.8% for n =
200 subjects, and 58.2% for n = 100 subjects.

3.2 Estimations

We used correctly specified exposure and outcome models to study the impact of positivity near-violation
and the extrapolation issue. The interaction between Z; and A was introduced in both the models for
data generation and the models estimated in each simulated dataset. Even if the outcome model was
theoretically well specified, its estimation could result in poor calibrated predictions where there was no
data support in the near-violation area.

The interaction between Z1 and A was introduced in both the models for data generation and the mod-
els estimated in each simulated dataset. Even if the outcome model is theoretically well specified, its
estimation may result in poor calibrated predictions where there is no data support in the near-violation
area.

We estimated the true values of m; and 7 by averaging the values obtained from a univariate logistic
model (the exposure as the only covariate), fitted from datasets generated as above, except that the exposure
A was simulated independently of the covariates Z (Gayat et al., 2012).

To ensure comparability between methods, we decided to set the same strategy of variables’ selection.
Our set of covariates corresponded to all the outcome causes, theoretically defined by the simulation design
(Figure S1), i.e., Z1, Zs, Zs, Z4, Z5, and Zg (Chatton et al., 2020). We did not study data-adaptive methods
to optimize our set of covariates (for instance, the collaborative targeted maximum likelihood estimation
(van der Laan and Gruber, 2010)), or even a data-adaptive choice of the truncated PS threshold (Bembom
and van der Laan, 2008).

The main estimand was the log(OR). We reported several associated criteria: the mean absolute bias
(MAB) (M AB = E(log(OR)) — log(OR)) , the variance estimation ratio (VER) by the ratio of estimated

model standard deviation to empirical standard deviation (VER = (\/ E [var(log(éf{))] / \/ Var(log((S\R)))),

the mean square error (MSE) (M SE = E [(log(C/)\R) — log(OR))?]) , the coverage rate of the 95% con-
fidence interval (95%CI), and the statistical power. We also reported the mean bias of the probability of
an event under the two counterfactual treatments as well as their difference (A). We computed the Monte
Carlo standard errors for each metric (Morris et al., 2019). We performed all of the analyses using the R
software package (R Core Team, 2014).
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3.3 Results

The results are presented in Figures 2, 3, and 4 for an 80% exposure prevalence. For the methods with
truncation, we report in this subsection the results obtained by using the 10" and 90™ percentiles, which
were associated with the lower MSE values. We also performed the analyses for the 5 and 95™ percentiles,
and the 2.5th and 97.5th percentiles. These additional results are detailed as supplementary information in
Tables S2 and S3 for an exposure prevalence at 80%, and in Tables S6 and S7 for an exposure prevalence
at 50% (with Figures S6-8). The bootstrap-based results for an 80% exposure prevalence are presented in
Tables S4, S5, with Figures S4 and S5. The results under the null hypothesis are presented in Tables S8-9
with Figures S9-11 for a prevalence of 80%, and in Tables S10-11 with Figures S12-14 for a prevalence of
50%. The standard Monte Carlo errors were negligible and are not presented in the results.

3.3.1 Mean bias

The truncated IPW estimator was biased in almost every situation. For the other methods, the bias increased
as the near-violation of positivity was accentuated, i.e., when the sample size decreased (Figure 2). This
increase was more significant for IPW estimators. For instance, for the scenario without an extrapolation
issue, the MAB was 0.065 for a sample size of 100 subjects, versus -0.002 for 1000 subjects.

The extrapolation issue increased the MAB for methods based on the outcome modeling (GC, TMLE
and truncated TMLE), but only when the level was high. For instance, for 200 subjects without extrap-
olation issue, the MAB for GC and truncated TMLE were -0.006 and 0.000 respectively, versus -0.038
and -0.032 with high extrapolation issue. Even when its level was high, the extrapolation issue had minor
consequences when the sample size was equal to or higher than 500 subjects. The TMLE seemed to be the
most robust method across all scenarios, especially for small sample sizes (n = 200).

For a prevalence of exposure of 50% where the positivity near-violation was lower, the MABs were
lower for all of the methods, with comparable results in terms of bias. Even in the most extreme situations
(100 subjects with high extrapolation issue), the methods remained robust.

3.3.2 Variance

As illustrated in Figure 3, the decreases in the variance associated with the sample size was comparable
across all methods. The extrapolation issue did not affect the variance estimation. However, GC was
associated with larger variance when the sample size was smaller. The estimated standard deviation for GC
was 1.167 for 100 subjects, 0.399 for 200 subjects, 0.244 for 500 subjects, and 0.177 for 1000 subjects. GC
was the only method based on bootstrapping, which can explain this result. Therefore and for comparability
sake, we subsequently used bootstrapping for the other methods (Tables S4, S5 and Figure S4). In this
situation, variance was similar among all methods for 100 subjects.

Note that regardless of the method used for variance estimation, the standard deviations were similar
when the prevalence was 50%. For 100 subjects without extrapolation issue, we estimated a standard
deviation at 0.447 for GC, 0.458 for the IPW, 0.433 for the truncated IPW, 0.406 for the TMLE, and 0.405
for the truncated TMLE.

The VER was lower for the TMLE-based methods. This over-optimistic estimation of the variance was
partially corrected for the largest sample sizes. More precisely, the VER for TMLE were 0.715 for 100
subjects, 0.798 for 200 subjects, 0.839 for 500 subjects, and 0.923 for 1000 subjects. The use of bootstrap-
ping corrected this over-optimistic estimation (Figure S4). Note that truncated TMLE was associated with
lower variances (Tables S2 and S3).

3.3.3 MSE, coverage and power

As illustrated in Figure 4, we observed an increase in the MSE values with the level of the positivity
near-violation, in agreement with the previously reported increase in the MAB values. Nevertheless, the
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MSE was not significantly affected by the problem of extrapolation. The MSE was lower for GC and
truncated methods in the most extreme situation. For instance, for 100 subjects, MSE values were 0.331,
0.507, 0.388, 0.475 and 0.326 for GC, TMLE, truncated TMLE, IPW and truncated IPW, respectively. The
lowest MSE was always obtained with the truncated IPW. The second method was GC. Truncated IPW and
GC were the two methods with the best bias-variance tradeoff. Note that when the prevalence was 50%
(Tables S6 and S7), the MSE for the different methods was similar. However, truncated IPW remained the
method with the lowest MSE.

As presented in Figure 4, IPW-based methods and GC resulted in nominal coverage values regardless
of the sample sizes. TMLE and truncated TMLE underestimated the variance, resulting in coverage issues.
For TMLE-based methods, the underestimated variance results in anti-conservative confidence intervals.
More precisely, for scenarios without extrapolation issues, the coverage value of TMLE was 84.6% for
100 subjects, 88.4% for 200 subjects, 88.6% for 500 subjects, and 91.4% for 1000 subjects. The use
of bootstrapping allowed to correct this underestimation. However, as reported in Tables S4 and S5, we
obtained values greater than 95%, regardless of the extrapolation issue: 97.1% for 100 subjects, 96.4%
for 200 subjects, 95.7% for 500 subjects, and 94.7% for 1000 subjects. The previous results under the
alternative hypothesis remained consistent under the null hypothesis. The type I error rate was close to
the nominal 5% value at for all methods, except for the TMLE-based methods (variance estimation with
efficient curves), with values close to 10% throughout the scenarios.

The progressive increase in the extrapolation issue allowed a slight increase in the statistical power
for all methods, regardless of the magnitude of the positivity near-violation. In contrast, the statistical
power was strongly impacted by the size of the population for all methods, with values around 20% per
100 subjects compared to values around 90% per 1000 subjects. The IPW presented the lowest values,
while the truncated TMLE was the highest statistical power method. These results were in agreement
with the over-optimistic estimation of the variance for TMLE-based methods. The power of GC was close
to the truncated TMLE. The use of truncated methods improved the statistical power. For example, for
200 subjects without extrapolation issues, the powers were 36.0% for truncated TMLE, 35.9% for TMLE,
31.4% for GC, 25.1% for IPW and 23.5% for truncated IPW. For 1000 subjects, the powers were 87.1%
for truncated TMLE, 81.0% for TMLE, 85.6% for GC, 76.9% for IPW and 86.3% for truncated IPW.

4 Application: effect of barbiturates in patients with intracranial hyper-
tension

We compared the five methods on a real dataset, in situations We compared the five methods on a real
dataset, in situations that could suggest a near-violation of the positivity assumption. We studied bar-
biturate prescription for the treatment for refractory intracranial hypertension during the first 24 hours
post-admission, and its relationship to, in-hospital mortality.

4.1 Methods

We included 1,584 patients from the AtlanREA cohort (www.atlanrea.org, CNIL DR-2013-047). These
patients were admitted to an intensive care unit (ICU) in France’s western region between March 2013 and
February 2018, and were monitored for intracranial pressure.

For covariates selection, to be consistent with the simulations, we selected the covariates causing the
outcome (Chatton et al., 2020). For this purpose, as proposed by VanderWeele and Shpitser (2011), we
asked experts which covariates caused the outcome (i.e., a history of head trauma, use of osmotherapy,
type of brain injury, age, SAPS II score, signs of intracranial hypertension on admission, lactate and creati-
nine levels on admission). We did not test interactions. We applied B-spline transformations to continuous
covariates when the log-linearity assumption did not hold. For IPW-based approaches, we additionally
checked the balance between the two weighted groups with standardized differences. We performed com-
plete case analyses.
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4.2 Description of the cohort

Among the 1,584 patients, 1,119 had no missing data on the outcome or covariates. One hundred and
twenty-seven (127) patients were in the treated group versus 992 control patients (no barbiturate during the
first 24 hours post-admission).

We performed a comparison of analyzed patients versus patients excluded due to missing data and the
results are shown in Table S12. Excluded patients were mainly less severe (higher Glasgow scores and
lower SAPS 1II scores), with a higher proportion of women, and a different distribution of hospital care
centers. Table S13 provides a comparison between the control and barbiturate-treated groups.

Sixty-six patients in the group administered barbiturates died in ICU compared to 256 in the control
group. One can note that only six patients in the treated group (4.7%) were over 70 years old versus 126
(12.7%) in the control group (Figure S15). The age ranged was from 19 to 90 years old in the control group
versus 19 to 76 years old in the treated group. One can explain a near-violation of the positivity because
of two main reasons. Firstly, elderly patients have a lower probability of receiving last-line treatment for
intracranial hypertension because of therapy limitations (Calland et al., 2012). Secondly, the treatment
prevalence was small, resulting in only 127 patients with barbiturates and the possible sample-to-sample
fluctuation.

4.3 Marginal effects estimates

In situations where the age-related near-violation of the positivity concerned 10% of the sample, we first
performed an analyses of the overall sample. Next, we restricted the inclusion of patients to those younger
than 70 years old. Figure S16 confirms that the patient age, for which we described the positivity violation,
was associated with in-hospital mortality. The results are presented in Table 1 and plotted in Figure S17.

By observing the entire sample results, one can notice significant differences between the different meth-
ods. The most extreme effects were obtained with the truncated methods, while the previous simulation-
based results highlighted their higher bias. More precisely, the truncated IPW (10" and 90" percentiles)
had the highest OR (2.909, 95%CI from 1.990 to 4.254), while the truncated TMLE (bounds at 0.1 and
0.9) had the lowest OR (1.043, 95%CI from 0.814 to 1.338). The IPW and the TMLE were the two meth-
ods with the highest variance (0.362 and 0.299, respectively). The techniques with the lowest variances
were the truncated approaches (0.127 for truncated TMLE and 0.194 for truncated IPW). Only the methods
based on the TMLE have a 95% CI for the OR incorporating the value 1.

By comparing the results obtained from the entire sample with those reduced to patients under 70
years old, one can note relative stability in the estimates achieved by the five methods. Nevertheless, the
estimations did not vary in the same direction: a slight increase between the estimations performed on the
entire sample versus those in the subgroup for the GC, IPW and truncated IPW, and a modest decrease in
values for the TMLE-based methods. The methods with the closest results between the entire cohort and
the sub-sample were based on the outcome model (TMLE, truncated TMLE and GC). We reported a more
considerable difference for IPW and truncated IPW. For instance, the OR obtained with truncated TMLE
varied from 1.043 (95%CI from 0.814 to 1.338) to 1.047 (95%CI from 0.791 to 1.396), whereas the values
obtained with IPW ranged from 2.158 (95%CI from 1.060 to 4.390) to 2.237 (95%CI from 1.082 to 4.624).
Population restriction leads to an increase in variance, especially for TMLE-based methods (Figure S17).

The conclusions that can be drawn from the 95%CI did not change between the overall population and
the restricted population. However, one can note that only the TMLE-based methods resulted in non-
significant statistical effects, i.e., rendering the study statistically ’inconclusive”, in contrast to the results
obtained by the other methods.

5 Discussion

The results of the simulations illustrated that the near-violation of the positivity assumption could impact
the bias and precision of the five methods. In terms of MAB, one can conclude that methods based on
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the outcome modeling showed the best results. The addition of an extrapolation issue altered the MAB
for these methods, but in a magnitude similar to the one observed for the IPW-based approaches. Whilst
the truncated methods introduced bias, they reduced the variance estimation, as previously described by
Moore et al. (2012). Methods with the best balance between variance and bias were truncated IPW and
GC. TMLE-based methods were associated with an over-optimistic estimate of the variance, resulting in
lower coverage than the nominal value. We did not observe this issue when the prevalence of exposure
was 50%, i.e., reducing the positivity near-violation. Although the TMLE is a doubly robust estimator
consistent when at least one nuisance model is well-specified, the variance estimation can be challenging.
Petersen et al. (2014) and Lendle et al. (2017) reported the potential inflation of the type I error and poor
coverage in the presence of positivity near-violations. Our results confirm their findings and the potential
of a bootstrap-based approach as an alternative. We performed additional simulations with the average
exposure effect as the estimand (instead of the logOR), our results were consistent (data not shown).

Whilst the simulations illustrated important differences between each methods performance, the ‘real-
dataset’ application emphasized the importance of the method chosen. Indeed, the clinical conclusion
varied according to the specific method. In agreement with the simulations, the variances of truncated
methods were smaller, but this benefit has to be counterbalanced with the risk of bias (Cole and Hernan,
2008; Ju et al., 2019). The main concern lies in their optimal cut-off choice, giving us the best bias-variance
tradeoff. We have studied consensual thresholds, defined either by a bound value of PS (for TMLE) or by
the value of a percentile of the weights (for IPW). An alternative would lie in establishing an algorithm
seeking the best bias-variance tradeoff, which would be guided by the data. This solution has recently been
studied to choose data-driven PS truncation thresholds adapted to IPW (Bembom and van der Laan, 2008)
or to TMLE (Ju et al., 2019), with promising results for positivity violation situations. Another solution
may also lie in the use of modern methods such as limited overlap, matching and entropy weightings to
reduce the influence of the most extreme observations and focus on the data area with the most overlap,
therefore capturing the processing effect for which we have the most information (Zhou et al., 2020). These
techniques enable us to estimate an average treatment effect on the population overlap (Li et al., 2018).

Causal inference in observational studies relies directly on the assumption that all participants are el-
igible to be exposed (or unexposed). Our results confirmed the importance of this assumption since all
the methods compared were affected in terms of bias and/or variance. This assumption’s violation is more
identifiable by using PS-based approaches since it consists of regressing the exposure probability. In con-
trast, GC involves outcome modeling, and this violation can remain unidentified (Kang and Schafer, 2007).
For IPW, subjects who have a low likelihood of exposure but who are exposed, results in extreme weights
with unstable estimations and high variances (Kang and Schafer, 2007). The inflated variance and the
associated extreme weighting obtained in this way can alert investigators. Unfortunately, the situations at
risk of extrapolation are not directly identifiable, and only the violations of positivity can be revealed.

The near-violation of the positivity represents an obstacle to causal inferences only when it concerns true
confounders, i.e., those associated with both the exposure and the outcome (Westreich and Cole, 2010). In
contrast, imbalance of variables was only associated with exposure, also called instrumental variables, and
will have no impact on the bias.

Several authors have previously documented different techniques for detecting restrictions on the pos-
itivity assumption in the context of PS analysis (Cole and Hernan, 2008; Austin and Stuart, 2015). The
first approach is to study the distribution of the exposure regimen for each covariate, but this can become
tedious when dealing with many covariates. One can also use standardized differences (Austin and Stuart,
2015). Another possibility is to compare a groups weights distributions, or even to focus on the distribu-
tion of PS. Histogram of the PS distribution by exposure group is an example of interesting representation.
In practice, one can assess the positivity assumption by searching for a lack of sufficient overlap of the
PS distributions between the exposure groups. However, while useful to diagnose potential positivity vi-
olations, these techniques do not provide any quantitative estimate of the estimator bias due to positivity
near-violation. Petersen et al. (2012) proposed a parametric bootstrap approach to provide an optimistic
bias estimate specifically targeted for positivity violations and near-violations.
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Our study has several limitations. Firstly, we only considered TMLE-based methods, while other DRE
approaches exist, such as the augmented inverse probability of treatment weighting (A-IPTW) (Glynn and
Quinn, 2010). We focused on TMLE because of its better stability compared to A-IPTW (Neugebauer and
van der Laan, 2005; Porter et al., 2011; Luque-Fernandez et al., 2018). Secondly, we did not study the
different methods for the construction of the model, as this would have multiplied the number of possible
approaches to compare. For instance, an alternative to reduce the variance of TMLE is the collabora-
tive TMLE (C-TMLE), which uses a sequential selection of covariates estimating PS (Porter et al., 2011;
Lendle et al., 2013; Pirracchio et al., 2018). Machine learning techniques were also proposed for GC
(Austin, 2012), or for PS-based methods (Pirracchio et al., 2015). The improvement of the methods we
studied by machine learning techniques is an interesting perspective of our work, especially because it
can help to reduce the problem of extrapolation. Thirdly, our simulation-based study was not associated
with theoretical justification, and it does not demonstrate which method is the best in all situations. Even
though our results are in agreement with the current literature, additional studies are required, such as
incorporating the extrapolation issue for patients with a higher susceptibility of positivity near-violation.

To conclude, our study illustrates that all the causal methods were sensitive to the near-positivity vio-
lation. Nevertheless, we reported the methods’ robustness based on the outcome model (GC and TMLE),
even with an extrapolation issue. The truncated method, whilst attractive in terms of variance reduction,
should be used with caution due to the associated risk of increased bias. G-computation appears to present
the best compromise when considering its ability to reduce the bias and its statistical power.
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Figure1 A representative illustration of the extrapolation issue occurring with a positivity near-violation.
The left y-axis represents the conditional distribution function of the covariate Z; according to the exposure
status. The right y-axis represents the conditional probability of the outcome.
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Figure 2 The mean absolute bias (y-axis) according to different sample size (from 100 to 1,000, x-axis)
and extrapolation issue. Abbreviations: GC, g-computation; IPW, inverse probability weighting; T-IPW,
truncated inverse probability weighting (thresholds: 10" and 90" percentiles) ; TMLE, targeting maximum
likelihood estimator; T-TMLE, truncated targeting maximum likelihood estimator (thresholds: bounds at
0.1 and 0.9); 7, the expected proportions of event if the entire population is exposed; 7, the expected
proportions of event if the entire population is unexposed; A, the corresponding difference (71 - 7y); OR,

the corresponding odds-ratio.

© 2020 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim

www.biometrical-journal.com



18 Léger et al.: Causal inference with near-violation of positivity
No Low Moderate High
extrapolation extrapolation extrapolation extrapolation
issue issue issue issue
125+, 1.25 - 1.25 - 1.25 -
1.00 - 1.00 - 1.00 - 1.00 -
Estimated 0.75- 0.75- 0.75- 0.75-
standard
104 050- & 050- & 0.50- & 050- &
deviation \l\ \i\ \g\ Ny
0.25- '\i 0.25- :\* 0.25- .\* 0.25- l\*
0.00- ] ] ] ] 0.00- ] ] ] ] 0.00- 1 ] 1 ] 0.00- i ] 1 ]
100 200 500 1000 100 200 500 1000 100 200 500 1000 100 200 500 1000
+ + + +
0.6- E\ 0.6- E\ 0.6- E\ 0.6- E\
Empirical \ﬁ \ﬁ \ﬁ \ﬁ
0.4- \ 0.4- \ 0.4- \ 0.4- \
standard \ R \' \i \t
deviation 02- Ny o02- Ny o02- Ny 02- Ny
0.0- 1 1 1 1 0.0- ] 1 1 1 0.0- 1 1 1 1 0.0- 1 1 [ 1
100 200 500 1000 100 200 500 1000 100 200 500 1000 100 200 500 1000
20- ° 2.0- ° 20- o 20-
Estimated-
. 1.5- 1.5~ 1.5~ 1.5~
empirical
variance ratio
10— w—0=<f=1 10— w—0==f=—1 10— w—a==8=} 1.0 y—0==f=1
100 200 500 1000 100 200 500 1000 100 200 500 1000 100 200 500 1000
- GC IPW - T-IPW —+ TMLE -= T-TMLE
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Figure4 The mean square error, the coverage of the 95% confidence interval and the statistical power ac-
cording to different sample size (from 100 to 1,000, x-axis), and extrapolation issue. The target parameter
was log(OR). Abbreviations: GC, g-computation; IPW, inverse probability weighting; T-IPW, truncated
inverse probability weighting (thresholds: 10 and 90" percentiles) ; TMLE, targeting maximum likeli-
hood estimator; T-TMLE, truncated targeting maximum likelihood estimator (thresholds: bounds at 0.1
and 0.9).

© 2020 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim

www.biometrical-journal.com



Annexe D

Eléments supplémentaires au chapitre 3



G-computation, propensity score-based methods,
and targeted maximum likelihood estimator for
causal inference with different covariates sets: a
comparative simulation study

Arthur Chatton!2, Florent Le Borgne'?, Clémence Leyrat'>, Florence Gillaizeau'*, Chloé
Rousseau'*>, Laetitia Barbin*, David Laplaud*®, Maxime Léger'’, Bruno Giraudeau'?,
and Yohann Foucher!#*

'INSERM UMR 1246 - SPHERE, Université de Nantes, Université de Tours, Nantes, France.
2A2COM-IDBC, Pacé, France.

3Department of Medical Statistics & Cancer Survival Group, London School of Hygiene and Tropical Medicine,
London, UK.

“Centre Hospitalier Universitaire de Nantes, Nantes, France.

’INSERM CIC1414, CHU Rennes, Rennes, France.

5Centre de Recherche en Transplantation et Immunologie INSERM UMR1064, Université de Nantes, Nantes,
France.

"Département d’Anesthésie-Réanimation, Centre Hospitalier Universitaire d’Angers, Angers, France.
8INSERM CIC1415, CHRU de Tours, Tours, France.

“Yohann.Foucher@univ-nantes.fr

ABSTRACT

Controlling for confounding bias is crucial in causal inference. Distinct methods are currently employed to mitigate the effects of
confounding bias. Each requires the introduction of a set of covariates, which remains difficult to choose, especially regarding
the different methods. We conduct a simulation study to compare the relative performance results obtained by using four
different sets of covariates (those causing the outcome, those causing the treatment allocation, those causing both the outcome
and the treatment allocation, and all the covariates) and four methods: g-computation, inverse probability of treatment weighting,
full matching and targeted maximum likelihood estimator. Our simulations are in the context of a binary treatment, a binary
outcome and baseline confounders. The simulations suggest that considering all the covariates causing the outcome led to
the lowest bias and variance, particularly for g-computation. The consideration of all the covariates did not decrease the bias
but significantly reduced the power. We apply these methods to two real-world examples that have clinical relevance, thereby
illustrating the real-world importance of using these methods. We propose an R package RISCA to encourage the use of
g-computation in causal inference.

Supplementary Materials
R code for RISCA use:

library (RISCA)

#data simulation

#treatment = 1 if the patients have been the treatment of interest and 0 otherwise
treatment <- rbinom (600, 1, prob=0.5)

covariate <- rnorm (600, 0, 1)

covariate[treatment==1] <- rnorm(sum(treatment==1), 0.3, 1)

outcome <- rbinom (600, 1, prob=1/(l+exp(-2-0.26+treatment-0.7+covariate)))

tab <- data.frame (outcome, treatment, covariate)

#Raw effect of the treatment



glm.raw <- glm(outcome ~ treatment, data=tab, family = binomial (link=logit))
summary (glm.raw)

#Conditional effect of the treatment
glm.multi <- glm(outcome ~ treatment + covariate, data=tab, family = binomial)
summary (glm.multi)

#Marginal effects of the treatment (ATE)
gc.ate <- GC.Logistic(glm.obj=glm.multi, data=tab, group="treatment", effect="ATE",
var.method="simulations", iterations=1000)

#Sum-up of the 3 ORs

data.frame ( raw=exp (glm.raw$coefficients[2]),
conditional=exp (glm.multi$coefficients[2])
marginal.ate=exp(gc.ate$logOR[,1]) )
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n method set mean bias logOR
m Am  logOR MSE VEB coverage  typel
outcome 0.001 0.000  -0.001 -0.002 | 0.396 271 93.1 5.6
GC treatment 0.000 0.001 0.001 0.005 0.457 =11 92.8 5.7
common 0.001 -0.000  -0.001 -0.003 | 0.419 -52 93.6 53
entire 0.000 0.001 0.001 0.005 0.439  -10.9 91.7 6.3
outcome -0.000 0.001 0.002 0.009 0.455 I1.5 97.3 2.7
IPTW treatment | -0.004 0.005 0.008 0.037 0.599 -4.9 94.7 53
common -0.000 0.001 0.001 0.006 0.462 7.6 96.6 35
100 entire -0.004 0.005 0.009 0.040 0.622 -5.6 95.1 5.0
outcome 0.001 0.000  -0.000 0.001 0432 -147 89.8 10.2
TMLE treatment | -0.003 0.005 0.008 0.037 0.549  -23.8 85.0 15.0
common 0.001  -0.000  -0.001 -0.003 | 0.452 -9.8 91.4 8.6
entire -0.004 0.006 0.009 0.044 0.533  -30.6 81.3 18.7
outcome -0.002 0.004 0.006 0.029 0.530  -21.9 88.1 11.9
M treatment | -0.006 0.007 0.013 0.062 0.648  -354 79.8 20.1
common -0.002 0.003 0.005 0.026 0.534  -22.6 87.7 12.3
entire -0.007 0.007 0.014 0.067 0.653  -35.7 79.7 20.2
outcome -0.001 0.000 0.001 0.005 0.217 2.2 94.7 52
GC treatment | -0.001 0.001 0.001 0.006 0.251 -2.0 94.5 52
common -0.001 0.000 0.001 0.004 0.234 -1.7 94.5 53
entire -0.001 0.001 0.001 0.006 0.235 -3.0 94.4 5.1
outcome -0.001 0.001 0.002 0.008 0.236 193 98.1 1.9
IPTW treatment | -0.002 0.001 0.003 0.012 0.319 5.8 96.2 3.8
common -0.001 0.001 0.002 0.008 0.249 12.0 97.0 3.0
300 entire -0.002 0.001 0.003 0.012 0.314 9.2 97.1 2.9
outcome -0.001 0.000 0.001 0.004 0.230 -3.6 93.9 6.1
TMLE treatment | -0.001 0.001 0.002 0.011 0.301 -10.3 91.3 8.7
common -0.001 0.000 0.001 0.004 0.246 -2.5 94.0 6.0
entire -0.001 0.001 0.003 0.011 0281  -125 90.3 9.7
outcome -0.001 0.001 0.002 0.010 0285 -17.8 89.4 10.6
M treatment | -0.003 0.002 0.006 0.025 0374  -37.0 78.5 21.5
common -0.001 0.000 0.001 0.007 0305  -23.1 87.2 12.7
entire -0.004 0.003 0.006 0.028 0359 -344 80.5 19.5
outcome -0.000  -0.000  -0.000  -0.000 | 0.169 2.4 94.2 5.8
GC treatment | -0.000  -0.000 0.000 0.002 0.196 -2.6 94.2 5.7
common -0.000  -0.000 0.000 0.000 0.182 -2.1 94.5 5.5
entire -0.000  -0.000 0.000 0.001 0.182 -3.0 93.9 5.8
outcome -0.001 -0.000 0.001 0.003 0.181 18.6 98.0 2.0
IPTW treatment | -0.001 0.000 0.001 0.005 0.244 6.7 96.5 35
common -0.001 0.000 0.001 0.003 0.192 113 97.1 2.9
500 entire -0.001 -0.000 0.001 0.003 0.237 11.3 97.0 3.0
outcome -0.000  -0.000  -0.000  -0.000 | 0.178 -3.5 93.6 6.4
TMLE treatment | -0.001  -0.000 0.000 0.002 0.232 212 92.1 8.0
common -0.000  -0.000 0.000 0.000 0.191 =27 94.3 5.8
entire -0.001  -0.000 0.000 0.001 0.216 -8.7 91.5 8.5
outcome -0.00I  -0.000 0.000 0.002 0216 -163 90.2 9.8
M treatment | -0.003 0.001 0.004 0.015 0295  -385 71.5 22.6
common -0.000  -0.000 0.000 0.002 0.260  -30.4 83.2 16.9
entire -0.002 0.001 0.003 0.014 0.284  -36.1 79.2 20.8
outcome -0.000 0.000 0.000 0.001 0.083 -1.0 94.7 5.5
GC treatment 0.000 0.000 0.000 0.001 0.096 -0.7 94.8 52
common 0.000 0.000 0.000 0.001 0.090 -0.7 94.9 53
entire -0.000 0.000 0.000 0.002 0.089 -0.8 94.8 5.4
outcome -0.000 0.001 0.001 0.004 0.089 20.1 98.1 I.8
IPTW treatment | -0.000 0.000 0.001 0.002 0.116 11.5 97.1 2.9
common -0.000 0.001 0.001 0.003 0.094 12.9 97.2 2.8
2000 entire -0.000 0.000 0.001 0.003 0.111 16.7 97.7 22
outcome 0.000 0.000 0.000 0.001 0.087 -1.3 94.3 5.6
TMLE treatment 0.000 0.000 0.000 0.001 0.111 -0.8 94.7 54
common 0.000 0.000 0.000 0.001 0.093 -0.6 94.7 5.3
entire -0.000 0.000 0.001 0.002 0.104 -1.6 94.3 5.7
outcome -0.000 0.000 0.000 0.002 0.126  -285 84.1 15.9
M treatment | -0.000 0.001 0.001 0.005 0.162  -444 72.3 27.7
common -0.000 0.000 0.000 0.002 0.197  -542 62.7 37.2
entire -0.000 0.001 0.001 0.004 0.137  -33.9 80.7 19.4

Simulation results comparing the ATE estimation under the null hypothesis.

312



n method set mean bias logOR
o) T Am  logOR MSE VEB coverage  power

outcome 0.002  -0.000  -0.003 0.000 0.526  -10.9 93.1 6.7

GC treatment 0.002  -0.000 -0.003  -0.001 0.584  -104 93.1 6.3
common 0.003  -0.000  -0.003  -0.002 | 0.555 9.2 93.6 6.4

entire 0.001  -0.000  -0.001 0.003 0.562  -134 91.8 7.5

outcome 0.003  -0.000 -0.004 -0.010 | 0.579 6.5 96.6 32

IPTW treatment 0.002  -0.000  -0.002  -0.011 0.715 -4.3 94.4 55
common 0.004  -0.000 -0.005 -0.011 0.593 1.6 95.9 4.0

100 entire -0.001  -0.000 0.001 -0.006 | 0.744 -4.8 94.5 5.5
outcome 0.003  -0.000 -0.004  -0.022 | 0.696 30.6 95.9 3.9

TMLE | treatment 0.003  -0.000 -0.004 -0.037 | 0.875 2104 99.2 0.7
common 0.004  -0.000 -0.004  -0.022 | 0.709 53 94.3 5.6

entire 0.001 -0.000  -0.001 -0.028 | 0.884  498.8 99.5 0.5
outcome -0.001  -0.000 0.001 0.005 0.662  -20.6 88.9 11.3
M treatment | -0.004  -0.000 0.004 0.010 0.817 -35.3 79.5 20.2
common 0.000  -0.000  -0.000 0.002 0.658 -20.3 89.0 11.0
entire -0.005  -0.000 0.005 0.010 0.835 -36.6 78.5 21.4

outcome -0.000 0.000 0.000 0.004 0.268 2.2 94.7 5.1

GC treatment | -0.000 0.000 0.000 0.003 0.305 -3.0 94.4 53
common 0.000 0.000 0.000 0.003 0.290 -2.5 94.7 53

entire -0.000 0.000 0.001 0.004 0.282 -3.0 94.7 5.1

outcome 0.000 0.000  -0.000 0.001 0.287 16.0 98.0 2.0

IPTW treatment | -0.002 0.000 0.002 0.008 0.365 4.7 96.1 3.9
common 0.000 0.000  -0.000 0.001 0.307 7.6 96.8 32

300 entire -0.002 0.000 0.003 0.008 0.353 10.4 97.1 2.9
: outcome -0.00T 0.000 0.001 0.003 0.347 -11.2 92.1 79
TMLE treatment | -0.001 0.000 0.001 -0.001 0.451 71.6 99.3 0.7
common -0.001 0.000 0.002 0.005 0.371 -14.7 90.9 9.1

entire -0.001 0.000 0.001 -0.003 | 0.427 106.5 99.6 0.4

outcome -0.001 0.000 0.002 0.005 0.338 -13.8 90.9 9.1
M treatment | -0.004 0.000 0.004 0.011 0.444  -342 80.3 19.8
common -0.002 0.000 0.002 0.007 0.351 -17.0 89.9 10.1
entire -0.004 0.000 0.004 0.011 0.437 -33.2 81.8 18.2

outcome 0.000  -0.001 -0.001 -0.003 | 0.203 -0.7 95.0 5.0

GC treatment 0.001 -0.001 -0.002  -0.006 | 0.232 -1.6 94.8 5.1
common 0.001  -0.001 -0.002  -0.005 | 0.221 -1.3 94.8 49

entire 0.000  -0.001  -0.001 -0.005 | 0.215 -1.4 94.8 52

outcome 0.001 -0.001 -0.002  -0.008 | 0.219 16.6 97.9 2.1

IPTW treatment 0.001  -0.001  -0.002  -0.008 | 0.276 6.2 96.2 3.8
common 0.001  -0.001  -0.002  -0.009 | 0.233 8.8 96.7 32

500 entire 0.000  -0.001 -0.001 -0.007 | 0.265 11.7 97.0 3.0
outcome -0.000  -0.001  -0.001 -0.005 | 0264  -15.8 90.0 10.0

TMLE | treatment 0.001  -0.001  -0.002  -0.012 | 0.341 51.5 99.0 1.0
common -0.000  -0.001 -0.001 -0.004 | 0.283 -17.2 89.4 10.6

entire 0.001  -0.001  -0.002  -0.011 0.320 69.4 99.4 0.6

outcome -0.000  -0.00I  -0.001 -0.004 | 0254  -11.7 92.1 79

M treatment | -0.001 -0.001 -0.000  -0.004 | 0.337 -33.2 80.9 19.1
common 0.000  -0.001  -0.001 -0.005 | 0276  -185 89.2 10.7

entire -0.000  -0.001 -0.001 -0.006 | 0.324  -30.6 82.7 17.3

outcome 0.000 0.000 0.000 0.000 0.102 -1.7 94.4 5.8

GC treatment 0.000 0.000  -0.000  -0.000 | 0.115 -0.9 94.9 52
common 0.000 0.000  -0.000  -0.000 | 0.110 -1.1 95.1 49

entire 0.000 0.000 0.000 0.001 0.107 -1.6 94.3 5.8

outcome 0.001 0.000  -0.001 -0.005 | 0.108 159 97.6 2.4

IPTW treatment 0.000 0.000  -0.000  -0.000 | 0.132 8.8 96.4 3.6
common 0.001 0.000  -0.001 -0.005 | 0.115 9.0 96.6 34

2000 entire 0.000 0.000 0.000 0.000 0.127 13.9 97.3 2.7
outcome 0.000 0.000  -0.000  -0.001 0.129  -19.2 88.3 11.7

TMLE | treatment 0.000 0.000 0.000  -0.001 0.164 34.4 99.0 1.0
common 0.000 0.000  -0.000  -0.000 | 0.138 -18.7 88.6 11.4

entire 0.000 0.000 0.000  -0.000 | 0.154 37.2 99.1 0.9

outcome 0.000 0.000 0.000 0.000 0.129  -133 91.0 9.0

M treatment 0.000 0.000 0.000  -0.001 0.196  -43.1 73.4 26.7
common 0.000 0.000  -0.000  -0.001 0.144  -22.6 87.5 12.6
entire 0.000 0.000 0.000  -0.001 0.155 -28.1 84.0 16.0

Simulation results comparing the ATT estimation under the null hypothesis.

412



n method set mean bias logOR

Ty T Am  logOR MSE VEB coverage  typel

outcome -0.113  -0.000  0.113 0.471 0.686 -5.1 83.3 16.8

GC treatment | -0.123  -0.000  0.123 0.512 0.754 -5.7 83.6 159
common -0.113  -0.000  0.112 0.468 0.702 -3.6 85.4 14.9

entire -0.124  -0.000  0.124 0.516 0.739 -7.9 81.1 18.0

outcome -0.113 -0.000  0.113 0.471 0.699 9.5 90.7 9.5

IPTW treatment | -0.126  -0.000  0.126 0.526 0.804 1.6 87.6 12.9
common -0.113  -0.000  0.112 0.467 0.710 39 89.3 10.9

100 entire -0.127  -0.000  0.127 0.531 0.813 43 89.0 114
outcome -0.113  -0.000  0.113 0.473 0.771 1.2 87.2 13.1

TMLE | treatment -0.129  -0.000  0.129 0.548 0.929 35.3 93.5 6.8
common -0.113  -0.000  0.113 0.471 0.766 4.1 87.9 12.4

entire -0.128  -0.000  0.128 0.545 0.933 119.1 96.2 3.9

outcome -0.115  -0.000  0.115 0.480 0.764  -129 82.1 18.3

M treatment | -0.127  -0.000  0.127 0.536 0.886  -26.3 75.0 254
common -0.114  -0.000  0.113 0.474 0.765  -139 823 18.0

entire -0.129  -0.000  0.129 0.546 0.891 -26.1 74.0 26.4

outcome -0.115  -0.000  0.115 0.470 0.544 -2.5 57.7 422

GC treatment | -0.126  -0.000  0.126 0.513 0.598 -3.2 59.3 40.9
common -0.115  -0.000  0.115 0.469 0.553 -2.6 62.8 37.8

entire -0.126 -0.000  0.125 0.513 0.588 -3.8 54.2 452

outcome -0.115  -0.000  0.115 0.471 0.547 11.3 69.2 31.0

IPTW treatment | -0.129  -0.000  0.129 0.527 0.621 3.0 66.4 33.7
common -0.115  -0.000  0.115 0.469 0.555 3.7 68.2 31.9

300 entire -0.129  -0.000  0.129 0.528 0.614 9.3 67.9 32.2
: outcome -0.116 -0.000  0.116 0.475 0.568 1.6 67.9 322
TMLE treatment | -0.134  -0.000  0.134 0.551 0.678 -1.8 65.3 34.9
common -0.116 ~ -0.000  0.116 0.474 0.576 42 72.0 28.1

entire -0.134  -0.000  0.134 0.549 0.666 1.8 68.4 31.8

outcome -0.115  -0.000  0.115 0.471 0.568 -8.2 62.7 37.5

M treatment | -0.130  -0.000  0.129 0.530 0.652  -23.3 54.3 459
common -0.115  -0.000  0.115 0.471 0.580  -14.3 61.7 38.4

entire -0.131  -0.000  0.130 0.535 0.653  -22.4 53.7 46.4

outcome -0.116 ~ -0.000  0.115 0.470 0.515 -1.9 37.9 61.7

GC treatment | -0.127  -0.000  0.126 0.514 0.565 -1.8 39.0 60.4
common -0.116 ~ -0.000  0.116 0.471 0.522 -1.7 42.6 57.5

entire -0.126  -0.000  0.126 0.513 0.558 -2.3 33.6 65.8

outcome -0.116  -0.000  0.115 0.470 0.516 11.6 49.8 9.5

IPTW treatment | -0.130  -0.000  0.130 0.530 0.585 4.1 46.8 52.8
common -0.116 ~ -0.000  0.116 0.472 0.523 44 489 50.4

500 entire -0.130 ~ -0.000  0.130 0.528 0.578 11.2 47.7 51.5
outcome -0.116 ~ -0.000  0.116 0.473 0.529 2.7 50.8 48.5

TMLE | teatment -0.136 -0.000  0.136 0.555 0.631 -12.5 44.0 55.7
common -0.117 ~ -0.000  0.117 0.476 0.538 52 55.9 43.4

entire -0.135  -0.000  0.135 0.551 0.619 -7.5 43.1 56.4

outcome -0.116 -0.000  0.116 0.473 0.533 -8.7 444 55.1

M treatment | -0.131 -0.000  0.131 0.534 0.608  -23.3 36.8 62.7
common -0.117 ~ -0.000  0.117 0.476 0.544  -152 442 55.4

entire -0.131 ~ -0.000  0.130 0.532 0.603  -21.1 37.0 62.5

outcome -0.115 0.000  0.115 0.465 0.477 -0.6 0.5 99.5

GC treatment | -0.126 0.000  0.126 0.509 0.522 -0.7 0.7 99.3
common -0.115 0.000  0.115 0.466 0.479 -0.5 1.1 99.0

entire -0.126 0.000  0.126 0.508 0.520 -0.8 0.3 99.7

outcome -0.115 0.000 0.I15 0.465 0.477 1.7 I.1 98.9

IPTW treatment | -0.129 0.000  0.129 0.522 0.536 45 1.1 98.9
common -0.115 0.000  0.115 0.466 0.479 4.8 1.6 98.4

2000 entire -0.129 0.000  0.129 0.521 0.534 10.9 0.9 99.1
outcome -0.116 0.000 0.116 0.468 0.482 4.8 2.4 97.6

TMLE | treatment -0.135 0.000  0.135 0.546 0.565  -16.3 1.7 98.4
common -0.116 0.000  0.116 0.469 0.485 5.8 4.1 95.9

entire -0.135 0.000  0.135 0.545 0.563  -15.6 0.8 99.2

outcome -0.115 0.000  0.115 0.465 0.481 -9.7 22 97.8

M treatment | -0.129 0.000  0.129 0.523 0.547  -29.2 22 97.8
common -0.115 0.000  0.115 0.466 0.484  -15.6 29 97.1

entire -0.130 0.000  0.130 0.524 0542  -19.2 1.2 98.8

Simulation results comparing the ATT estimation under the null hypothesis in the presence of an unmeasured confounder.
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n method set mean bias logOR
Ty o1 Am logOR MSE VEB coverage  power
outcome -0.112 -0.002  0.111 0.493 0.716 =27 86.3 50.7
GC treatment | -0.123  -0.002  0.122 0.538 0.786 -3.6 85.5 46.0
common -0.112 -0.002  0.111 0.492 0.735 -1.7 87.8 45.6
entire -0.123  -0.002  0.121 0.538 0.768 -5.5 83.5 50.7
outcome -0.113 -0.002  0.I11 0.494 0.727 11.7 92.7 36.6
IPTW treatment | -0.126  -0.002  0.125 0.553 0.837 2.9 89.1 36.3
common -0.113  -0.002  0.111 0.494 0.743 5.6 90.8 38.4
100 entire -0.126  -0.002  0.124 0.553 0.838 6.0 90.4 33.9
outcome -0.113  -0.002  0.111 0.498 0.794 16.1 943 26.3
TMLE treatment | -0.129  -0.002  0.128 0.575 0.955 38.1 97.1 16.6
common -0.114  -0.002  0.112 0.499 0.794 19.6 93.9 24.7
entire -0.128  -0.002  0.126 0.570 0.953 110.0 98.4 9.7
outcome -0.114  -0.002  0.113 0.503 0.787 -9.0 85.0 45.1
EM treatment | -0.128  -0.002  0.127 0.567 0.911 -22.5 76.6 49.4
common -0.115  -0.002  0.113 0.504 0.795 -10.6 84.3 442
entire -0.128  -0.002  0.126 0.566 0.921 -23.8 76.2 49.6
outcome -0.118 0.001 0.119 0.476 0.557 -1.0 62.7 94.6
GC treatment | -0.128 0.001  0.129 0.517 0.607 -1.2 63.1 91.0
common -0.117 0.001  0.118 0.474 0.563 0.1 67.1 91.5
entire -0.128 0.001 0.129 0.520 0.601 -2.6 58.9 94.5
outcome -0.117 0.001 0.119 0.476 0.558 12.1 73.5 88.9
IPTW treatment | -0.131 0.001  0.132 0.530 0.629 43 69.6 85.3
common -0.117 0.001 0.118 0.474 0.564 6.1 71.6 88.2
300 entire -0.131 0.001  0.132 0.532 0.624 10.0 71.2 85.5
outcome -0.118 0.00I  0.119 0.479 0.579 16.8 80.9 78.8
TMLE treatment | -0.135 0.001 0.137 0.551 0.685 1.0 75.7 76.8
common -0.118 0.001  0.119 0.478 0.584 20.6 84.1 73.0
entire -0.136 0.001  0.137 0.552 0.676 9.7 78.6 74.6
outcome -0.118 0.001 0.119 0.478 0.580 -6.1 66.5 88.5
M treatment | -0.131 0.001  0.132 0.532 0.658  -20.2 584 87.3
common -0.117 0.001  0.118 0.475 0589  -11.3 65.2 86.8
entire -0.132 0.001  0.133 0.538 0.664  -20.6 57.7 87.7
outcome -0.115  -0.001  0.114 0.457 0.509 -1.5 45.4 99.4
GC treatment | -0.125  -0.001 0.125 0.500 0.556 -0.5 46.3 99.0
common -0.115  -0.001  0.114 0.456 0.513 -0.1 50.8 98.9
entire -0.126  -0.001  0.125 0.501 0.552 -2.1 40.7 99.4
outcome -0.115  -0.001 0.114 0.457 0.509 11.1 56.6 98.7
IPTW treatment | -0.129  -0.001  0.128 0.513 0.574 5.0 533 97.7
common -0.115  -0.001  0.114 0.456 0.514 5.4 56.0 98.3
500 entire -0.129  -0.001 0.128 0.514 0.571 9.8 53.8 98.0
outcome -0.115  -0.001  0.114 0.458 0.521 18.1 69.4 95.6
TMLE treatment | -0.134  -0.001  0.133 0.536 0.618 -2.3 574 94.8
common -0.115  -0.001 0.114 0.459 0.527 20.5 73.6 93.2
entire -0.134  -0.001  0.133 0.535 0.611 1.4 57.2 95.5
outcome -0.115  -0.00I  0.114 0.458 0.525 <15 51.9 98.0
EM treatment | -0.129  -0.001 0.129 0.517 0.597  -203 43.0 97.6
common -0.114  -0.001  0.113 0.455 0.530  -12.7 51.9 96.9
entire -0.129  -0.001  0.129 0.517 0596  -19.7 43.1 97.6
outcome -0.115 0.000  0.116 0.466 0.479 -1.0 0.7 100.0
GC treatment | -0.126 0.000  0.126 0.510 0.524 -0.7 0.9 100.0
common -0.115 0.000  0.115 0.466 0.480 -0.5 1.6 100.0
entire -0.126 0.000  0.126 0.510 0.523 -0.7 0.3 100.0
outcome -0.115 0.000  0.I15 0.465 0.478 10.7 1.7 100.0
IPTW treatment | -0.129 0.000  0.130 0.523 0.539 42 1.6 100.0
common -0.115 0.000  0.115 0.466 0.480 43 23 100.0
2000 entire -0.129 0.000  0.130 0.523 0.537 10.6 1.2 100.0
outcome -0.116 0.000 0.116 0.467 0.483 18.0 54 100.0
TMLE treatment | -0.135 0.000  0.136 0.548 0.568 -6.6 2.6 100.0
common -0.116 0.000  0.116 0.469 0.486 18.6 83 100.0
entire -0.135 0.000  0.135 0.546 0.565 -4.6 1.7 100.0
outcome -0.115 0.000 0.116 0.466 0.484 -8.4 2.9 100.0
M treatment | -0.130 0.000  0.130 0.524 0.548  -264 3.0 100.0
common -0.115 0.000  0.115 0.466 0.485 -13.9 3.7 100.0
entire -0.130 0.000  0.130 0.525 0.543 -16.3 1.4 100.0

Simulation results comparing the ATT estimation under the alternative hypothesis in the presence of an unmeasured confounder.
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n method set mean bias logOR

Ty 71 Am logOR MSE VEB coverage  typel

outcome -0.058  0.057  0.115 0.479 0.628 -6.4 74.9 234

Ge treatment | -0.065  0.065  0.131 0.546 0.716 =117 74.3 233
common -0.058  0.057  0.115 0.479 0.643 -4.9 78.0 21.3

entire -0.065 0.066  0.131 0.547 0.704  -10.0 70.8 26.0

outcome -0.058  0.057 0.115 0.481 0.638 9.6 85.0 15.0

IPTW treatment | -0.065  0.065  0.130 0.548 0.754 -1.6 80.4 19.6
common -0.058  0.057  0.115 0.480 0.650 3.1 83.1 16.9

100 entire -0.065  0.065  0.130 0.550 0.753 1.7 81.8 18.1
outcome -0.058  0.057  0.115 0.479 0.635 -6.5 75.5 24.4

TMLE | treatment -0.065  0.064  0.130 0.548 0.746  -11.8 74.2 25.8
common -0.058  0.057  0.115 0.480 0.649 -4.1 79.4 20.6

entire -0.065 0.065  0.130 0.549 0.735  -16.9 68.7 31.3

outcome -0.058  0.056  0.115 0.483 0.687  -15.1 75.3 24.7

M treatment | -0.068  0.067  0.135 0.575 0.823  -28.8 65.1 34.9
common -0.060  0.057  0.116 0.491 0.707  -18.3 74.1 259

entire -0.068  0.067  0.135 0.574 0.818  -28.0 65.3 34.7

outcome -0.056  0.056  0.113 0.462 0.513 -1.4 45.0 55.1

GC treatment | -0.064  0.064  0.128 0.528 0.586 -1.5 44.8 55.1
common -0.056  0.056  0.112 0.461 0.518 -0.6 50.8 49.7

entire -0.064  0.064  0.128 0.528 0.580 -2.6 38.4 61.1

outcome -0.057 0.056  0.113 0.462 0.515 12.7 57.0 43.0

IPTW treatment | -0.064  0.063  0.127 0.524 0.592 4.0 54.9 45.1
common -0.056  0.056  0.112 0.461 0.520 59 56.5 43.6

300 entire -0.064  0.063  0.127 0.525 0.587 9.6 56.0 44.1
outcome -0.057 0.056  0.112 0.462 0.514 -1.2 459 54.2

TMLE treatment | -0.064  0.063  0.127 0.522 0.589 -3.0 49.8 50.3
common -0.056  0.056  0.112 0.461 0.519 -0.2 51.8 48.3

entire -0.064  0.063  0.127 0.522 0.583 -4.6 44.1 56.0

outcome -0.057  0.056  0.113 0.465 0.534  -10.3 50.2 49.9

M treatment | -0.064  0.064  0.129 0.532 0.624 274 412 58.9
common -0.056  0.056  0.112 0.464 0562  -25.4 49.8 50.3

entire -0.065  0.064  0.129 0.534 0.622  -25.6 412 58.9

outcome -0.057  0.056 0.113 0.462 0.494 -2.1 232 76.8

GC treatment | -0.065  0.064  0.129 0.528 0.564 -2.0 22.6 71.3
common -0.057  0.056  0.113 0.462 0.498 -1.9 29.1 71.2

entire -0.065  0.064  0.129 0.527 0.559 -2.5 17.5 82.1

outcome -0.057  0.056 0.113 0.462 0.494 11.3 333 66.6

IPTW treatment | -0.065  0.063  0.128 0.524 0.565 32 324 67.4
common -0.057  0.056 0.113 0.462 0.498 43 33.8 65.9

500 entire -0.065  0.063  0.128 0.524 0.562 8.9 32.3 67.5
) outcome -0.057  0.056 0.113 0.462 0.494 -1.6 24.0 75.8
TMLE | treatment -0.065  0.063  0.127 0.523 0.563 -2.6 27.9 71.9

common -0.057  0.056  0.113 0.462 0.498 -1.4 29.6 70.1

entire -0.064  0.063  0.127 0.522 0.559 -3.2 22.4 77.4

outcome -0.057 0.056 0.113 0.461 0.507  -I3.1 31.2 68.6

M treatment | -0.065  0.064  0.128 0.529 0.589  -29.7 252 74.7
common -0.057  0.056  0.113 0.463 0.540  -34.1 354 64.5

entire -0.065  0.063  0.128 0.528 0.582  -25.3 23.8 76.1
outcome -0.057  0.056  0.113 0.460 0.468 -0.9 0.0 100.0
GC treatment | -0.065  0.064  0.128 0.525 0.534 -0.7 0.0 100.0
common -0.057  0.056  0.113 0.460 0.469 -0.7 0.1 99.9
entire -0.064  0.064  0.128 0.525 0.533 -0.9 0.0 100.0

outcome -0.057 0.056 0.113 0.459 0.468 12.1 0.1 99.9

IPTW treatment | -0.064  0.063  0.127 0.520 0.530 4.6 0.2 99.8
common -0.057  0.056  0.113 0.459 0.468 5.0 0.2 99.8
2000 entire -0.064  0.063  0.127 0.520 0.529 11.0 0.0 100.0
outcome -0.057  0.056 0.113 0.459 0.467 -0.8 0.0 100.0

TMLE | treatment -0.064  0.063  0.127 0.518 0.528 -1.0 0.1 99.9
common -0.057  0.056  0.113 0.459 0.468 -0.7 0.1 99.9
entire -0.064  0.063  0.127 0.518 0.527 -0.9 0.0 100.0

outcome -0.057  0.056  0.112 0.459 0.479  -343 1.9 98.1

M treatment | -0.064  0.063  0.127 0.521 0.549 482 2.5 97.5
common -0.056  0.056  0.113 0.462 0.515  -60.0 10.6 89.4

entire -0.064  0.063  0.127 0.518 0.532  -249 0.3 99.7

Simulation results comparing the ATE estimation under the null hypothesis in the presence of an unmeasured confounder.
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n method set mean bias logOR
Ty m Am  logOR MSE VEB coverage  power
outcome -0.056  0.057  0.113 0.478 0.634 -6.9 76.2 67.5
GC treatment | -0.065  0.065  0.129 0.551 0.727 <19 75.5 62.2
common -0.057  0.057  0.113 0.479 0.650 -5.2 79.2 62.8
entire -0.065  0.065  0.129 0.550 0.714  -10.6 71.6 67.0
outcome -0.057  0.056  0.113 0.480 0.646 8.1 854 54.3
IPTW treatment | -0.064  0.065  0.128 0.556 0.769 -2.4 80.9 51.8
common -0.057  0.056  0.113 0.482 0.657 29 84.2 55.5
100 entire -0.063  0.065  0.128 0.556 0.773 -0.7 82.0 50.1
outcome -0.056  0.056  0.113 0.478 0.642 -1.0 71.3 66.5
TMLE treatment | -0.063  0.064  0.128 0.552 0.757  -122 75.1 60.0
common -0.057  0.056  0.113 0.481 0.657 -4.1 80.6 60.8
entire -0.063  0.065  0.128 0.553 0.748  -17.6 69.6 66.6
outcome -0.058  0.057  0.115 0.497 0.710  -16.7 752 62.1
EM treatment | -0.065  0.066  0.130 0.575 0.832  -29.0 66.6 64.9
common -0.056  0.057 0.114 0.491 0.713  -18.5 75.0 61.4
entire -0.065  0.066  0.131 0.577 0.830 -284 66.2 65.3
outcome -0.057  0.058  0.115 0.480 0.532 -1.9 43.5 98.7
GC treatment | -0.065  0.066  0.131 0.548 0.608 -2.8 429 97.7
common -0.057  0.058  0.115 0.480 0.539 -1.9 48.7 97.8
entire -0.065  0.066  0.131 0.547 0.600 -2.9 37.1 98.9
outcome -0.057  0.058  0.115 0.480 0.533 12.4 55.3 97.6
IPTW treatment | -0.064  0.066  0.130 0.546 0.615 3.0 53.1 94.2
common -0.057  0.058  0.115 0.481 0.541 4.7 54.4 96.6
300 entire -0.064  0.066  0.130 0.545 0.607 9.6 54.8 94.8
outcome -0.057  0.058  0.115 0.480 0.532 -1.0 449 98.7
TMLE treatment | -0.064  0.066  0.130 0.545 0.612 -3.3 48.0 96.2
common -0.057  0.058  0.115 0.481 0.540 -1.1 50.1 97.6
entire -0.064  0.066  0.130 0.543 0.603 -3.4 42.8 97.9
outcome -0.057  0.058  0.I15 0.481 0552 -11.9 48.1 96.6
M treatment | -0.065  0.066  0.132 0.556 0.652  -29.0 40.2 95.3
common -0.057  0.058  0.115 0.486 0.588  -274 47.6 93.1
entire -0.065  0.067  0.132 0.557 0.644  -25.5 39.1 96.0
outcome -0.057  0.056  0.113 0.469 0.501 -1.0 23.0 100.0
GC treatment | -0.065  0.064  0.129 0.536 0.573 -2.0 22.8 99.9
common -0.057  0.056  0.113 0.468 0.505 -1.0 29.0 99.9
entire -0.065  0.064  0.129 0.536 0.569 -1.9 17.5 100.0
outcome -0.057  0.056  0.113 0.469 0.501 12.6 329 100.0
IPTW treatment | -0.064  0.064  0.127 0.531 0.573 3.6 329 99.6
common -0.057  0.056  0.113 0.468 0.505 5.1 33.7 99.9
300 entire -0.064  0.064  0.127 0.532 0.569 10.2 32.6 99.6
) outcome -0.057  0.056  0.113 0.468 0.501 -0.4 23.7 100.0
TMLE treatment | -0.064  0.063  0.127 0.530 0.571 -2.1 28.0 99.8
common -0.057  0.056  0.113 0.468 0.505 -0.5 29.3 99.9
entire -0.064  0.064  0.127 0.530 0.566 -1.9 229 99.9
outcome -0.057  0.056  0.113 0.471 0.518  -142 30.3 99.8
EM treatment | -0.064  0.064  0.128 0.537 0.598  -293 25.0 99.5
common -0.057  0.056  0.113 0.475 0.555  -353 34.9 98.4
entire -0.064  0.064  0.128 0.537 0.592  -25.2 23.4 99.6
outcome -0.058  0.057  0.115 0.474 0.482 -1.3 0.0 100.0
GC treatment | -0.066  0.065  0.130 0.541 0.550 -1.3 0.0 100.0
common -0.058  0.057  0.115 0.474 0.483 -0.7 0.1 100.0
entire -0.066  0.065  0.131 0.541 0.550 -1.7 0.0 100.0
outcome -0.058  0.057  0.115 0.474 0.482 I1.3 0.1 100.0
IPTW treatment | -0.065  0.064  0.129 0.536 0.547 3.7 0.1 100.0
common -0.058  0.057  0.114 0.473 0.483 49 0.1 100.0
300 entire -0.065  0.064  0.129 0.537 0.546 9.3 0.1 100.0
outcome -0.058  0.057  0.115 0.474 0.482 -1.1 0.0 100.0
TMLE treatment | -0.065  0.064  0.129 0.534 0.545 -1.6 0.1 100.0
common -0.058  0.057 0.114 0.473 0.483 -0.7 0.1 100.0
entire -0.065  0.064  0.129 0.535 0.544 -2.1 0.0 100.0
outcome -0.058  0.057  0.115 0.475 0.497  -363 2.0 100.0
M treatment | -0.065  0.064  0.129 0.539 0.569  -49.2 22 100.0
common -0.058  0.057  0.115 0.479 0.534  -60.7 9.7 100.0
entire -0.065  0.064  0.129 0.535 0.549  -26.0 0.2 100.0

Simulation results comparing the ATE estimation under the alternative hypothesis in the presence of an unmeasured confounder.
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Relapse at 1 year  Fist-line treatment allocation®* Both  Nothing

Female patient X
At least one relapse 1 year before treatment initiation X
Gd-enhancing lesion on MRI X

EDSS score >3 X

Previous immunomodulatory treatment X
Patient age X

Disease duration X

Classification of covariates in the multiple sclerosis application according to an expert knowledge. *: No covariate is only
associated with the treatment allocation, treatment and common sets are the same.

Favourable GOS at 3 months  Barbiturates allocation Both  Nothing

Female patient X
Diabetes

Nosological entity: Severe trauma

SAP < 90 mmHg before admission* X
Evacuation of subdural or extradural hematoma

External ventricular drain

Evacuation of cerebral hematoma or lobectomy

Decompressive craniectomy

Blood transfusion before admission X
Pneumonia before increased ICP X
Osmotherapy X
GCS score > 8*

Patient age*

Haemoglobin X
Platelets

Serum creatinine

Arterial pH X
Serum proteins

Serum urea*

PaO2/FiO2 ratio X
SAPS II score X

X
X

oo
ol o le
olie

XX

Classification of covariates in the intensive care unit application according to an expert knowledge. *: No include into a
covariate set due to the association with the SAPS II Score.
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Set Characteristics Overall Fingolimod Natalizumab | STD (%)
At least one relapse (n, %) 5269 83.8 | 2734 839 2535 83.7 0.5
EDSS score > 3 (n, %) 286.2 455 | 148.6 456 137.6 455 0.3
Outcome Gd-enhancing lesion on MRI (n, %) | 310.0 493 | 161.1 494 1489 49.2 0.5
Patient age, years (mean, sd) 37.1 9.6 37.2 9.9 37.1 9.3 1.2
Disease duration, years (mean, sd) 8.5 6.4 8.6 6.2 8.5 6.5 0.2
At least one relapse (n, %) 526.2 83.7 | 272.7 837 2535 83.6 0.1
Treatment*
EDSS score > 3 (n, %) 288.5 459 | 1495 459 139.0 458 0.1
. | Atleast one relapse (n, %) 526.2 837 | 2727 8377 2535 83.6 0.1
Common*
EDSS score > 3 (n, %) 288.5 459 | 1495 459 139.0 458 0.1
Female patient (n, %) 4814 76.6 | 250.2 76.8 2312 764 0.9
At least one relapse (n, %) 527.8 84.0 | 2743 842 2535 83.8 1.1
Gd-enhancing lesion on MRI (n, %) | 308.8 49.1 | 1604 492 1484 49.0 0.4
Entire EDSS score > 3 (n, %) 2852 454 | 148.1 455 137.1 453 0.3
Previous IMT (n, %) 5557 88.4 | 288.2 88.5 2675 88.4 0.2
Patient age, years (mean, sd) 37.1 9.7 37.2 100 37.1 9.3 1.3
Disease duration, years (mean, sd) 8.6 6.4 8.6 6.4 8.6 6.4 0.6

The PS-adjusted samples for weighted analysis of the relapsing-remitting multiple sclerosis relapse in the year after the
treatment initiation according to the covariate sets. Qualitative characteristics are presented by using the weighted effective (n)
and the weighted percentage. Continuous characteristics are presented with weighted mean following by weighted standard
deviation (sd). STD: Standardised differences in %, EDSS: Expanded Disability Status Scale, Gd: Gadolinium, MRI: Magnetic
Resonance Imaging, and IMT: immunomodulatory treatment. *: No covariate is only associated with the treatment allocation,
treatment and common sets are the same.

Set Characteristics Overall Fingolimod Natalizumab | STD (%)
At least one relapse (n, %) 481.1 76.5 | 248.1 76.1 2330 76.9 1.8
EDSS score > 3 (n, %) 236.2 37.6 | 1142 350 122.0 403 10.8
Outcome Gd-enhancing lesion on MRI (n, %) | 271.6 432 | 145.6 447 1260 41.6 6.2
Patient age, years (mean, sd) 36.6 9.6 36.0 9.8 37.2 9.2 12.2
Disease duration, years (mean, sd) 8.6 6.3 8.1 5.9 9.0 6.8 144
At least one relapse (n, %) 4837 769 | 250.7 769 2330 769 0.0
Treatment*
EDSS score > 3 (n, %) 2533 403 | 1313 403 122.0 403 0.0
At least one relapse (n, %) 483.7 769 | 250.7 769 2330 769 0.0
Common*
EDSS score > 3 (n, %) 2533 403 | 131.3 403 122.0 403 0.0
Female patient (n, %) 483.8 769 | 258.8 794 2250 743 12.2
At least one relapse (n, %) 4759 757 | 2429 745 2330 769 5.5
Gd-enhancing lesion on MRI (n, %) | 266.5 42.4 | 140.5 43.1 1260 41.6 3.1
Entire EDSS score > 3 (n, %) 2558 40.7 | 133.8 41.1 122.0 403 1.6
Previous IMT (n, %) 545.6 86.7 | 282.6 86.7 263.0 86.8 0.3
Patient age, years (mean, sd) 37.1 9.3 37.0 9.3 37.2 9.2 1.6
Disease duration, years (mean, sd) 8.9 6.5 8.8 6.3 9.0 6.8 3.5

The PS-adjusted samples for matched (FM) analysis of the relapsing-remitting multiple sclerosis relapse in the year after the
treatment initiation according to the covariate sets. Qualitative characteristics are presented by using the matched effective (n)
and the matched percentage. Continuous characteristics are presented with matched mean following by matched standard
deviation (sd). STD: Standardised differences in %, EDSS: Expanded Disability Status Scale, Gd: Gadolinium, MRI: Magnetic
Resonance Imaging, and IMT: immunomodulatory treatment. *: No covariate is only associated with the treatment allocation,
treatment and common sets are the same.
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Set Characteristics Overall Barbiturates Control STD (%)
Diabetes (n, %) 4.1 2.7 2.1 2.7 2.0 2.7 0.2
Evacuation of cerebral hematoma or lobectomy (n, %) 29.2 19.6 15.2 20.3 14.0 18.9 3.4
Decompressive craniectomy (n, %) 26.1 17.5 14.1 18.8 12.0 16.2 6.9
Blood transfusion before admission (n, %) 17.0 114 8.0 10.7 9.0 12.2 4.6
Osmotherapy (n, %) 742 499 372 498 37.0 50.0 04

Outcome | Pneumonia before increased ICP (n, %) 26.3 17.7 13.3 17.8 13.0 17.6 0.7
Nosological entity: Severe trauma (n, %) 56.5 38.0 27.5 36.8 29.0 39.2 4.9
Haemoglobin, g/dL (mean, sd) 12.1 2.3 12.2 22 12.1 25 0.6
Arterial pH (mean, sd) 7.3 0.1 7.3 0.1 7.3 0.1 2.2
PaO2/FiO2 ratio (mean, sd) 3223 1930 | 3179 1722 326.6 2129 4.5
SAPS II score (mean, sd) 47.9 11.5 48.3 10.1 47.6 12.9 6.3
Diabetes (n, %) 4.0 2.7 2.0 2.7 2.0 2.7 0.3
Evacuation of subdural or extradural hematoma (n, %) 16.2 10.8 8.2 10.9 8.0 10.8 0.2
External ventricular drain (n, %) 52.1 349 27.1 359 25.0 33.8 4.5
Evacuation of cerebral hematoma or lobectomy (n, %) 28.8 19.3 14.8 19.6 14.0 18.9 1.8
Decompressive craniectomy (n, %) 25.9 17.4 13.9 18.5 12.0 16.2 6.1

Treatment
Pneumonia before increased ICP (n, %) 27.0 18.1 14.0 18.5 13.0 17.6 2.5
Nosological entity: Severe trauma (n, %) 57.1 38.2 28.1 373 29.0 39.2 39
Arterial pH (mean, sd) 7.3 0.1 7.3 0.1 7.3 0.1 1.9
PaO2/FiO2 ratio (mean, sd) 3233 1959 | 320.1 178.8 326.6 2129 33
SAPS 1II score (mean, sd) 47.8 11.5 48.0 10.0 47.6 12.9 4.2
Diabetes (n, %) 4.0 2.7 2.0 2.7 2.0 2.7 0.1
Evacuation of cerebral hematoma or lobectomy (n, %) 28.9 19.4 14.9 19.8 14.0 18.9 2.3
Decompressive craniectomy (n, %) 253 17.0 13.3 17.8 12.0 16.2 4.1

Common Pneumonia before increased ICP (n, %) 26.5 17.8 13.5 18.0 13.0 17.6 1.2
Nosological entity: Severe trauma (n, %) 57.2 384 28.2 37.6 29.0 39.2 33
Arterial pH (mean, sd) 7.3 0.1 7.3 0.1 7.3 0.1 3.6
PaO2/FiO2 ratio (mean, sd) 3238 192.8 | 321.1 1720 326.6 2129 2.9
SAPS II score (mean, sd) 47.9 11.6 48.3 10.1 47.6 12.9 6.7
Female patients (n, %) 66.7 44.8 35.7 47.7 31.0 41.9 11.8
Diabetes (n, %) 4.0 2.7 2.0 2.7 2.0 2.7 0.2
Evacuation of subdural or extradural hematoma (n, %) 15.4 10.3 7.4 9.9 8.0 10.8 3.0
External ventricular drain (n, %) 52.3 352 27.3 36.5 25.0 33.8 5.8
Evacuation of cerebral hematoma or lobectomy (n, %) 30.6 20.5 16.6 22.2 14.0 18.9 8.0
Decompressive craniectomy (n, %) 27.1 18.2 15.1 20.2 12.0 16.2 10.3
Blood transfusion before admission (n, %) 16.6 11.1 7.6 10.1 9.0 12.2 6.4
Osmotherapy (n, %) 75.3 50.6 38.3 51.2 37.0 50.0 2.4

Entire Pneumonia before increased ICP (n, %) 26.2 17.6 13.2 17.6 13.0 17.6 0.1
Nosological entity: Severe trauma (n, %) 56.0 37.6 27.0 36.1 29.0 39.2 6.4
Haemoglobin, g/dL (mean, sd) 12.2 2.3 12.2 22 12.1 2.5 4.5
Platelets, counts/mm3 (mean, sd) 208.8 82.7 | 212.5 90.7 205.1 74.2 9.0
Serum creatinine, mmol/L (mean, sd) 70.6 30.9 70.2 28.6 71.1 333 2.7
Arterial pH (mean, sd) 7.3 0.1 7.3 0.1 7.3 0.1 0.5
Serum proteins, g/l (mean, sd) 59.4 9.5 59.2 9.4 59.6 9.7 4.2
PaO2/FiO2 ratio (mean, sd) 3179 196.8 | 309.3 180.5 326.6 2129 8.8
SAPS II score (mean, sd) 47.9 11.5 48.2 10.1 47.6 12.9 5.5

The PS-adjusted samples for weighted analysis of dichotomised Glasgow Outcome Scale score at 3 months according to the
covariate sets. Qualitative characteristics are presented by using the weighted effective (n) and the weighted percentage.

Continuous characteristics are presented with weighted mean following by weighted standard deviation (sd). STD:

Standardised differences in %, SAPS: Simplified Acute Physiology Score, ICP: Intracranial Pressure, PaO2: arterial partial
Pressure of Oxygen, and FiO2: Fraction of Inspired Oxygen.
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Set Characteristics Overall Barbiturates Control STD (%)
Diabetes (n, %) 5.7 2.3 3.7 2.1 2.0 2.7 4.0
Evacuation of cerebral hematoma or lobectomy (n, %) 422 16.7 28.2 15.8 14.0 18.9 8.1
Decompressive craniectomy (n, %) 39.5 15.7 27.5 15.5 12.0 16.2 2.0
Blood transfusion before admission (n, %) 28.2 11.2 19.2 10.8 9.0 12.2 43
Osmotherapy (n, %) 121.8 48.3 84.8 47.7 37.0 50.0 4.7

Outcome | Pneumonia before increased ICP (n, %) 45.9 18.2 32.9 18.5 13.0 17.6 2.3
Nosological entity: Severe trauma (n, %) 95.0 37.7 66.0 37.1 29.0 39.2 4.4
Haemoglobin, g/dL (mean, sd) 12.1 2.3 12.1 23 12.1 25 2.1
Arterial pH (mean, sd) 7.4 0.1 7.4 0.1 7.3 0.1 7.6
PaO2/FiO2 ratio (mean, sd) 313.1 1740 | 3074 1554 326.6 2129 10.3
SAPS II score (mean, sd) 48.4 11.1 48.7 10.3 47.6 12.9 9.8
Diabetes (n, %) 5.1 2.0 3.1 1.7 2.0 2.7 6.6
Evacuation of subdural or extradural hematoma (n, %) 28.2 11.2 20.2 11.4 8.0 10.8 1.7
External ventricular drain (n, %) 74.0 294 49.0 27.5 25.0 33.8 13.6
Evacuation of cerebral hematoma or lobectomy (n, %) 43.5 17.3 29.5 16.6 14.0 18.9 6.1

Treatment Decompressive craniectomy (n, %) 45.6 18.1 33.6 18.9 12.0 16.2 6.9
Pneumonia before increased ICP (n, %) 41.5 16.5 28.5 16.0 13.0 17.6 4.2
Nosological entity: Severe trauma (n, %) 97.1 385 68.1 383 29.0 39.2 1.9
Arterial pH (mean, sd) 7.4 0.1 7.4 0.1 7.3 0.1 124
PaO2/FiO2 ratio (mean, sd) 3182 180.0 | 3147 165.0 326.6 2129 6.3
SAPS II score (mean, sd) 46.6 10.9 46.2 10.0 47.6 12.9 11.6
Diabetes (n, %) 5.1 2.0 3.1 1.8 2.0 2.7 6.4
Evacuation of cerebral hematoma or lobectomy (n, %) 51.6 20.5 37.6 21.1 14.0 18.9 5.5
Decompressive craniectomy (n, %) 38.7 15.4 26.7 15.0 12.0 16.2 33

Common Pneumonia before increased ICP (n, %) 427 16.9 29.7 16.7 13.0 17.6 2.4
Nosological entity: Severe trauma (n, %) 57.2 384 28.2 37.6 29.0 39.2 33
Arterial pH (mean, sd) 7.4 0.1 7.4 0.1 7.3 0.1 9.4
PaO2/FiO2 ratio (mean, sd) 3193 185.0 | 316.3 172.8 326.6 2129 54
SAPS 1I score (mean, sd) 48.2 10.8 48.4 99 47.6 12.9 7.4
Female patients (n, %) 113.6 45.1 82.6 46.4 31.0 41.9 9.1
Diabetes (n, %) 8.0 32 6.0 34 2.0 2.7 3.8
Evacuation of subdural or extradural hematoma (n, %) 23.5 9.3 15.5 8.7 8.0 10.8 7.1
External ventricular drain (n, %) 104.0 413 79.0 44 .4 25.0 33.8 21.9
Evacuation of cerebral hematoma or lobectomy (n, %) 443 17.6 30.3 17.0 14.0 18.9 5.0
Decompressive craniectomy (n, %) 46.4 18.4 34.4 19.3 12.0 16.2 8.2
Blood transfusion before admission (n, %) 26.5 10.5 17.5 9.8 9.0 12.2 7.5
Osmotherapy (n, %) 109.6 43.5 72.6 40.8 37.0 50.0 18.6

Entire Pneumonia before increased ICP (n, %) 45.5 18.1 32.5 18.3 13.0 17.6 1.8
Nosological entity: Severe trauma (n, %) 71.1 30.6 48.1 27.0 29.0 39.2 26.0
Haemoglobin, g/dL (mean, sd) 12.5 24 12.7 23 12.1 2.5 23.8
Platelets, counts/mm3 (mean, sd) 218.5 89.8 | 224.1 95.5 205.1 74.2 22.3
Serum creatinine, mmol/L (mean, sd) 69.7 30.0 69.1 28.6 71.1 333 6.4
Arterial pH (mean, sd) 7.3 0.1 7.3 0.1 7.3 0.1 4.7
Serum proteins, g/l (mean, sd) 59.4 8.9 59.4 8.6 59.6 9.7 3.1
PaO2/FiO2 ratio (mean, sd) 308.1 187.3 | 300.3 1759 326.6 2129 13.5
SAPS II score (mean, sd) 48.3 11.1 48.7 10.2 47.6 12.9 9.7

The PS-adjusted samples for matched analysis (FM) of dichotomised Glasgow Outcome Scale score at 3 months according to
the covariate sets. Qualitative characteristics are presented by using the matched effective (n) and the matched percentage.
Continuous characteristics are presented with weighted mean following by matched standard deviation (sd). STD: Standardised
differences in %, SAPS: Simplified Acute Physiology Score, ICP: Intracranial Pressure, PaO2: arterial partial Pressure of

Oxygen, and FiO2: Fraction of Inspired Oxygen.
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Definition of the criteria reported in the simulations.

Let 8, and 5&(9,() the average causal effect (ACE) and its standard deviation estimated in the kth

simulated data set and 0 the true ACE 0 (k = 1, ...,1000). The criteria used in our simulation study

are the following:

i)

i)

vi)

vii)

The mean bias (MB) : 21000(9k 0) * 100

1000

1000(9 )

The root mean square error (RMSE) : \/1000

The empirical standard deviation (ESD): J »1000(8, — 6)?

999
The asymptotic standard deviation (ASD): ; 21000 sd(6y)

The variance estimation bias: 100 * (ASD — ESD)/ESD

The empirical coverage rate of the nominal 95% confidence interval (95%Cl):

mz}cooo (1(95%Clins ik < 6 < 95%Clsyp ), where 95%Clip . and 95%C I,y are

the lower and upper bounds of the 95%Cl estimated by bootstrap in the kth simulated

data set, respectively.

The statistical power: MZ,’EOOO (1(95%Clins i > 0) + 1(95%Clsyp i < 0))



Table S1. Models used for simulations in the realistic situation (Figure 1A in the main text).

Distribution

Linear predictor

X, ~ Gaussian
X, ~ Gaussian
X5 ~ Gaussian
X, ~ Gaussian
Xg ~ Gaussian
X¢ ~ Gaussian
X¢ ~ Bernouilli
X, ~ Gaussian
X, ~ Bernouilli
Xg ~ Gaussian
X, ~ Gaussian
X, ~ Bernouilli
Xi0 ~ Gaussian
X11 ~ Gaussian
X,, ~ Gaussian
X,, ~ Bernouilli
X5 ~ Gaussian
X,3 ~ Bernouilli
X14 ~ Gaussian
X15 ~ Gaussian
X,¢ ~ Gaussian
X1¢ ~ Bernouilli
X,, ~ Gaussian
X, ~ Bernouilli
X1g ~ Gaussian
X, ~ Gaussian
X19 ~ Bernouilli
X,0 ~ Gaussian
X,0 ~ Bernouilli
X5, ~ Gaussian
X,, ~ Gaussian
X5, ~ Bernouilli

0
Bo + By * Xy
Bo — By * X1 — By * X,
Bo + By * X3
0
0
1if X, > 0.66 and 0 otherwise (prevalence ~ 25%)
Bo — By * Xs
1if X, >-0.40 and 0 otherwise (prevalence ~ 40%)
Bo — B1 * X6
Bo + B1* X7
1if X, >-0.80 and 0 otherwise (prevalence ~ 75%)
Bo + By * Xs
0
Bo + By * Xo
1if X,, >0.84 and 0 otherwise (prevalence ~ 25%)
Bo + By * X310
1if X,5 >-0.09 and 0 otherwise (prevalence ~ 50%)

Bo — B1 * X1z — By * X1

Bo — By * X1z
0
1if X,4 >-0.66 and 0 otherwise (prevalence ~ 75%)
_ Bo — By * X156
1if X;; >-0.92 and 0 otherwise (prevalence ~ 50%)
0
0
1if X,4 > 0.66 and 0 otherwise (prevalence ~ 25%)
0
1if X,, > 0.66 and 0 otherwise (prevalence ~ 25%)
0
0

1if X,, >0.66 and 0 otherwise (prevalence ~ 25%)

Bo+Bi* Xy — By * X5+ By *Xs — By * X7+ By * Xg — By * X141 + B4

Z ~ Bernouilli
* X3 =By * X1 = B * Xy7 + By * X190 — By * Xpy
=11+ B, *I(X; > —0.40) — B, * X3 + (B,/2) *XB? + By * Xe + B4
Y ~ Bernouilli * X7 4+ By * Xy + By x0.5% X121 — By * X4 — Bs

*[(X15s > —0.57) + By * X153 + By * X9+ B1 *Z
+B,x05*xZ* X4

For the Gaussian distributions, the standard errors were 1 and the link function with the linear predictor was the identity
function. For the Bernoulli distribution, the link function with the linear predictor was the logit function. §, = —0.4, 8, =
l0og(2.00), I(a) = 1if ais true and 0 otherwise.



Table S2. Models used for simulations in the simplistic situation (Figure 1B in the main text).

Distribution Linear predictor

X, ~ Bernouilli 0

X, ~ Bernouilli 0

X3 ~ Gaussian 0

X, ~ Bernouilli 0

X5 ~ Bernouilli 0

X ~ Gaussian 0

X, ~ Bernouilli 0

Xg ~ Bernouilli 0

X ~ Gaussian 0

Z ~ Bernouilli =08+, *X; + By *Xo- Py x Xy 1 * X5 + By x X; + By * Xg
Y ~ Bernouilli =08+ L, *xZ+Py*xXy —Py*Xy—PrxXg+ Py x Xy — Py x X5 + By * Xg

For the Gaussian distributions, the standard errors were 1 and the link function with the linear predictor was the identity
function. For the Bernoulli distribution, the link function with the linear predictor was the logit function. ; = log(1.50),
B> = 10g(3.00), and B, = log(1.75).



Table S3. Performances of G-computation in a realistic situation with the following Q-models: the
theoretical logistic regression, elasticnet logistic regression, lasso logistic regression, neural network,
support vector machine, boosted CART and super learner.

n Method RMSE MB ESD ASD VEB Cover Power
(EPV) (%) (%) (%) (%)
Perfectly specified logistic regression 0.092 0.422 0.092 0.102 10.7 95.8 12.9
Elasticnet logistic regression 0.117 5.751 0.102 0.096 -5.1 88.7 335

100 Lasso logistic regression 0.113 5.051 0.101 0.101 0.4 91.3 28.6
(2.7) Neural network 0.069 -4.286 0.054  0.059 8.8 86.6 124
Support vector machine 0.059 -0.648 0.059  0.055 -6.4 92.6 36.5

Boosted CART 0.065 -5.114 0.039  0.017 -56.3 63.8 11.3

Super learner 0.071 0.425 0.071 0.068 -3.7 93.1 30.8

Perfectly specified logistic regression 0.039 -0.036 0.039 0.038 -2.1 94.1 65.5
Elasticnet logistic regression 0.047 1.700 0.044 0.043 -2.5 92.1 70.4

500 Lasso logistic regression 0.045 1.398 0.043 0.043 -0.1 93.1 68.7
(13.6) Neural network 0.046 -2.075 0.041 0.048 19.0 96.1 29.5
Support vector machine 0.043 1.365 0.041 0.041 -0.5 93.7 74.6

Boosted CART 0.056 -4.896 0.028 0.026 -6.3 57.2 31.9

Super learner 0.040 0.142 0.040 0.040 -1.6 95.2 65.0

Perfectly specified logistic regression 0.027 -0.017 0.027 0.027 -0.9 94.9 93.6
Elasticnet logistic regression 0.032 0.936 0.030 0.030 -0.7 92.2 92.4

1000 Lasso logistic regression 0.032 0.801 0.031 0.030 -1.3 92.9 91.5
(27.3) Neural network 0.036 -1.774 0.031 0.041 31.1 98.3 41.9
Support vector machine 0.035 1456 0.032 0.032 0.4 91.4 91.7

Boosted CART 0.047 -4.017 0.241  0.023 -2.4 61.8 54.8

Super learner 0.031 0.485 0.031 0.031 1.2 94.6 89.3

Abbreviations: MB = mean bias; RMSE = root mean square error; ESD = empirical standard deviation; ASD = asymptotic
standard deviation; VEB = variance estimation bias; EPV = events per variable.



Table S4. Performances of G-computation in a simplistic situation with the following Q-models: the
theoretical logistic regression, elasticnet logistic regression, lasso logistic regression, neural network,
support vector machine, boosted CART and super learner.

n Method RMSE MB ESD ASD VEB Cover Power
(EPV) (%) (%) (%) (%)
Perfectly specified logistic regression 0.093 -0.382  0.093 0.094 0.8 94.6 18.5

Elasticnet logistic regression 0.096 0.293  0.096 0.097 1.0 939 20.2

100 Lasso logistic regression 0.096 0.081 0.096 0.100 4.5 94.6 18.0
(4.1) Neural network 0.087 -1.607 0.086 0.103 19.7 96.6 10.9
Support vector machine 0.078 -2.309 0.075 0.075 0.7 93.8 20.1

Boosted CART 0.075 -3.874 0.065 0.061 -6.3 82.2 18.6

Super learner 0.084 -1.255 0.083 0.083 -0.6 94.1 20.0

Perfectly specified logistic regression 0.041 -0.258  0.041 0.040 -1.8 93.6 66.6

Elasticnet logistic regression 0.041 0.079 0.041 0.041 -1.2 94.5 67.5

500 Lasso logistic regression 0.041 -0.052 0.041 0.041 0.1 94.8 65.1
(20.4) Neural network 0.043 -1.143  0.042 0.057 364 98.5 28.3
Support vector machine 0.041 -0.253 0.041 0.042 3.4 94.3 64.1

Boosted CART 0.055 -4327 0.034 0.030 -11.0 69.6 36.5

Super learner 0.040 -0.338 0.040 0.042 4.9 95.6 63.9

Perfectly specified logistic regression 0.028 0.132  0.028 0.028 1.3 94.7 94.3

Elasticnet logistic regression 0.028 0.243  0.028 0.029 1.8 95.1 93.8

1000 Lasso logistic regression 0.029 0.164  0.028 0.029 2.0 95.2 93.1
(40.8) Neural network 0.033 -1.184 0.031 0.038 23.2 97.4 62.8
Support vector machine 0.030 0.233 0.030 0.031 4.0 95.8 89.9

Boosted CART 0.043 -3.316  0.027  0.025 -8.2 73.1 70.7

Super learner 0.029 -0.056 0.029 0.030 5.0 96.3 90.0

Abbreviations: MB = mean bias; RMSE = root mean square error; ESD = empirical standard deviation; ASD = asymptotic
standard deviation; VEB = variance estimation bias; EPV = events per variable.



Table S5. List of the two sets of variables retained for the analysis of the case study. The set A contains all the
available covariates that occurred prior to the exposure (i.e., prior to the first episode of intracranial
hypertension). The set B is reduced to the variables that cause the outcome. These two sets were defined by
M.L. based on his prior knowledge.

Set A: variables Set B: variables included in
included in the machine the investigator-based
learning techniques logistic regression
Female patient X X
Diabetes X X
Nosological entity: Severe trauma X X
SAP < 90 mmHg before admission X X
Evacuation of subdural or extradural hematoma (*) X
External ventricular drain X
Evacuation of cerebral hematoma or lobectomy (*) X X
Decompressive craniectomy (*) X
Blood transfusion before admission X
Pneumonia before increased HICP X
Osmotherapy (*) X X
GCSscore 28 X X
Patient age X X
Hemoglobin X
Platelets X
Serum creatinine X
Arterial pH X
Serum proteins X
Serum urea X X
Pa0,/FiO; ratio X X
SAPS Il score X

GOS score was dichotomised into favourable outcomes (good recovery or moderate disability) or unfavourable outcomes
(severe disability, vegetative state or death). Abbreviations: GOS: Glasgow Outcome Scale, SAP: Systolic Arterial Pressure,
HICP: High Intracranial Pressure, GCS: Glasgow Coma Scale, PaO;: arterial partial Pressure of Oxygen, FiO,: Fraction of Inspired
Oxygen, and SAPS: Simplified Acute Physiology Score. (*) Before HICP



Figure S1. Calibration plots related to the predictions based on the lasso logistic regression in the realistic
situation for 10 simulated datasets.
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Figure S2. Calibration plots related to the predictions based on the elasticnet logistic regression in the realistic
situation for 10 simulated datasets.
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Figure S3. Calibration plots related to the predictions based on the neural network in the realistic situation for
10 simulated datasets.
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Figure S4. Calibration plots related to the predictions based on the support vector machine in the realistic
situation for 10 simulated datasets.
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Figure S5. Calibration plots related to the predictions based on the super learner in the realistic situation for 10
simulated datasets.
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Figure S6. Calibration plots related to the predictions based on the boosted classification and regression trees in
the realistic situation for 10 simulated datasets.
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Figure S7. Calibration plots related to the predictions based on the lasso logistic regression in the simplistic
situation for 10 simulated datasets.
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Figure S8. Calibration plots related to the predictions based on the elasticnet logistic regression in the simplistic
situation for 10 simulated datasets.
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Figure S9. Calibration plots related to the predictions based on the neural network in the simplistic situation for
10 simulated datasets.
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Figure S10. Calibration plots related to the predictions based on the support vector machine in the simplistic
situation for 10 simulated datasets.
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Figure S11. Calibration plots related to the predictions based on the super learner in the simplistic situation for
10 simulated datasets.
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Figure S12. Calibration plots related to the predictions based on the boosted classification and regression trees
in the simplistic situation for 10 simulated datasets.
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Fig. 4. Positivity plots in real-life applications. A - Kidney transplantation, risk factors (N=352.6,
weighted sample); B - Kidney transplantation, true confounders (N=382.2, weighted sample); C
- Multiple sclerosis, risk factors (N=1769.7, weighted sample); and D - Multiple sclerosis, true
confounders (N=1770.4, weighted sample).
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Figure 1: Example of decision tree identifying a subgroup responsible of non-positivity. In red, the path
illustrating the problematic ledf (i.e., the subgroup 50 < Age < 70), in green the non-problematic subgroups.

A: Treatment, N: Percentage of sample contained in the subgroup.



Supplementary Table 1: Covariates sets used in the different studies.

Authors Outcome Adjustment set

History of head trauma
Type of brain injury
Creatinine levels at admission
. ) Osmotherapy
Léger et al. Mortality
Age
SAPS Il score
Intracranial hypertension at admission

Lactatemia at admission

Recipient age

Querard et al. Patient and graft survival )
Year of transplantation

Center
Year of transplantation
History of cardiovascular disease
History of hypertension
History of malignancy
History of dyslipemia
History of B or C hepatitis
History of diabetes
Recipient gender
HLA-A-B-DR incompatibilities
Donor hypertension
Retransplantation
Recipient age
Duration on waiting list
Donor age
Cold ischemia time

Foucher et al. Patient and graft survival

Recipient gender
Patient and graft survival History of cardiovascular disease
Recipient age

Preemptive transplantation
History of dyslipidemia
Donor gender
Donor hypertension
Recipient age
Cold ischemia time

Time to first infection

History of vascular disease
Vascular cause of donor death
Donor hypertension
Cold ischemia time

Time to first acute rejection

Recipient gender
Preemptive transplantation
History of diabetes
History of cardiac disease
History of malignancy
Donor hypertension
Donor blood group
Recipient age

Masset et al.

Time to malignancy

History of cardiovascular disease
Donor gender
Time to post-transplant diabete Recipient body mass index
Donor age
Cold ischemia time

Recipient gender
Recurrent causal nephropathy
History of hypertension
History of cardiovascular disease

Time to cardiac complication




History of B or C hepatitis
Donor hypertension
Recipient body mass index
Center

Delayed graft function

History of vascular disease
History of cardiac disease
Donor gender
Recipient body mass index
Donor creatininemia
Cold ischemia time




Supplementary Table 2: Results of PCART with a=5% and =5%.

Part of the total

Probability of

Authors Problematic subgroup sample (%) treatment (%)
No osmotherapy at admission 732 67.3 2.9
Age > 75 years 73 6.7 2.7
Lactatemia < 1 mmol/L 197 18.1 4.1
No IH at admission nor history of head trauma 710 65.3 4.8
Léger et al. No IH & severe trauma at admission 385 35.4 4.9
No IH at admission & Creatinine < 150 mmol/L 740 68.0 4.9
No IH at admission & SAPS Il score < 55 532 48.9 4.1
40 < SAPS Il score < 45 & No severe trauma 69 6.3 4.3
25 < SAPS Il score < 55 & 50 < Creatinine < 60 135 12.4 4.4
Querard et al. Recipient age < 30 years 391 8.1 3.1
Foucher et al. Transplant before 2015 & A - D centres? 376 19.0 2.9
Transplant before 2013 & CIT > 20 101 5.1 5.0

Masset et al. None detected

Abbreviations: CIT, Cold Ischemia Time; IH, Intracranial Hypertension; and n, sample size.

aThe centres were anonymised.

Supplementary Table 3: Results of PCART with a=5% and $=1%.

Authors Problematic subgroup Pa;:;f;lr:e(;:;tal tPrtreztt)rant:ellr:tty(;)f) New?
Lactatemia < 1 mmol/L & Creatinine < 50 61 5.6 0.0 Yes
No osmotherapy & Age > 75 years 60 5.5 0.0 Yes
No osmotherapy & 55 < Age < 60 years 77 7.1 0.0 Yes
No osmotherapy & 30 < SAPS |l score < 35 68 6.2 0.0 Yes
years
Léger et al. No osmotherapy & 40 < SAPS Il score < 50 222 20.4 0.9 Yes
years
No osmotherapy & Creatinine < 50 144 13.2 0.7 Yes
No osmotherapy & Lactatemia< 4 74 6.8 0.0 Yes
Age > 70 years & 1 < Lactatemia < 2 62 5.7 0.0 Yes
No IH at admission & 55 < Age < 60 77 7.1 0.0 Yes
No IH at admission & Age > 70 years 116 10.7 0.9 Yes
Querard et al. None detected - - - -
Foucher et al. None detected 118 6.2 0.0 Yes
Masset et al. None detected - - - -

Abbreviations: IH, Intracranial Hypertension; and n, sample size.
aNew subgroup with respect to the Supplementary Table 2.



Supplementary Table 4: Results of PCART with a=5% and 3=10%.

Part of the total Probability of

Authors Problematic subgroup sample (%) treatment (%) Newsa
No osmotherapy at admission 732 67.3 2.9 No
Age > 55 years 479 44.0 7.3 Yes
40 < Age <45 85 7.8 9.4 Yes
Léger et al. Lactatemia < 1 mmol/L 61 5.6 0.0 No
No IH at admission 754 69.3 5.1 Yes
SAPS Il score < 55 767 70.5 9.8 Yes
Creatinine < 60 mmol/L 384 35.3 8.3 Yes
110 £ Creatinine < 140 85 7.8 9.4 Yes
Recipient age < 40 years 938 19.4 5.8 Yes
Querard et al. Recipient age > 65 years 817 16.9 9.0 Yes
Transplant before 2013 & Recipient age < 60 103 5.2 6.8 Yes
Transplant after 2018 & CIT < 20 113 5.7 8.8 Yes
Transplant before 2013 & CIT > 20 101 5.1 5.0 No
Duration on waiting list > 10m & centre AP 128 6.5 5.5 Yes
Transplant after 2016 & centre EP 101 5.1 6.9 Yes
Transplant before 2015 & A - D centresb 376 19.0 2.9 No
Foucher et al. Transplant before 2013 & Female recipient 116 5.9 8.6 Yes
Transplar.wt before 2013 & HLA-A-B-DR 243 123 9.9 Yes
incompatibilities < 5
Transplant before 20:.L3 & No donor 130 6.6 10.0 Yes
hypertension
Transplant befo.re. 2013 & History of 151 76 9.9 Yes
dyslipidemia
Masset et al. No history of CV disease & A centrebc 47 12.7 6.4 Yes

Abbreviations: CIT, Cold Ischemia Time; CV, Cardiovascular; IH, Intracranial Hypertension; and n, sample size.
aNew subgroup with respect to the Supplementary Table 2, » The centres were anonymised, ¢ For time to cardiac complication.



Supplementary Table 5: Results of PCART with a=1% and =5%.

Part of the total Probability of

Authors Problematic subgroup sample (%) treatment (%) Newsa
No osmotherapy at admission 732 67.3 2.9 No
Age > 75 years 73 6.7 2.7 No
70 < SAPS Il score <75 20 1.8 0.0 Yes
Lactatemia < 1 mmol/L 197 18.1 4.1 No
6mmol/L < Lactatemia < Smmol/L 33 3.0 3.0 Yes
Léger et al. No IH at admission nor history of head trauma 710 65.3 4.8 No
No IH & severe trauma at admission 385 35.4 4.9 No
No IH at admission & Creatinine < 150 mmol/L 740 68.0 4.9 No
History of head trauma & No severe trauma 11 1.0 0.0 Yes
Creatinine = 100 mmol/L & No severe trauma 40 3.7 2.5 Yes
40 < Creatinine < 50 & Severe trauma 40 3.7 5.0 Yes
120 < Creatinine < 140 & Severe trauma 22 2.0 4.5 Yes
Querard et al. Recipient age < 30 years 391 8.1 3.1 No
Transplant before 2015 & A - D centresb 376 19.0 2.9 No
Transplant before 2013 & Recipient age < 50 25 1.3 0.0 Yes
Transplant in 2013 or 2014 & CIT > 30 21 1.1 4.8 Yes
Transplant before 2013 & CIT > 20 101 5.1 5.0 No
Duration on waiting list > 40m & centre AP 31 1.6 3.2 Yes
Duration on waiting list > 60m & Transplant
after 2018 31 1.6 3.2 Yes
30m < Duration on waiting list < 40m &
Transplant after 2018 21 11 4.8 ves
Foucher et al. Transplant.after 2018 & Recipient age‘ 2‘ 70 66 33 1.6 Yes
Transplantin 2011 or 2012 & 75 < Recipient 30 15 33 Yes
age <80
Transplant after 2018 & Centre FP 25 1.3 4.0 Yes
Transplantin 2014 & Centre BP 32 1.6 0.0 Yes
Transplant before 2013 & Centre EP 89 4.5 3.4 Yes
HLA-A-B-DR incompatibilities > 5 & Centre AP 21 1.1 4.8 Yes
Transplant in 2010 & History of malignancy 22 1.1 4.5 Yes
Transplar‘wt before 2013 & HLA-A-B-DR )8 1.4 36 Yes
incompatibilities < 2
Transplant in 2010 & Retransplant 21 1.1 4.8 Yes
No history of donor hypertension & A centrebec 11 3.0 0.0 Yes
No hemodialysis & Donor blood AB group® 6 1.7 0.0 Yes
Masset et al. L
Donor creatinine < 50 mmol/L & CIT > 20he 8 2.1 0.0 Yes
15 < CIT < 20 & 55 < Donor age < 65f 9 2.4 0.0 Yes

Abbreviations: CIT, Cold Ischemia Time; IH, Intracranial Hypertension; and n, sample size.
a New subgroup with respect to the Supplementary Table 2, ® The centres were anonymised, ¢ For time to cardiac
complication, 9 For time to malignancy, ¢ For delayed graft function occurrence, f For time to post-transplant diabetes.



Supplementary Table 6: Results of PCART with a=10% and =5%.

Part of the total

Probability of

Authors Problematic subgroup sample (%) treatment (%) Newsa

No osmotherapy at admission 732 67.3 2.9 No

Age > 55 years & SAPS Il score < 45 150 13.8 2.7 Yes

Age > 65 years & 45 < SAPS |l score < 60 116 10.7 43 Yes

50 < Creatinine < 60 & 25 < SAPS Il score < 55 135 12.4 4.4 Yes

Léger et al. Lactatemia < 1 mmol/L 197 18.1 4.1 No

No IH at admission nor history of head trauma 710 65.3 4.8 No

No IH and severe trauma at admission 385 35.4 4.9 No

No IH at admission & Creatinine < 150 mmol/L 740 68.0 4.9 No

No IH at admission & SAPS Il score < 55 532 48.9 4.1 No

No IH at admission & Age > 50 years 434 39.9 3.0 Yes
Querard et al. None detected - - - -

Foucher et al. Transplant before 2015 & A - D centresP 376 19.0 2.9 No
Masset et al. None detected - - - -

Abbreviations: IH, Intracranial Hypertension; and n, sample size.

aNew subgroup with respect to the Supplementary Table 2, » The centres were anonymised.
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ANNEXE H. RESULTATS NON-PUBLIES DU CHAPITRE 3

Table 1 : Performances of g-computation (GC) and Inverse Probability of Treatment Weighting

(IPTW) approaches under the alternative hypothesis to estimate the ATE effect.

n selection method mean bias logOR
strategy o nmp  Am logOR | eSE  RMSE aSE coverage power
GC -0.0 0.1 0.1 0.006 | 0.479 0.479 0.432 94.1 16.1
outcome
IPTW -0.1 0.1 0.1 0.023 | 0.549 0.549 0.573 96.0 9.5
treatment GC 0.1 0.1 0.0 0.006 | 0.550 0.550 0.490 94.1 13.5
100 IPTW | -0.3 02 0.5 0.055 | 0.692 0.694 0.630 93.5 13.5
outcome GC 0.0 -0.0 -0.0 0.003 | 0.504 0.504 0.464 94.6 14.5
and treatment IPTW -0.1 0.0 0.1 0.021 | 0.556 0.557 0.564 95.6 10.4
all GC 0.0 0.2 0.1 0.012 | 0.532 0.532 0.456 93.5 15.2
IPTW -0.3 03 0.7 0.063 | 0.712 0.715 0.644 93.7 13.3
GC 0.1 0.1 0.0 0.000 | 0.256 0.256 0.248 94.3 36.9
outcome
IPTW 0.0 0.1 0.1 0.005 | 0.277 0.277 0.319 97.5 19.7
treatment GC 0.1 0.1 0.0 0.002 | 0.297 0.297 0.286 93.9 28.8
300 IPTW | -0.1 01 0.1 0.015 | 0.369 0.370 0.376 95.3 20.0
outcome GC 00 0.0 -0.0 0.001 | 0274 0.274 0.266 94.3 32.6
and treatment | IPTW 00 01 01 0.006 | 0289 0.289 0.317 96.9 21.2
all GC 0.1 0.1 0.0 0.002 | 0.278 0.278 0.265 93.9 32.5
IPTW -0.1 0.1 0.1 0.014 | 0.365 0.366 0.382 96.1 19.9
GC -0.0 00 0.1 0.003 | 0.196 0.196 0.192 94.2 56.1
outcome
IPTW -0.1 0.1 0.1 0.008 | 0.213 0.213 0.245 97.6 35.5
treatment GC -0.0 0.0 01 0.004 | 0.228 0.228 0.222 94.2 45.0
500 IPTW -0.1 0.1 0.2 0.013 | 0.283 0.284 0.294 95.5 28.5
outcome GC -0.0 -0.0 0.0 0.003 | 0.211 0.211 0.206 94.5 51.3
and treatment | IPTW | -0.0 0.1 0.1 0.007 | 0.224 0.224 0.244 96.9 36.4
all GC -0.0 0.1 0.1 0.004 | 0.213 0.213 0.206 94.0 49.9
IPTW -0.1 0.1 0.2 0.014 | 0.277 0.277 0.297 96.3 28.2
outcome GC -0.0 0.0 0.0 0.002 | 0.095 0.095 0.096 95.4 98.8
IPTW 00 01 01 0.005 | 0102 0.102 0.121 98.1 94.9
ireatment GC -0.0 00 01 0.003 | 0111 0.111 0.111 95.3 95.7
2000 IPTW 0.0 0.1 0.1 0.004 | 0.134 0.134 0.147 96.9 78.9
outcome GC -0.0 00 00 0.002 | 0.102 0.102 0.103 95.3 97.8
and treatment | IPTW 00 01 01 0.005 | 0107 0.108 0.121 97.5 94.0
all GC -0.0 01 0.1 0.003 | 0.103 0.103 0.103 95.2 97.7
IPTW 0.0 0.1 0.1 0.004 | 0.129 0.129 0.148 97.5 79.8

Ten thousand simulations were performed. Theoretical values : my = 23.6%,1; = 31.5% and logOR
= 0.390. ATE : average treatment effect in the entire population; n : sample size; m : percentage of

event in untreated patients; m; : percentage of event for treated patients; An : m; — mp; OR : Odds-

ratio; eSE : empirical standard error; RMSE : root mean square error; aSE : asymptotic standard
error; coverage : the percentage of 95% confidence intervals including the theoretical value; and

power : the percentage of rejection of the null hypothesis.
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Table II : Performances of g-computation (GC), Inverse Probability of Treatment Weighting (IPTW) and
Propensity Score Matching (PSM) approaches under the alternative hypothesis to estimate the ATT ef-

fect.
0 selection method mean bias logOR
strategy o mp;  Am 1logOR | eSE RMSE aSE  coverage power
GC 03 -08 -1.0 -0.071 | 0.471 0.476 0.481 96.3 9.9
outcome IPTW 06 -0.8 -1.3 -0.076 | 0.554 0.560 0.637 97.6 5.6
PSM (mp=80) | -2.2 -3.6 -14 -0.022 | 0.714 0.714 0.840 99.4 1.0
GC 05 -08 -13 -0.078 | 0.537 0.543 0.541 96.3 8.2
treatment IPTW 02 -08 -1.0 -0.033 | 0.735 0.736 0.709 94.5 10.0
100 PSM (mp=69) | -25 -44 -19 -0.069 | 0.741 0.744 0.887 99.5 0.6
outcome GC 03 -0.8 -1.1 -0.078 | 0.498 0.504 0.516 96.5 8.7
and IPTW 06 -0.8 -1.3 -0.079 | 0.558 0.564 0.621 97.0 6.1
treatment | PSM (mp=86) | -1.5 -29 -14 -0.018 | 0.727 0.727 0.814 99.1 1.5
GC 04 -08 -1.2 -0.071 | 0.516 0.521 0.507 96.0 9.2
all IPTW 02 -08 -1.0 -0.020 | 0.768 0.769 0.732 94.5 9.9
PSM (mp=64) | -2.8 -4.5 -1.7 -0.069 | 0.717 0.720 0.908 99.7 0.4
GC -0.2 02 04 0.005 | 0284 0.284 0.276 94.4 31.9
outcome IPTW -0.1 02 03 0.002 | 0313 0313 0.353 97.4 17.3
PSM (mp=90) | -2.2 -1.5 0.7 0.098 | 0.441 0.452 0.440 96.2 17.8
GC -02 02 03 0.003 | 0.328 0.328 0.315 94.6 25.7
treatment IPTW -03 02 04 0.017 | 0410 0.410 0.412 95.0 17.0
300 PSM (mp=76) | -3.6 -2.8 0.7 0.085 | 0.485 0.492 0.474 96.4 15.2
outcome GC -0.2 02 03 0.002 | 0306 0306 0.298 94.8 28.5
and IPTW -0.1 02 03 0.001 | 0328 0328 0.349 96.4 18.7
treatment | PSM (mp=92) | -1.9 -1.3 0.5 0.089 | 0.450 0.459 0.436 95.7 18.7
GC -02 02 04 0.006 | 0.306 0.306 0.291 94.0 28.9
all IPTW -0.3 02 05 0021 | 0404 0.405 0419 95.5 16.5
PSM (mp=76) | -3.6 -2.8 0.8 0.080 | 0.451 0.458 0.469 97.3 13.5
GC 00 -0.1 -0.1 -0.011 | 0.216 0.216 0.212 94.7 47.3
outcome IPTW 01 -0.1 -0.2 -0.015 | 0.237 0.237 0.269 97.4 28.2
PSM (mp=93) | -1.8 -1.3 0.5 0.083 | 0.330 0.340 0.329 95.4 30.7
GC 00 -01 -0.1 -0.011 | 0.248 0.249 0.244 94.6 37.9
treatment IPTW -0.1 -0.1 -0.0 -0.001 | 0.305 0.305 0.316 95.8 24.6
500 PSM (mp=77) | -3.3 -2.8 05 0.070 | 0.359 0.366 0.355 95.7 254
outcome GC 00 -0.1 -01 -0.013 | 0.233 0.233 0.230 94.8 42.0
and IPTW 01 -01 -0.2 -0.015 | 0.249 0.250 0.268 96.8 29.9
treatment | PSM (mp=93) | -1.5 -14 0.2 0.068 | 0332 0.339 0.328 95.4 29.5
GC -0.0 -0.1 -0.1 -0.010 | 0.231 0.232 0.225 94.4 43.1
all IPTW -0.1 -0.1 -0.0 -0.002 | 0.296 0.296 0.320 96.2 22.8
PSM (mp=78) | -3.3 -28 05 0.065 | 0.336 0.342 0.351 96.7 24.3
GC -0.0 0.0 0.0 -0.001 | 0.106 0.106 0.106 95.0 96.6
outcome IPTW 0.1 0.0 -0.1 -0.005 | 0.115 0.115 0.133 97.8 88.0
PSM (mp=96) | -1.7 -0.7 1.0 0.105 | 0.172 0.202 0.159 88.8 88.0
GC 00 0.0 -0.0 -0.002 | 0.122 0.122 0.122 95.1 90.8
treatment IPTW -0.0 0.0 0.0 0.002 | 0.148 0.148 0.156 96.2 73.5
2000 PSM (mp=78) | -34 -2.8 06 0.068 | 0.185 0.198 0.173 92.5 76.6
outcome GC 00 00 -0.0 -0.002 | 0.115 0.115 0.115 95.1 93.7
and IPTW 01 0.0 -01 -0.005|0.123 0.123 0.132 96.6 86.4
treatment | PSM (mp=96) | -14 -1.1 0.3 0.072 | 0.158 0.173 0.159 93.5 85.6
GC -0.0 0.0 00 -0.000 | 0113 0.113 0.113 95.0 94.6
all IPTW -0.0 0.0 01 0.002 | 0.141 0.141 0.156 97.2 74.7
PSM (mp=79) | -3.4 -2.2 1.2 0.094 | 0.175 0.199 0.172 92.1 82.4

Ten thousand simulations were performed. Theoretical values
0.400. ATT : average treatment effect for the treated; n : sample size; mp : percentage of matched treated;
Ty : percentage of event in untreated patients; m; : percentage of event for treated patients; Am : m; —
7p; OR : Odds-ratio; eSE : empirical standard error; RMSE : root mean square error; aSE : asymptotic
standard error; coverage : the percentage of 95% confidence intervals including the theoretical value;
and power : the percentage of rejection of the null hypothesis.

17y = 33.4%, M = 42.7% and logOR =

XCV
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Supplementary Table II : Performances of g-computation (GC) and Inverse Probability of Treatment

Weighting (IPTW) approaches under the null hypothesis to estimate the ATE effect.

n selection method mean bias logOR
strategy mp m; Am logOR | eSE  RMSE aSE  coverage typel
GC 0.1 01 -0.1 0.004 | 0498 0.498 0.447 94.3 5.7
outcome
IPTW -0.1 0.1 0.2 0.028 | 0.572 0.572 0.584 96.2 3.8
treatment GC 0.1 02 01 0.014 | 0575 0.575 0.505 93.8 6.2
100 IPTW | -04 04 0.7 0.068 | 0.720 0.723 0.639 92.7 7.3
outcome GC 01 01 -0.0 0.008 | 0.524 0.524 0.479 94.3 5.7
and treatment IPTW -0.1 0.1 0.2 0.029 | 0.580 0.580 0.576 95.3 4.7
all GC 02 02 00 0011 | 0555 0.555 0.472 93.6 6.4
IPTW -05 04 09 0075 | 0732 0.735 0.653 93.3 6.7
GC 00 01 01 0.005 | 0263 0.263 0.256 94.7 5.3
outcome
IPTW -0.0 0.1 0.1 0.010 | 0.288 0.288 0.326 97.4 2.6
treatment GC 0.1 0.1 0.0 0.004 | 0.305 0.305 0.294 94.6 5.4
300 IPTW | -0.1 0.0 0.2 0.016 | 0.376 0376 0.381 95.4 4.6
outcome GC 00 01 00 0.004 | 0281 0.281 0.275 95.0 5.0
and treatment | IPTW | -0.0 0.1 0.1 0.008 | 0.299 0.299 0.324 96.6 34
all GC 0.0 0.1 0.1 0.005 | 0.286 0.286 0.274 94.6 5.4
IPTW -0.1 0.0 0.2 0016 | 0372 0372 0.386 96.1 3.9
GC 0.0 0.0 -0.0 0.000 | 0.204 0.204 0.199 94.4 5.6
outcome
IPTW 0.0 0.0 0.0 0.005 | 0.221 0.221 0.250 97.5 2.5
treatment GC 0.0 0.0 -0.0 0.001 | 0.236 0.236 0.228 94.3 5.7
500 IPTW 0.0 0.1 0.0 0.006 | 0.289 0.289 0.299 95.7 4.3
outcome GC 0.0 0.0 -0.0 0.001 |0.219 0.219 0.213 94.3 5.7
and treatment | IPTW | -0.0 0.1 0.1 0.005 | 0.230 0.231 0.249 96.6 34
all GC 0.0 00 -0.0 0.001 |0.221 0.221 0.213 94.4 5.6
IPTW 0.0 00 00 0.005 | 0.284 0.284 0.301 96.1 3.9
GC -0.0 0.0 0.0 0.002 | 0.100 0.100 0.099 95.0 5.0
outcome
IPTW | -0.0 0.0 0.1 0.004 | 0.106 0.106 0.124 97.8 2.2
ireatment GC -00 00 00 0.002 | 0.114 0.114 0.114 94.9 5.1
2000 IPTW -0.0 0.0 0.0 0.002 | 0.137 0.137 0.150 96.9 3.1
outcome GC -0.0 0.0 0.0 0.002 | 0.106 0.106 0.106 94.9 5.1
and treatment | IPTW | -0.0 0.1 0.1 0.004 | 0.111 0.111 0.123 97.2 2.8
all GC -0.0 0.0 0.0 0.002 | 0.107 0.107 0.107 94.9 5.1
IPTW -0.0 0.0 0. 0.0 0.132 0.132 0.150 97.3 2.7

Ten thousand simulations were performed. Theoretical values :
ATE : average treatment effect in the entire population; n : sample size; mg : percentage of event
in untreated patients; m; : percentage of event for treated patients; Amn : m; — 7p; OR : Odds-ratio;
eSE : empirical standard error; RMSE : root mean square error; aSE : asymptotic standard error;
coverage : the percentage of 95% confidence intervals including the theoretical value; and type I :

the percentage of rejection of the null hypothesis.

XCVI

My = 11 = 23.6% and logOR = 0.000.
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Supplementary Table III : Performances of g-computation (GC), Inverse Probability of Treatment
Weighting (IPTW) and Propensity Score Matching (PSM) approaches under the null hypothesis to es-
timate the ATT effect.

0 selection method mean bias logOR

strategy o np  Am 1logOR | eSE  RMSE aSE  coverage typel

GC -0.1 -03 -0.2 -0.010 | 0.488 0.488 0.499 96.6 3.4

outcome IPTW 0.1 -03 -04 -0.012 | 0.564 0.564 0.654 98.0 2.0

PSM (mp=79) | -28 -2.7 0.1 0.014 | 0.725 0.725 0.858 99.8 0.2

GC -0.1 -03 -0.2 -0.006 | 0.549 0.549 0.562 96.8 3.2

treatment IPTW -0.2 -03 -0.1 0.030 | 0739 0.739 0.728 95.1 4.9

100 PSM (mp=68) | -3.5 -3.2 03 0.023 | 0.753 0.753 0.912 99.7 0.3

outcome GC -0.1 -03 -0.2 -0.015| 0.511 0.511 0.537 97.0 3.0

and IPTW 01 -03 -04 -0.017 | 0.565 0.565 0.639 97.8 2.2

treatment | PSM (mp=86) | -2.2 -2.1 0.1 0.013 | 0.748 0.748 0.829 99.5 0.5

GC -0.2 -03 -0.2 0.000 | 0.537 0.537 0.523 96.3 3.7

all IPTW -0.2 -03 -0.1 0.042 | 0773 0.774 0.749 94.8 5.2

PSM (mp=64) | -3.7 -3.4 03 0.027 | 0.737 0.737 0.934 99.9 0.1

GC 00 0.1 0.1 0.001 | 0.294 0.294 0.287 94.6 5.4

outcome IPTW 0.1 0.1 0.0 -0.002 | 0.323 0.323 0.363 97.6 2.4

PSM (mp=90) | -20 -1.4 06 0.034 | 0.440 0.442 0.444 96.6 3.4

GC 01 01 00 -0.003 | 0339 0.339 0.327 95.0 5.0

treatment IPTW -01 01 02 0.017 | 0413 0.413 0.421 95.3 4.7

300 PSM (mp=76) | -3.4 -2.6 0.8 0.042 | 0.489 0.490 0.480 96.3 3.7

outcome GC 0.1 0.1 0.1 -0.003 | 0.318 0.318 0.310 94.9 5.1

and IPTW 0.1 0.1 -0.0 -0.004 | 0.338 0.338 0.359 96.5 3.5

treatment | PSM (mp=92) | -1.7 -1.3 04 0.023 | 0.454 0.455 0.440 95.8 4.2

GC 00 01 01 0.002 | 0315 0.315 0.302 94.4 5.6

all IPTW -0.2 01 03 0.022 | 0405 0.406 0.428 96.0 4.0

PSM (mp=76) | -3.5 -2.6 09 0.047 | 0.459 0.461 0.476 97.0 3.0

GC -0.0 0.0 0.0 -0.001 | 0.225 0.225 0.221 94.8 5.2

outcome IPTW 01 0.0 -01 -0.004 | 0.246 0.246 0.277 97.4 2.6

PSM (mp=92) | -19 -1.1 0.8 0.042 | 0.330 0.333 0.332 95.8 4.2

GC 0.1 0.0 -0.1 -0.004 | 0.258 0.258 0.252 94.5 5.5

treatment IPTW -0.0 0.0 00 0.004 | 0312 0312 0.323 95.4 4.6

500 PSM (mp=77) | -3.3 -25 0.8 0.042 | 0.366 0.368 0.360 95.4 4.6

outcome GC 01 0.0 -0.0 -0.005|0.242 0.243 0.239 94.8 5.2

and IPTW 0.1 0.0 -0.1 -0.006 | 0.258 0.258 0.275 96.6 3.4

treatment | PSM (mp=93) | -16 -1.2 04 0.023 | 0.334 0.335 0.331 95.5 4.5

GC -0.0 0.0 00 -0.001 | 0.240 0.240 0.233 94.5 5.5

all IPTW -0.0 0.0 0.0 0.006 | 0.303 0.303 0.326 96.3 3.7

PSM (mp=78) | -3.3 -24 09 0.046 | 0.343 0.346 0.356 96.6 34

GC 00 00 0.0 -0.000 | 0.110 0.110 0.110 95.0 5.0

outcome IPTW 02 0.0 -01 -0.006 |0.120 0.120 0.136 97.7 2.3

PSM (mp=96) | -1.7 -0.7 1.0 0.051 | 0.172 0.180 0.160 92.0 8.0

GC 01 00 -01 -0.003 |0.127 0.127 0.126 94.8 5.2

treatment IPTW 00 00 0.0 0.001 |0.150 0.150 0.159 96.3 3.7

2000 PSM (mp=78) | -34 -25 09 0.045 | 0.189 0.194 0.175 92.5 7.5

outcome GC 0.1 0.0 -0.0 -0.003 | 0.119 0.119 0.119 94.9 5.1

and IPTW 02 0.0 -01 -0.006 |0.127 0.127 0.136 96.5 3.5

treatment | PSM (mp=96) | -1.3 -1.0 0.3 0.017 | 0.160 0.161 0.160 95.0 5.0

GC 00 00 0.0 -0.000 | 0.118 0.118 0.116 95.1 4.9

all IPTW 00 00 0.0 0.001 |0.144 0.144 0.159 97.4 2.6

PSM (mp=79) | -3.4 -1.9 1.5 0.075 | 0.177 0.192 0.174 93.0 7.0

Ten thousand simulations were performed. Theoretical values : my = m; = 33.4% and logOR = 0.000.
ATE : average treatment effect for the treated; n : sample size; mp : percentage of matched treated; g :
percentage of event in untreated patients; m; : percentage of event for treated patients; Am: m; —1p; OR:
Odds-ratio; eSE : empirical standard error; RMSE : root mean square error; aSE : asymptotic standard
error; coverage : the percentage of 95% confidence intervals including the theoretical value; and type I :
the percentage of rejection of the null hypothesis.
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Prédiction contrefactuelle pour I'estimation causale a partir de données de vie réelle

Mots clefs : Biais de confusion, Etudes de simulation, G-computation, Inférence causale, Machine

learning, Score de propension.

Résumé : L’absence de randomisation pour les
données de vie réelle complique [I'analyse
statistique et nécessite I'utilisation de méthodes
complexes. L’application web Plug-Stat® facilite
ce type d’analyse en proposant des interfaces
intuitives pour les non-spécialistes. La présente
thése cherche a optimiser Plug-Stat® en
automatisant le plus possible I'étape
d’estimation causale. Trois travaux étudiant le
comportement de ces méthodes et un
quatrieme proposant un outil daide a la
décision sont présentés. Le premier travalil
compare par simulations les méthodes
d’'inférence causale les plus courantes selon
différents ensembles d’ajustement. Le second
travail compare différentes approches de
machine learning en combinaison avec la g-
computation pour éviter les biais liés a une
mauvaise spécification du modéle.

Le troisieme travail présente le développement
d’un estimateur de g-computation en présence
de censure a droite. Ce nouvel estimateur est
également combiné avec un score de
propension pour former un estimateur
doublement robuste. Ces trois méthodes sont
ensuite comparées par simulations. Le dernier
travail propose un algorithme daide a la
vérification de I'hypothése de positivité. Au
final, la g-computation semble étre une
méthode a considérer pour l'automatisation de
Plug-Stat®. Elle ne nécessite pas d'hypothese
d'équilibre et le machine learning évite les
problemes de spécification. Enfin, la
vérification de la positivité est automatisée au
moyen d'arbres de décision pour permettre a
linvestigateur de redéfinir sa population
d'étude.

Counterfactual prediction in causal estimation from real-life data

Keywords: Causal inference, Confounding bias, G-computation, Machine learning, Propensity score,

Simulation studies.

Abstract: The lack of randomisation in
observational studies makes statistical analysis
harder and requires complex methods. Plug-
Stat®, a web application, facilitates such
analyses by proposing intuitive interfaces. This
thesis searches to optimise Plug-Stat® by
maximally automating the causal estimation
step. This thesis presents three works
investigating the behaviour of these specific
methods, and a fourth one showing a decision-
making tool for causal studies. The first study
compares by simulations the most common

causal inference methods across several
adjustment sets. The second work compares
several machine learning approaches

associated with the g-computation to avoid

model misspecifications. The third work
presents the development of a g-computation
estimator in the presence of right censoring.
This novel estimator is also associated with a
propensity score to form a doubly robust
estimator. The three methods are then
compared through simulations. The last work
proposes an algorithm able to check potential
positivity violations. The g-computation should
be considered for the automation of Plug-
Stat®. It is free of the balancing assumption,
and machine learning avoids misspecifications.
Positivity checking is also automated through
decision trees for helping the investigator to
redefine his study population.
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