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Le plus grand péril se trouve au moment de la victoire.
Napoléon Bonaparte
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l. Introduction

Dans cette thése, nous nous sommes intéresses a 1’utilisation d’outils de modélisation et de
I’intelligence artificielle afin : (i) d’estimer I’exposition au tacrolimus, (ii) d’évaluer le bon
fonctionnement du rein chez des patients transplantés rénaux et (iii) d’évaluer la relation
exposition au tacrolimus/survenue d’effets indésirables et notamment la survenue d’un diabéte

post-transplantation.

Dans une premiere partie, nous développerons différents points: (i) I’intérét du suivi
thérapeutique pharmacologique du tacrolimus, (ii) le débit de filtration glomérulaire et I’iohexol
comme marqueurs de la fonction rénale, (iii) le développement de modeles de
pharmacocinétique de population ainsi que leur utilisation dans le suivi de patients transplantés
enfin (iv) ’utilisation d’approches innovantes telle que 1’intelligence artificielle dans le suivi

de ces patients.

Dans une seconde partie, nous présenterons les différentes études réalisées durant cette these
de Doctorat. La premiere étude concerne 1’utilisation de la pharmacocinétique de population
afin de prédire I’exposition au tacrolimus en estimant 1’aire sous la courbe chez des patients
transplantés rénaux de novo prenant une formulation générique du Prograf®, I’ Adoport® (article
1). Les deuxiéme et troisieme études concernent 1’évaluation du fonctionnement du rein via
I’estimation du débit de filtration glomérulaire chez des patients transplantés selon 2
approches : (a) une approche de pharmacocinétique de population et le développement d’un
estimateur Bayésien basé sur une stratégie de prélevements limités (article 2) (b) une approche
hybride combinant un modéle de pharmacocinétique de population a un algorithme de Machine
Learning (article 3). La quatriéme étude décrit les performances d’un modéle hybride dans la
prédiction de I’exposition de I’isavuconazole, antifongique utilisé chez des patients transplantés
(article 4). Enfin, la cinquieme étude porte sur I’exposition longitudinale au tacrolimus et son

lien avec ’apparition de diabéte post-transplantation (article 5).
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1.1. Le Tacrolimus

I.1.1. Origine
Isolé en 1984 a partir du champignon Streptomyces tsukubaensis, le tacrolimus (FK-506) a

rapidement montré une activité supérieure a celle de la ciclosporine en tant qu’inhibiteur de la
calcineurine in vitro [1]. En 1989, le Dr Starlz a dirigé la premiére étude clinique utilisant le
tacrolimus comme immunosuppresseur [2] puis devant la balance bénéfice/risque du
tacrolimus, 1’US Food and Drug Administration (FDA) a autorisé la mise sur le marché du
tacrolimus sous la spécialité Prograf® le 8 avril 1994 comme traitement prophylactique du rejet
de greffe hépatique. L’indication concernant la transplantation rénale a été octroyée 3 ans plus

tard.

1.1.2. Pharmacologie du tacrolimus

1.1.2.1. Mécanisme d’action

Le tacrolimus, une fois pénétré dans le lymphocyte, forme un complexe avec une protéine
appelée FK binding protein 12 (FKBP-12) (Figure 1). Ce complexe, en se liant a la calcineurine
de maniére non compétitive, inhibe son activité¢ de phosphatase. L’inhibition de la calcineurine
diminue la production et la sécrétion d’interleukine 2 (IL-2) par inhibition de la translocation
nucléaire du facteur de transcription (NFAT) et donc de la transcription du geéne de I’IL-2. Cette
diminution de synthése de I’IL-2 inhibe la prolifération des lymphocytes T par blocage du cycle

cellulaire au stade GO.
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Immune stimulation

Figure 1 : Mécanisme d'action des immunosuppresseurs d'aprés www.pharmgkb.org
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1.1.2.2. Pharmacocinétique et source de variabilité

Lors de la prise orale du tacrolimus, celui-ci est absorbé a partir du duodénum jusqu’au colon
avec un pic d’absorption au niveau du jéjunum, environ 1h30 aprés sa prise [3]. Sa
biodisponibilité est de 1’ordre de 20-25%. Une fois absorbé, il se distribue largement (y compris
dans les hématies) avec un volume de distribution (Vd) de 1300 L et se lie fortement aux
protéines plasmatiques et plus particuliérement a 1’albumine et a la a-1-glycoprotéine acide
(>98%). 1l est métabolisé au niveau hépatique via les CYP3A4/CYP3ADS et est éliminé dans les

feces avec une demi-vie de 12h.

intestinal cell

elimination via
bile or urine

Figure 2 : Voie d'absorption et de métabolisme du tacrolimus d'apres www.pharmgkb.org
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La pharmacocinétique du tacrolimus présente une grande variabilité intra- mais egalement
interindividuelle. De nombreux facteurs tels que I’alimentation, I’age, le rythme circadien, les
médicaments associés, le polymorphisme des transporteurs (P-gp) et des enzymes du
métabolisme (CYP3A4/3A5), le délai post-transplantation ou encore 1’hématocrite sont des

sources de variabilités de la cinétique du tacrolimus [4].

La faible biodisponibilité du tacrolimus est en partie liée a la glycoprotéine P (P-gp) et aux
cytochromes P450 3A (CYP3A4 et CYP3A5) intestinaux dont il est substrat. La
biodisponibilité est également influencée par la prise concomitante d’un repas qui peut entrainer

une diminution de son exposition allant de 20% a 45% [4,5].

Jacobson et al. [6] ont montré que les concentrations résiduelles (CO) de tacrolimus normalisées
par le poids et la dose étaient statistiquement plus importantes chez les personnes agées de 65
a 84 ans que chez les adultes entre 35 et 64 ans et que chez les jeunes adultes (18-34 ans) (+17%
et +34%, respectivement), montrant que 1’age influence la clairance du tacrolimus : plus le sujet
est agé, plus la clairance est faible. Ainsi la dose nécessaire afin d’atteindre les cibles

thérapeutiques diminue avec 1’age.

Park et al. [7] et Fontova et al. [8] ont montré I’impact du cycle circadien sur la
pharmacocinétique du tacrolimus. Dans ces 2 études, les auteurs ont observé une diminution de
I’exposition du tacrolimus aprés une prise nocturne. Fontova et al. [8] rapportent une AUC
moyenne apres la dose matinale augmentée de 20% par rapport a I’AUC moyenne apreés la dose
nocturne (respectivement 115,4 h.ug/L vs 92,4 h.ug/L, p<0.001).

Saint-Marcoux et al. ont observé une exposition augmentée dans les premiers mois post-
transplantation montrant que le délai post-transplantation était également un facteur de
variabilité. Les rapports CO/dose et AUC/dose ont significativement augmenté de 2,33 a 3,44

po/L.mg et de 43,1 a 64,2 h.ug/L.mg entre le premier et le 9¢ mois post-transplantation rénale
[9].

Les 2 principales sources génétiques concernent les enzymes du métabolisme (CYP3A4 et
CYP3AS5) et les transporteurs d’influx et d’efflux (notamment la P-gp). La recherche des
polymorphismes CYP3A5*3 avant I’initiation du traitement est recommandée par la Réseau
National de Pharmacogénétique (RNPGx) [10] afin d’adapter la dose initiale de tacrolimus pour
obtenir des concentrations résiduelles adéquats. En effet, les génotypes CYP3A5*1/*3 ou
CYP3A5*1/*1 sont associés a 1’expression du CYP3AS et donc a un métabolisme accru du

tacrolimus et la particularité est que seulement 7% de la population européenne exprime le
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CYP3A5 [11]. Ladose initiale est 1,5 a 2 fois plus élevée chez les expresseurs que chez les non
expresseurs (patients avec un génotype CYP3A5*3/*3) dans la limite d’une dose initiale
maximum de 0,30 mg/kg/jour. En ce qui concerne le CYP3A4, la recherche du CYP3A4*22
semble intéressante dans le cas de suspicion de métabolisme lent du tacrolimus. Cette recherche
doit étre effectuée aprés élimination d’un probléme d’interaction médicamenteuse ou

d’absorption [10].

Concernant les transporteurs d’influx et d’efflux, Tron et al. ont effectué¢ une revue de la
littérature sur la pharmacogénétique des transporteurs du tacrolimus (Figure 2) [12]. Peu de
polymorphismes décrits, présents sur les transporteurs d’influx ou d’efflux, semblent impacter
I’exposition du tacrolimus ou I’apparition d’effets indésirables. Toutefois, il semble intéressant
de continuer a explorer ces différents polymorphismes car il pourrait permettre une meilleure
compréhension de la variabilité interindividuelle du tacrolimus surtout s’ils sont évalués en

combinaison et non indépendamment [12].

Les interactions, qu’elles soient d’origine médicamenteuse ou alimentaire, constituent une
importante source de variabilité de la pharmacocinétique du tacrolimus. En effet comme détaillé
ci-dessus, le tacrolimus est métabolisé majoritairement par le CYP3A4 et transporté
principalement par la P-gp. Ce sont 2 voies majoritairement impactées par les interactions. En
effet, le CYP3A4 est situé a différents endroits comme dans les entérocytes, les hépatocytes et
minoritairement dans le rein. La P-gp est, quant a elle, présente également a différents endroits

dont les entérocytes, les hépatocytes et la barriere hémato-encéphaligue.
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Figure 3 : Représentation graphique du métabolisme et transport du tacrolimus dans les principaux organes d'apres
Tron et al.[12]

1.1.3. Utilisation clinique du tacrolimus en transplantation rénale

Le tacrolimus est indiqué dans le traitement préventif contre le rejet de greffe solide (rénal,
hépatique et cardiaque) ou d’allogreffe. Il est commercialisé sous différentes formulations : a
libération immédiate (Prograf®, Modigraf®, Adoport®) avec une interdose de 12h ou a
libération retardée/prolongée (Advagraf®, Conferoport®, Envarsus®) avec une interdose de 24h.
De nos jours, il est la pierre angulaire du traitement prophylactique contre le rejet de greffe. Il
est recommandé d’initier le tacrolimus dans les heures suivant la transplantation du greffon.
Chez I’adulte, la posologie initiale est de 0,20-0,30mg/kg/jour en une ou deux prise(s) par jour
en fonction de la spécialité. Toutefois son utilisation n’est pas sans risque, le tacrolimus posséde
une marge thérapeutique étroite ainsi qu’une variabilité pharmacocinétique interindividuelle
importante entrainant un risque d’inefficacité et donc de rejet de greffe en cas de sous-
exposition ou I’apparition d’effets indésirables comme par exemple, la neurotoxicité, la
survenue de diabéte post-transplantation, les infections ou encore la néphrotoxicité en cas de

surexposition.
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1.1.4. Relation exposition/effets indésirables du tacrolimus

1.1.4.1 Neurotoxicité
Les différents troubles neurologiques induits par une thérapie immunosuppressive dont le

tacrolimus ont été décrits par Faravelli et al. [13] (Figure 4).

Central NS

- Seizures Eye and Ear

- PRES - Optic

- Infections neuropathy
- Psychiatric disorders - Hearing loss
- PTLD

- Stroke

| | 4\ Muscle

- Toxic
Myopathy
Peripheral NS
- Guillain-Barré
syndrome

- Toxic neuropathy

Neuromuscular

Junction Upper

- Myasthenia Extremities

Gravis - Tremor

Figure 4 : Présentation des différents troubles neurologiques pouvant étre induits par le tacrolimus d'aprés Faravelli
etal. [13]

Ces troubles peuvent toucher le systéme nerveux central et/ou périphérique (crises d’épilepsie,

troubles psychiatriques...) ou encore le systeme neuromusculaire (myopathie, myasthénie).

Dans cette méme revue, les auteurs ont également décrit les différents mécanismes potentiels

de neurotoxicité induite par le tacrolimus (Figure 3).
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Figure 3 : Schéma explicatif des différents mécanismes de toxicité proposé par Faravelli et al.[13] ; BBB = Barriére
hémato-encéphalique.

Les inhibiteurs de la calcineurine, substrats de la P-gp, sont connus pour augmenter la
perméabilité de I’endothélium capillaire. Ces 2 mécanismes jouent un réle dans 1’augmentation
de la concentration intracérébrale en tacrolimus. Sakamoto et al. [14,15] ont montré, chez des
rats, qu’une concentration intracérébrale importante (>700ug/g) pouvait étre associée a
I’apparition d’effets indésirables neurologiques comme des tremblements, des crises
épileptiques, de I’irritabilité ou encore des comportements violents ainsi qu’a leurs intensités
(statistiquement non testée). Toutefois, une corrélation statistique (r=0,967, p<0,0001) entre les
concentrations intracérébrales et concentrations sanguines de tacrolimus a été établie. Le seuil
de 700 ug/g correspondant a une concentration sanguine de 20 pg/L a été retenu, confirmant
les résultats de 1’étude STRATO [16].

L’étude STRATO [16], conduite chez des patients transplantés rénaux, a étudié 1I’impact du
switch de la forme a libération immédiate (Prograf® a la libération prolongée (Envarsus®), sur

les tremblements induits par exposition au tacrolimus. Cette étude a mis en évidence une
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diminution statistique (p<0,0001) des tremblements chez les patients convertis a la forme a
libération prolongée. Fructuoso et al. [17] ont également observé qu’apres le switch des patients
transplantés rénaux vers une forme prolongée de tacrolimus, la déclaration de tremblements

avait significativement diminué (20,8% vs 11,8%, p<0,0001).

1.1.4.2. Néphrotoxicité
La néphrotoxicité induite par le tacrolimus, qu’elle soit aigué ou chronique, peut s’expliquer

par différents mécanismes (Tableau 1) :

Tableau 1 : Différents mécanismes supposés de néphrotoxicité (aigué et/ou chronique) du tacrolimus

Forme de | Origines Mécanismes supposes
néphrotoxicite

Hémodynamique - Augmentation des résistances
vasculaires rénales

Toxicité tubulaire - Vacuolisation des cellules tubulaires
- aigué induit par a une augmentation
Aigué . L
volumetrique du réticulum
endoplasmique
Microangiopathies - Environnementaux ? Génétiques ?
thrombotiques
Lesions vasculaires - Dépdts hyalins
gr]z;lilc:}g?fe - Hypothétique blocage de Ila voie
) calcineurine/NFAT des muscles lisses
des artérioles afférentes
Lésions tubulo- - Formation de radicaux libres
interstitielles ) )
Chronique - Augmentation de I’expression de TGF-3
favorisant la fibrose
Lésions - Sclérose glomérulaire secondaire a
glomérulaires I’hyalinose artériolaire
Troubles - Acidose tubulaire distale

hydroélectrolytiques

- Hyperuricémie

Malgré les différents mécanismes impliqués dans la néphrotoxicité du tacrolimus, la relation
entre la néphrotoxicité et les indices d’exposition au tacrolimus n’a pas été clairement
démontrée [18]. Toutefois, différentes pistes ont été explorées concernant la néphrotoxicité et
notamment celle du ratio concentration résiduelle/dose (CO/D) [32-36]. La survenue de

néphrotoxicité est statistiguement significative (p=0,015) chez les métaboliseurs rapides (C0/D
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< 1,05) par rapport aux métaboliseurs intermédiaires et lents [34]. Dans une étude ultérieure,
les mémes auteurs ont voulu comprendre le mécanisme de cette néphrotoxicité [33]. Ils ont
étudié la relation entre ce rapport CO/D de tacrolimus et la néphrotoxicité, confirmée
histologiquement. Ces derniers ont montré une vacuolisation statistiquement plus importante
ainsi qu’une diminution de la production d’une protéine Fnl4, protéine connue pour étre
impliquée dans la néphrotoxicité des inhibiteurs de la calcineurine [20], chez les patients
possedant un CO/D < 1,05.

A dose constante, 1’0bservation d’une concentration résiduelle plus faible suggere que le
métabolisme du tacrolimus est plus important et donc une concentration relative en métabolites
plus importante. La néphrotoxicité pourrait donc étre liée a la surexposition a certains des
métabolites du tacrolimus. Un début de réponse est proposé par Zegarska et al. [23] qui ont
observé une faible corrélation statistiquement significative (r=-0,244, p<0,05) entre la
concentration d’un des métabolites du tacrolimus, M-I11, et le débit de filtration glomérulaire

estimé.

1.1.4.3. Diabete post-transplantation

Le diabéte post-transplantation est un des principaux effets secondaires du tacrolimus chez les
patients transplantés. Le tacrolimus semble avoir différents mécanismes de toxicité sur les
cellules B du pancréas dont le principal est la diminution de sécrétion d’insuline par les cellules
B du pancréas [35-38]. Rodriguez-Rodriguez et al. [25] ont décrit les différentes cibles du

tacrolimus dans le mécanisme de survenue du diabete (Figure 5) :
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Figure 5 : Voie de toxicité du tacrolimus sur les cellules B du pancréas d’aprés Rodriguez-Rodriguez et al. [25]

De nombreux articles décrivent la prise d’inhibiteurs de la calcineurine comme facteur de risque
de survenue de diabetes post-transplantation avec un surrisque pour le tacrolimus [26-29].
Cependant des relations divergentes ont été établies entre les indices d’exposition au tacrolimus
et ’apparition de diabete. Une CO élevée a I’initiation du traitement par tacrolimus a été montrée
comme facteur de risque de développer un diabéte chez des patients ayant subi une
transplantation rénale [30]. A contrario, la CO initiale a été démontrée comme protecteur chez
des patients transplantés hépatiques [31]. Cette divergence entre les 2 études peut s’expliquer
par les intervalles thérapeutiques en tacrolimus qui différent dans ces 2 indications. En effet, la
transplantation rénale nécessite une exposition plus importante au tacrolimus qu’en cas de
transplantation hépatique [32] (Tableau 2). Maes et al. [33] ont également étudié cette relation
chez des patients transplantés rénaux. Ils ont montré un risque augmenté de survenue d’un
diabéte au cours de la premiére année lorsque les patients avaient un nombre plus important de
CO > 15 pg/L au cours du premier mois post-transplantation. Cette derniere étude semble
suggérer 1’existence d’une relation entre la survenue de diabéte et la surexposition cumulée au

tacrolimus.
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Tableau 2 : Stratégies thérapeutique du tacrolimus dans les indications de la transplantation rénal et hépatique en
fonction de I'age, du risque immunologique, des traitements immunosuppresseurs associés et du délai post-
transplantation d'aprés Brunet et al. [32]. MMF= mycophénolate mofétil ; IL-2 :interleukinee 2.

Organe Population et risque | Immunosuppresseurs | Délai post- | Cible  CO
immunologique associés transplantation | (ug/L)
Rein Adulte avec un risque | Induction par Quel que soit le 4-12
immunologique anticorps anti délai
faible récepteur
interleukine 2,
MMF, corticoides
Induction par 0-2 mois 4-7
antiglobulines ou
anticorps anti > 2 mois 2-4
récepteur I1L-2,
Evérolimus,
corticoides
Adulte avec un risque | Tous Quel que soit le 10-15
immunologique élevé délai
Foie Adulte MMF ou évérolimus | <1 mois 6-10
et corticoides
> 1 mois 5-8
Monothérapie ou 0-3 mois 10-15
induction
uniquement > 3 mois 5-10
Stratégie sans Quel que soit le 10-15
corticoides délai
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1.1.4.4. Infections

En inhibant le systtme immunitaire (inhibition la prolifération des lymphocytes T), le
tacrolimus permet d’éviter le rejet de greffe. Malheureusement, cette immunosuppression
favorise les différents types d’infections virales [34], bactériennes [35] et fongiques dont
I’incidence semble plus élevée chez les patients sous tacrolimus [34], comparé aux autres
thérapies immunosuppressives, notamment la ciclosporine, utilisees en transplantation solide.
Ceci confirme la supériorité de I’activité immunosuppressive in vitro du tacrolimus par rapport
a la ciclosporine [1].

La relation entre 1’exposition au tacrolimus et la survenue d’infections semble étre bien établie
depuis des années [37] cependant peu d’études ont étudié la relation avec les indices
d’exposition au tacrolimus usuellement utilisés [38]. Devant 1’absence d’évidence, la
prévention des infections reste primordiale surtout en début de transplantation (< 6 mois), avec

une incidence d’infection opportuniste estimée al10% [39].

1.2. Evaluation de la fonction rénale et son intérét de le suivi du patient

1.2.1. Le débit de filtration glomérulaire

Le débit de filtration glomérulaire (DFG) permet de quantifier la fonction d’élimination du rein.
Il correspond a la quantité de liquide filtrée par le glomérule par unité de temps. Il est exprimé
en mL/min/1,73m2 et peut étre quantifié¢ grace a différents composés, qu’ils soient endogenes

(créatinine, cystatine C...) ou exogeénes (iohexol, 51Cr-EDTA...).

La maladie rénale chronique est définie comme une diminution persistante du DFG pendant
plus de 3 mois. En 2021, L’Haute Autorité de Santé (HAS) a proposé une classification des

stades d’évolution de la maladie rénale (Tableau 3).
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Tableau 3 : Classifications des stades d’évolution de la maladie rénale d'apres le guide du parcours de soins -
Maladie rénale chronique de I’adulte — HAS (Juillet 2021) [40]

STADE DFG (mL/min/1,73m?) DEFINITION

Maladie rénale chronique*

1 >90 .
avec DFG normal ou augmenté

5 60-89 Maladie rénale chronique*
avec DFG légerement diminué

3A 45-59 . . .
Insuffisance rénale chronique

38 30-44 modérée

4 15-29 Ir]sgfflsance rénale chronique
sévere

5 <15 Insufflsance rénale chronique
terminale

*avec marqueurs d’atteinte rénale : albuminurie, hématurie, leucocyturie, ou anomalies morphologiques
ou histologiques, ou marqueurs de dysfonction tubulaire, persistant plus de 3 mois (deux ou trois
examens consécutifs).

1.2.2. Evaluation de la fonction rénale
1.2.2.1. Les composés endogenes

1.2.2.1.1. La créatinine et les formules d’estimation du débit de filtration glomérulaire

La créatinine sérique est un composé endogene de masse moléculaire de 113,1 Da. Elle est
produite par dégradation de la créatine au niveau musculaire et est éliminée au niveau rénal,
majoritairement par filtration glomérulaire mais également par sécrétion rénale. Cette derniere
représente environ 10% de la créatinine éliminée a 1’état physiologique. La créatinine possede
des limites intrinséques. En effet, il existe une variabilité interindividuelle concernant sa
production qui est étroitement liée a la masse musculaire de 1’individu mais aussi a d’autres
facteurs tels que le sexe, 1’age, I’ethnie et le poids. Le régime alimentaire suivi par le patient ou
une activite physique intense peuvent également influencer la créatinine sérique. Il existe aussi
une variabilité interindividuelle de sa sécrétion rénale qui peut étre modifiée par diverses
interactions médicamenteuses. Par exemple, les transporteurs OCT2 (Organic Cation
Transporter 2), transporteurs de nombreux médicaments sous forme cationiques
(metformine...), sont inhibés par la cimétidine entrainant alors une estimation erronée du DFG

[41].

Plusieurs formules ont été développées pour estimer le DFG [42] a partir de la créatininémie :
la formule de Schwartz [43] dans une population pédiatrique, 1’équation Modification of Diet

in Renal Disease (MDRD) [44] et plus récemment Chronic Kidney Disease EPIdemiology
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collaboration (CKD-EPI) [45]. La formule de Cockcroft & Gault, premiere formule développee,
estime la clairance de la créatinine (mL/min) et non le DFG [46].

Chaque formule posséde ses limites et ses avantages. L’équation MDRD a tendance a sous-
estimer le DFG des patients quand celui est supérieur a 60 mL/min/1,73m2 [47]. La formule de
CKD-EPI semble fournir une estimation plus précise mais est plus complexe a calculer. La
formule de Cockcroft & Gault est simple a réaliser mais ne donne pas de résultats fiables chez
les personnes agées (sous-estimation de la fonction rénale) et chez les sujets obeses

(surestimation de la fonction rénale) [48].

1.2.2.1.2. La cystatine C

La cystatine C est un peptide non glycolysé composé de 122 acides aminés pesant 13 kDa. Sa
sécrétion est constante par les cellules nucléées du corps entier. Le sexe, I’age, la masse
musculaire, I’alimentation [49] et I’heure de prélévement n’influencent pas sa production [50].
En revanche un dysfonctionnement thyroidien peut impacter sa production (hyper- ou
hypoproduction en cas d’hyper- ou hypothyroidie respectivement) [51]. La consommation de
tabac, ou une inflammation qu’elle soit aigue ou chronique, peuvent également I’augmenter

[52].

Ce peptide, filtré au niveau glomérulaire, n’est pas sécrété au niveau rénal mais est réabsorbé
en quasi-totalité pour étre catabolisé au niveau du tube contourné distale. Ce catabolisme
important de la cystatine C conduit & des concentrations urinaires de cystatine C de 1’ordre de

traces.

Mais I’absence de formules validées permettant d’estimer le DFG a partir de la seule
concentration plasmatique de cystatine C est un frein a son utilisation en routine. En 2012, Inker
et al. ont développé une formule associant, la créatinine et la cystatine C en intégrant 1’age, le
sexe et I’ethnie. Cette formule, développée sur la base d’un échantillon regroupant 5352 patients
issus de 13 études différentes puis validée chez 1119 patients de 5 études différentes, offre une
meilleure performance que la formule CKD-EPI [53].
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Tableau 4 : Formule d'estimation du DFG a partir de la créatininémie et de la cystatine C sérique d'aprés Inker et
al. [53]

Basis of Equation Serum Serum
and Sex Creatininej  Cystatin C Equation for Estimating GFR

mg/dl mg/liter

CKD-EPI creatinine—cystatin C

equation|
Female <0.7 <0.8  130x(Scr/0.7)°248 x (Scys/0.8) 375 x 0,995 [x 1.08 if black]
508 130x (Scr/0.7)°2* x (Scys/0.8) 711 x 0.995** [x 1.08 if black]
Female >0.7 <0.8 130 (Scr/0.7)76°  x (Scys/0.8)™237% x 0.995**" [x 1.08 if black]
>0.8 130x (Scr/0.7)7°t x (Scys/0.8) %721 x 0.995% [x 1.08 if black]
Male <0.9 =0.8 135x% (Ser/0.9) 79297 x (Scys/0.8) 37 x 0.995"* [x 1.08 if black]
>0.8 135 x (Scr/0.9) 0297 x (Scys/0.8) ©7**x 0.995"* [x 1.08 if black]
Male >0.9 <0.8 135 x (Scr/0.9) %% x (Scys/0.8) 7% x 0.995*" [x 1.08 if black]

508  135x(Scr/0.9)° x (Scys/0.8) 0722 x 0.995*" [x 1.08 if black]

Toutefois, 1’utilisation de cette formule doit étre faite avec prudence chez les personnes de plus
de 65 ans, ou possédant un indice de masse corporelle < 20 kg/m? ou un DFG < 15
min/mL/1,73m2 car seulement 13%, 4% et 3% des patients faisaient respectivement partie de

ces sous-populations.

1.2.2.2. Les composés exogenes

1.2.2.2.1. Les radio-isotopes

L’acide éthyléne-diamine-tétra-acétique marqué au °!Cr (°!Cr-EDTA) est une molécule
uniquement filtrée par le rein et sa clairance extra-rénale est quasi inexistante. Dans sa revue de
la littérature, Soveri et al. [54] ont montré que la précision d’estimation du DFG était tout a fait
satisfaisante comparé a la clairance de 1’inuline avec un biais moyen de -5% et 3% pour sa
clairance rénale et plasmatique, respectivement. Le diéthyléne-penta-acétate marqué au
technétium 99m (°®*"Tc-DTPA) est également éliminé par filtration glomérulaire. Celui-ci

posséde les mémes performances d'estimation du DFG que le 5!Cr-EDTA [55].

Malgreé leurs performances, les radio-isotopes possédent plusieurs limites d’utilisation. En effet,
ces molécules produisent un faible rayonnement y nécessitant la mise en place de
radioprotection pour le patient, 1’équipe soignante et I’environnement. De plus, compte-tenu de
leur demi-vie relativement faible (quelques heures), ces molécules doivent étre produites
extemporanément afin d’étre administrées le plus rapidement possible au patient. Cette

contrainte limite leur utilisation a certains centres spécialisés [56].
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1.2.2.2.2. L’iohexol

L’iohexol est une molécule tri-iodée de masse molaire de 821,1 g/mol. Elle est non ionisée et
possede un logP = -3,05, ce qui en fait une molécule hydrophile. L’iohexol est administré par
voie intraveineuse et n’est pas métabolisé. Le volume de distribution de cette molécule est
compris entre 0,35 a 0,85 L/kg. L’iohexol posséde une demi-vie de 2h, une faible liaison aux
protéines plasmatiques ( <2%) et est exclusivement éliminé par filtration glomérulaire [57].
L’iohexol est commercialisé en France sous le nom d’OMNIPAQUE®. Il est utilis¢ comme
produit de contraste dans les tomodensitométries, urographies ou angiographies que ce soit chez
I’adulte ou I’enfant. Les propriétés pharmacologiques de cette molécule en font un bon candidat
pour mesurer le DFG. La premiére étude utilisant 1’iohexol comme marqueurs du DFG a été
publiée en 1989. Celle-ci a montré que I’utilisation de I’iohexol plasmatique permettait
d’obtenir des résultats d’estimation du DFG comparables a ceux obtenus via I’inuline avec un
bias moyen de -2% [58]. Soveri et al., dans sa revue de la littérature, ont montré que d’autres
études obtenaient des résultats similaires avec des biais moyen allant de -3% a 6% [54].

1.2.2. Intérét du suivi de la fonction rénale
Le suivi de la fonction rénale chez le patient transplanté rénal est déterminant dans leur prise

en charge.

Il permet d’objectiver
- lareprise du fonctionnement du greffon (absence de sténose, obstacle urétéral...)
- I’absence de rejet aigu
- une possible néphrotoxicité due aux immunosuppresseurs

- D’absence de récidive d’une glomérulopathie sur le transplant

1.3. Définition du suivi thérapeutique pharmacologique et exemple du tacrolimus

Le suivi thérapeutique pharmacologique (STP) est une activité biologique qui permet : (i)
d’optimiser la posologie d’un médicament en fonction des concentrations sanguines mesurées
afin de maximiser ’efficacité thérapeutique et de minimiser 1’apparition d’effets indésirables
médicamenteux, (ii) de vérifier I’observance du patient. Les molécules sujettes au STP doivent

respecter certains critéres :

- Une relation concentration/effet clairement établie
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- Une zone thérapeutique du médicament étroite (une variation faible de la concentration
peut entrainer rapidement un sous- ou surdosage conduisant a une inefficacité ou une
toxicité)

- Une variabilité pharmacocinétique interindividuelle importante

- L’effet du médicament ne pouvant pas étre mesuré directement (efficacité des

antihypertenseurs/prise de la pression artérielle)
- Le médicament doit étre mesurable analytiquement

Le tacrolimus est un bon exemple de molécule sujette au STP. En effet, le tacrolimus possede
une zone thérapeutique étroite conduisant soit a un sous-dosage synonyme de rejet de greffe
soit & un surdosage pouvant conduire a de nombreux effets indésirables. Il posséde également
une variabilité interindividuelle importante motivant le STP régulier de cette molécule. D’aprés
les recommandations de la HAS, le suivi des immunosuppresseurs doit se faire a chaque
consultation. L’HAS recommande, durant les 6 premiers mois, une consultation toutes les 2
semaines, puis une consultation mensuelle jusqu’a la fin de la premiére année. Pour la suite de
son suivi, le patient a une consultation tous les 1 & 4 mois en fonction de son état clinique [59].
Enfin le dosage du tacrolimus est réalisable avec différentes méthodes analytiques
(chromatographie couplée a une spectre de masse, analyses immuno-enzymatiques...) [60]. Le
STP du tacrolimus se réalise sur un prélévement de sang total a 1’état d’équilibre ¢’est-a-dire
environ 3-5 jours aprés le début du traitement. Le prélévement doit étre réalisé avant une prise,
ce qui correspond a la concentration résiduelle. La concentration résiduelle doit étre adaptée en
fonction de différents critéres (type de greffe, age, période post-greffe, risque immunologique
et enfin traitements immunosuppresseurs associés) [32]. La CO posséde une bonne association
avec la prévention du rejet de greffe bien qu’une méta-analyse a montré le contraire [61].
Toutefois, le meilleur marqueur de I’ exposition est théoriquement I’AUC interdose. Elle permet
de décrire I’ensemble de la pharmacocinétique du tacrolimus. Mais cette AUC reste difficile a
réaliser en routine (nombre de prélevements importants). Cependant grace a des approches de
modélisation (pharmacocinétique de population, intelligence artificielle...), il est possible

d’estimer cette AUC a partir d’'un nombre limité de prélévements.

I.4. La Pharmacocinétique de population

La pharmacocinétique (PK) se définit comme I’é¢tude du devenir du médicament apres son
administration. La PK se définit en différentes étapes-clés : 1’absorption, la distribution, le

métabolisme et 1’excrétion (ADME). Les différentes étapes de la pharmacocinétique d’un
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médicament se décrivent a travers 1’utilisation de paramétres PK comme sa clairance, son
volume d’élimination, sa biodisponibilit¢ ou encore sa constante d’absorption (hors

administration intraveineuse).

Lorsque différents individus prennent un médicament a la méme posologie, les concentrations
sanguines observees peuvent varier, sous 1’influence de polymorphismes génétiques, des
caractéristiques physiques (sexe, age, taille, poids), du fonctionnement des organes (foie, rein).
Ces différences de concentrations observées entre les individus correspondent a la variabilité

interindividuelle.

Avant les années 1970, la PK se limitait a la description des parametres PK moyens au sein
d’une population a partir des nombreux prélévements réalisés chez des individus soit via une
approche de PK non compartimentale soit via une approche en 2-étapes [62]. Ces approches,
encore utilisées dans les essais de phase 1 dans le développement d’une nouvelle molécule ne
permettent pas de quantifier la variabilité interindividuelle. Puis avec 1’amélioration des
capacités informatiques, la pharmacocinétique de population (POPPK) s’est développée. Lewis
Sheiner, Stuart Beal et leur équipe ont été les premiers a décrire le principe de la POPPK [63-
69]. Leur méthodologie permet, a partir de quelques échantillons prélevés chez plusieurs
individus, de développer un modele de POPPK décrivant la pharmacocinétique d’un
médicament et sa variabilité interindividuelle (et intraindividuelle le cas échant) ainsi que
I’erreur résiduelle. Le premier modele de POPPK a été celui décrivant la pharmacocinétique et

la variabilité de la digoxine [70].

Un modele de POPPK est un modéle pharmaco-statistique composé de 3 parties :
e Modéle pharmacocinétique structural
e Modeéle de variabilité interindividuelle
e Modeéle d’erreur résiduelle

Le modele de pharmacocinétique structural utilise souvent la notion de modéles mécanistiques
c¢’est-a-dire que le modele décrit de maniére résumé le processus ADME du médicament sans
décrire I’ensemble du processus physiologique. Les modeles mécanistiques peuvent étre de 2
types : (i) modele caténaire correspondant une chaine de compartiments interconnectes (ii)
modéle mamillaire correspondant a un compartiment central interconnecté avec un nombre

défini de compartiments périphériques.
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Les caractéristiques individuelles sont responsables de cette variabilité interindividuelle et

peuvent étre décrites selon la formule suivante :
PK; = PKpopulation X cov; + exp(n;)

Avec PK;: paramétre PK individuel ; PKpopulation : paramétre PK moyen dans la population ;

cov; : covariable ; n; :erreur aléatoire .

n; est usuellement exprimé sous forme exponentielle afin d’éviter d’obtenir un paramétre PK
inférieur & 0.

Le mode¢le d’erreur permet de réduire la part de 1’erreur inexpliquée par le mode¢le structural. I1
permet de décrire la variabilité de la PK de la molécule. Cette variabilité se compose elle-méme
de 3 parties : (i) la variabilité interindividuelle (ii) la variabilité intraindividuelle, correspondant
la variation de concentrations observées chez un méme individu et enfin (iii) la variabilité

résiduelle.

Afin de mieux expliquer la variabilité, il est usuellement réalisé une recherche de corrélation
entre les parametres PK (ou leur erreur aléatoire) et les covariables et ainsi permettre de

diminuer la part non expliquee de la variabilité.

Le modele d’erreur résiduel peut étre décrit usuellement par 3 types de modéles : (i) additif (ii)
proportionnel et (iii) mixte. g(t;;,¥;, €)e;; peut se définir soit de type a + ¢;; (additif), soit de
type b.g;; (proportionnel) ou enfin de type a + b.;; (mixte). Le choix du mod¢le d’erreur
dépend des concentrations observées et de la méthode analytique. Usuellement, le modele
additif est préféré au modéle proportionnel lorsque les concentrations de la cinétique ne varient
pas de plus d’un log. Enfin le modé¢le mixte s’utilise usuellement lors les concentrations varient
de plus d’un log et que les concentrations faibles sont proches de la limite de quantification de

la méthode de dosage.

1.4.1. La pharmacocinétique de population paramétrique

La POPPK paramétrique repose sur I’hypothése de normalité ou de log-normalité des
distributions des observations, des parametres PK et des erreurs résiduelles. La variabilité peut
étre soit d’origine interindividuelle soit d’origine aléatoire. Ces mod¢les sont donc des modeles
a effets mixtes composés de parameétres fixes (parametres PK moyens : 1) et de variabilité

interindividuelle (variance de la population : ®?). Le parameétre individuel v; est distribué
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autour de 1 avec un effet aléatoire individuelle ni. La POPPK paramétrique a I’avantage de
reposer sur une distribution normale (ou log-normale) ce qui lui confere une puissance
statistique. En revanche, elle contraint la distribution a la normalité, ce qui peut conduire a la
non-détection de I’existence de sous-populations notamment dues a un polymorphisme
génetique. Le modele paramétrique ne détectera pas les sous-populations et surévaluera la
population générale (Figure 6). Il existe neanmoins des moyen de prendre en compte ces sous

populations (« mixed models »).

Population générale

Sous-population 1 Sous-population 2

V1 >
o

Y

Figure 6 : Distribution normale d'un paramétre PK de moyenne [ et d'écart-type o et probléeme de détection des
sous-populations.

1.4.2. La pharmacocinétique de population non paramétrique

La POPPK non-paramétrique, a la différence de la POPPK paramétrique, ne repose pas sur une
hypothése de normalité ou log-normalité des parametres PK. Leur distribution ne peut donc pas
étre définie par une loi dite continue. La distribution est dite discrete, c’est-a-dire que chaque
valeur de paramétre PK possede une probabilité de survenue dans la population étudiée. La
POPPK non-paramétrique a I’avantage de permettre de détecter les sous-populations

(contrairement a I’approche paramétrique.
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Figure 7 : Exemple de distribution des parametres pharmacocinétiques dans un modele de pharmacocinétique de
population non-paramétrique. CL = clairance, KCP = constate d’échange entre le compartiment central vers le
compartiment périphérique.

1.4.3. Définition d’un estimateur Bayésien empirique

Le théoreme de Bayes est un des théoremes les plus importants en probabilités. Il permet de
calculer la probabilité qu’un événement arrive sachant que d’autres événements Se sont
produits.

P(B|A) x P(A)
P(B)

P(A|B) =

A partir de ce théoréme, 2 types d’estimateurs Bayésiens empiriques (EBE) ont été créés : (i)
les estimateurs minimisant la moyenne des erreurs au carré (ii) les estimateurs maximum a
posteriori (MAP-BE). Ce sont ces derniers qui sont usuellement utilisés, en PK, afin de prédire
les parameétres PK individuels les plus probables a partir des parametres PK populationnels et

des concentrations individuelles observeées. Il se décrit a partir de la formule suivante :

JE——

P04 = arngpaxp (Wilyi; 6)

Avec 5,"°% : I’espérance modale du paramétre individuel ; {s; : paramétre individuel ; y; :

observations individuelles ; 0 : variabilité individuelle.

Une fois le paramétre PK individuel estimé, I’effet aléatoire individuel peut étre déterminé, par

la formule suivante :
N = Y — Ppop — B X cov,siladistribution est normale

n; = log(¥;) — log(Wpop) — B X log(cov), si la distribution est log-normale
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Lorsque I’on développe un estimateur bayésien a partir d’un modele de POPPK, on recherche
souvent une stratégie de prélevements limités (LSS) afin de rendre plus facile son utilisation en
routine (confort du patient et des infirmieres, délai de rendu plus rapide du résultat). Toutefois,
la diminution de prélévements chez un individu conduit & un manque d’informations pour
I’EBE. L’information manquante sera apportée par le mode de la population de développement
conduisant les paramétres PK individuels & tendre vers le mode de la population de
développement, c’est ce qu’on appelle le n-shrinkage. Plus le nombre de prélevements de la

LSS est faible, plus le shrinkage sera important [71].

Ce phénomene peut étre quantifié selon deux formules :

n — shrinkage,, = 1 — de(_m) [72]

ou sd(n;) est I’écart-type empirique du parametre PK individuel 1; et w,, est I’écart-type du
parametre ;

n — shrinkage,, = 1 — %2(771) [73]

Vi
ou var(n;) est la variance empirique du parametre PK ; et wﬁ,iest la variance du paramétre
Yi

Le calcul du n — shrinkage basé sur le sd(n;) est utilisé plus fréqguemment grace a la
popularisation de cette formulation par le logiciel NONMEM [74] toutefois le rapport des
variances semble plus statistiquement parlant. Un intervalle de 20-30% a été proposé pour
définir si le shrinkage était trop important [75]. La présence d’un shrinkage important peut
révéler ou masquer a tort la présence ou I’absence d’une corrélation entre les 7; et une

covariable [75].

1.5. Utilisation de la pharmacocinétique de population et des estimateurs Bayésiens dans
le suivi du patient

Depuis leur avénement, les modeles de POPPK et les EBE sont utilisés pour I’individualisation

des traitements des patients par différents moyens. lls peuvent étre utilisés :

- A priori : ¢’est-a-dire a partir de données utilisés dans le modéle comme des données clinico-
biologiques du patient, le modéle est capable de prédire les parametres individuels
pharmacocinétiques du médicament et donc de pouvoir proposer un schéma d’administration
du traitement (posologie, durée d’administration si administration intraveineuse, et fréquence

de prise). Le modele peut également étre utilisé a priori pour déterminer des probability of
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target attainment (PTA) [76,77]. Ces PTA permettent de comparer les chances d’atteindre une
cible déterminée en fonction de posologies différentes. Les PTA peuvent également étre
réalisées en fonction d’une covariable (sexe, poids ou encore polymorphisme génétique) en

maximisant la probabilité d’atteindre la cible déterminée (Figure 8).

-

o

o
1

~
o
1

254

Probabilty of target attainment (%)
(4]
(=]

0 10 20 30 40
Ratio of Cmax/IC50

- = 90% target attainment -8 0.5mg/kg —+ 3mgkg -v- 7.5mg/kg -9~ 20 mg/kg -4~ 50 mg/kg
Dose o= 1mgkg - 4mgkg & 10mgkg -% 30mg/kg - 60 mg/kg
A~ 1.5mglkg - 5mgkg ¥ 15mg/kg -= 40 mgkg

Figure 8 : Exemple de probability of target attainment de I'oxfendazole en fonction de différentes posologies
d'apres Bach et al. [78]

- A posteriori : En se basant sur les données individuelles observées (covariables et surtout les
concentrations a un instant t) 1’estimateur Bayésien base sur le modéle de POPPK propose une

estimation des paramétres PK individuels plus vraisemblables pour le patient.

- A partir des modeles de POPPK il est également possible de réaliser des simulations. Ces

simulations peuvent étre utilisés de différentes facons :

(i) diminuer le nombre de patients utilisés dans les essais cliniques [79]. Une étude clinique in
silico, visant a étudier I'avantage de différents posologies d’insuline administré par inhalation
sur le contréle de la glycémie postprandial, a été mise en place [80]. Les résultats de cette étude

ont contribu¢ a I’acceptation de I’autorisation de mise sur le marché de ce traitement par la

FDA.

(if) développer d’autres modeéles (pharmacocinétique de population, intelligence artificielle)
[81-83]. En effet, de nombreuses études ont utilisé des simulations afin de développer des
modeéles plus performants sans augmenter le nombre de patients, quelle que soit la

méthodologie utilisée (pharmacocinétique de population ou intelligence artificielle).
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1.6. L’intelligence artificielle

L’intelligence artificielle peut étre définie de différentes maniéres en fonction du point de vue
de chacun. Marvin Lee Minsky, un des créateurs du concept de I’intelligence artificielle, définit
celle-ci comme « une application capable de traiter des taches qui sont, pour I'heure, réalisées
de maniére plus satisfaisante par des étres humains dans la mesure ou elles impliquent des
processus mentaux de haut niveau comme l'apprentissage perceptuel, I'organisation de la
mémoire et I'esprit critique ». Cette définition semble obsoléte compte tenu que I’algorithme de
Deep Learning AlphaGo a été capable de battre des humains au jeu chinois Go a 2 reprises
(2015 et 2017). L’intelligence artificielle est un vaste domaine scientifique en constante
évolution dont I’objectif est de créer des algorithmes de plus en plus complexes, se rapprochant

de plus en plus du raisonnement humain, afin de réaliser une tache.

1.6.1. Les différents types d’apprentissage et algorithmes dans ’intelligence artificielle
En intelligence artificielle, il existe 4 approches d’apprentissage des algorithmes de machine

learning :

Non supervisée

Semi-supervisée

Par renforcement

Supervisée

L’approche non supervisée est nommée ainsi car la variable a prédire n’est pas définie
préalablement. L’algorithme apprend a partir des données. Les données sont soit regroupées en
fonction de leurs similarités (clustering de données comme avec les algorithmes k-means) soit
en réduisant la dimensionnalité (analyse en composante principale). Ce type d’algorithme est
utilisé dans différents domaines comme 1’identification de groupes de clients par les entreprises

ou encore I’identification de signaux de sécurité¢ de pharmacovigilance [84].

L’approche semi-supervisée permet 1’utilisation conjointe des approches supervisée et non
supervisée. Différentes méthodologies peuvent étre utilisées dans cette approche comme par
exemple, celle du self-training. Dans un premier temps, 1’algorithme non supervisé permet de
réesumer les données en les classifiant en groupes. Dans un second temps, les predictions de

I’étape non supervisée servent de variables predictives pour 1’algorithme supervisé.

L’apprentissage par renforcement, similairement a ’apprentissage d’un humain, permet a un

algorithme d’affiner ses prédictions via ses expériences accumulés au cours du temps. En
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fonction des actions menées, 1’algorithme (ici nommeé « agent ») recoit des réecompenses ou des
pénalités. L’agent sait retenir les actions qui I’ont mené aux récompenses, jusqu’a atteindre son
objectif final. L’agent ne re¢oit aucune indication sur la maniere de réaliser sa tache, seule son
experimentation lui permettra d’apprendre. Il existe 2 principaux types, (i) le temporal

difference learning (ou TD learning) et le (ii) Q-learning.

Dans I’approche supervisée, a I’inverse de I’approche non supervisée, la variable a prédire est
étiquetée (exemple : prédiction de la catégorie « malade » / « non malade ») et 1’algorithme
recherche une solution a partir des autres variables disponibles. Les algorithmes supervisés
permettent de résoudre des problémes de régression (prédiction d’une variable quantitative) ou

de classification (prédiction d’une variable qualitative).

En fonction du type d’algorithmes choisis, la solution pour prédire la variable étiquetée peut
étre de type linéaire (régression linéaire simple ou multiples), plan linéaire (SVM linéaires) ou
encore sous forme d’arbres décisionnels (forets aléatoires [85] ou extreme Gradient Boosting
(Xgboost) [86]).

Différents types d’algorithmes peuvent étre utilisés afin de résoudre ces types de problémes
mais nous pouvons les classer en 3 grandes classes : (i) les modéles linéaires, (ii) les modéles

basés sur les arbres, (iii) les réseaux de neurones.

- Les modeles linéaires généralisés permettent de prédire une variable a expliquer a partir
de variables explicatives en utilisant des fonctions linéaires ou des plan linéaires. Il
existe différents modeles linéaires ou plan linéaires : (i) la régression linéaire simple ou
multiples permettant de résoudre principalement un probléme de régression, (ii) la
régression logistique, dérivée de la régression linéaire par I’intermédiaire d une fonction
logit ou la fonction dépendante est binaire, afin de résoudre un probleme de
classification, (iii) les algorithmes de support vector machine (SVM) [87] ou
multivariate adaptative regression splines (MARS) [88] permettent de résoudre des

problémes de classification en déterminant soit un plan linéaire simple soit multiple.

- Les modéles basés sur les arbres peuvent également résoudre les 2 types de problémes
(régression et classification). 11 est parfois difficile d’interpréter ces types d’algorithmes
car on ne connait pas la composition de la multitude d’arbres établis lors de
I’apprentissage. |l existe 3 grands types d’algorithmes: (i) arbre de deécision,
I’algorithme va essayer de prédire en formant un arbre ou chagque nceud correspondra a

une variable predictive. Une des limites de ces types d’algorithme est qu’il est
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particulierement sujet au sur-apprentissage [89], ¢’est-a-dire que 1’algorithme apprend
de maniére optimale a prédire la variable étiquetée dans la base d’entrainement mais est
difficilement généralisable, (ii) random forest, I’algorithme est composé de plusieurs
arbres decisionnels entrainés successivement sur des sous-groupes de la population
entiére afin de prédire la variable d’intérét. La prédiction est réalisée par vote majoritaire
a partir des différents arbres (les différents arbres travaillent en paralléle). (iii) gradient
boosting, a la différence du random forest, les arbres décisionnels ne sont pas utilisés
en parallele mais plut6t en série. Chaque arbre corrige les erreurs résiduelles des arbres

précédents agréges.

- les réseaux de neurones sont utilisés pour résoudre des problemes difficiles comme
reconnaitre une musique, I’animal sur une photo... Afin d’étre performant, les réseaux
de neurones nécessitent un nombre important de données ainsi qu’un temps important
d’apprentissage. |l existe des réseaux de neurones en multicouches. La couche initial ou
input layer en anglais permet de traiter initialement I’information comme digérer
I’information apportée par chaque pixel d’une photo montrant un vase. Les couches
intermédiaires de ces réseaux vont recevoir les informations de I’input layer. Chaque
neurone va prédire une probabilité et transmettra le résultat a la couche suivante. Cette
information se verra attribuer une fonction d’activation permettant de moduler la
prédiction de ce neurone par rapport aux couches précédentes si le biais est trop
important et ainsi de suite. Enfin chaque neurone de la derniére couche va prédire la
probabilité de déterminer si 1’objet est un vase ou non puis 1’algorithme donnera une
probabilité globale. Afin de maximiser 1’apprentissage de 1’algorithme, il existe un
phénomene appelé rétropropagation du gradient ou « backpropagation ». C’est cette
« backpropagation » qui va nuancer la fonction d’activation d’un neurone pour diminuer

ou augmenter le poids de ses prédictions.

1.6.2. Utilisation de P’intelligence artificielle en model-informed precision dosing

Les algorithmes de machine learning sont de plus en plus utilisés en médecine [90] et la
pharmacocinétique ne fait pas exception. A la date du 5 Septembre 2022 et depuis 2000, 2043
articles traitant de la pharmacocinétique et du machine learning ont été publiés. Le nombre de

nouveaux articles publiés est d’ordre exponentiel.

Différentes méthodes d’utilisation du machine learning en model-informed precision dosing
(MIPD) existent. En effet, les algorithmes peuvent faciliter le développement de modeéles de

POPPK avec notamment le choix du modeéle structural [91,92], la détermination des covariables
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significativement pertinentes pour le modéle [93] ou I’existence de sous-population réagissant
difféeremment aux médicaments [94]. Ils peuvent également étre utilisés pour établir des
prédictions a priori en déterminant la dose initiale [95,96] ou pour prédire 1’interdose
d’administration d’un traitement [97]. Enfin une utilisation des algorithmes a posteriori a déja

été décrite pour prédire 1’exposition a un médicament [81,98,99].

Depuis peu et devant I’opacité des algorithmes, certains auteurs développent des modéles
hybrides composés d’un modéle de pharmacocinétique de population et d’un algorithme de
population capable de réestimer les parameétres PK [100], de diminuer I’erreur d’estimation [83]
ou de développer un algorithme permettant de choisir entre 1’estimation du MAP-BE ou des
flatten prior (diminution de la part des connaissances a priori) [101] ou de « de-shrinker les
estimations des MAP-BE [83].

Le tacrolimus est donc une molécule possedant de nombreuses sources de variabilité ainsi qu’un
intervalle thérapeutique étroit, nécessitant la mise en place d’un STP. Une faible variation de
I’exposition du tacrolimus peut entrainer de nombreuses conséquences, soit une inefficacité en
cas de sous-exposition, soit I’apparition d’effets indésirables en cas de surexposition comme

une néphrotoxicité, neurotoxicité, diabete. ..

Concernant ’efficacité du tacrolimus, il existe une bonne corrélation avec la CO toutefois le
meilleur marqueur d’exposition au tacrolimus est I’AUC [32]. Ce qui rend sa mise en place en
routine difficile. Pour ce qui est des effets indésirables, le choix des marqueurs d’exposition au
tacrolimus afin prédire I’apparition de ceux-ci fait encore débat. Devant I’absence de consensus,
il semble pertinent de suivre 1’exposition au tacrolimus mais également d’autres marqueurs

biologiques comme le DFG afin de prévenir I’apparition de néphrotoxicité.

L’utilisation d’outils comme la POPPK ou le machine learning peuvent faciliter le STP du
tacrolimus et mais également le suivi du fonctionnement d’autres organes ou de 1’exposition a
un autre medicament comme I’isavuconazole afin de minimiser I’impact de ses effets

indésirables.
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Partie 11. Résultats

I.1. IMPAKT Study: Clinical Pharmacokinetics and Bayesian Estimators for the
Individual Dose Adjustment of a Generic Formulation of Tacrolimus in Adult Kidney

Transplant Recipients
Articles publiés dans Clinical Pharmacokinetics

Ces travaux sont issus de I’étude IMPAKT (NCT03076151). La pharmacocinétique de
I’ Adoport®, formulation générique du Prograf® a été étudiée chez 29 patients ayant recu une
transplantation rénale de novo. Un mod¢le de pharmacocinétique de population ainsi qu’un
estimateur Bayésien basé sur le maximum a posteriori (MAP-BE) utilisant une stratégie de
préléevement limités ont eté développés. Les performances de ce nouvel MAP-BE ont été
comparées aux performances du MAP-BE développé précédemment pour la formulation

princeps [9].

Aprés avoir bénéficié d’une transplantation rénale de novo, 29 patients ont recu de
I’ Adoport® comme un des traitements immunosuppresseurs. Trois cinétiques ont été réalisées
chez ces 29 patients a J7, M1 et M3 post-transplantation. Chaque cinétique était composée de
9 prélevements (Omin, 20min, 40min, 1h, 2h, 3h, 4h, 6h et 9h). Un modéle de

pharmacocinétique ainsi qu’un MAP-BE ont été développés pour chaque période.

Les résultats obtenus ont montré une trés bonne estimation des concentrations
individuelles (IPRED) ainsi qu’une distribution homogéne des résidus pondérés quelle que soit
la période post-transplantation (J7, M1 et M3). Toutefois, une légere surestimation des
concentrations prédites par le modele (PRED) est observée chez les patients expresseurs du
CYP3AGS. Six stratégies de prélevements limités comprenant des prélévements compris entre
Omin et 6h aprés la prise de I’ Adoport® ont été évaluées. Trois combinaisons différentes de 3
points ont montré des résultats similaires (0-1-2h ; 0-1-3h et 0-2-4h) quel que soit le statut
génétique concernant le CYP3AS5, avec toutefois une imprécision légerement plus faible pour
la stratégie 0-1-3h.

Enfin, ces résultats, obtenus grace a ces nouveaux MAP-BEs, ont été comparés a ceux
développés précédemment pour la spécialité Prograf®. Les MAP-BEs développés pour le
Prograf® ou I’ Adoport® ont montré des résultats similaires. Ces résultats confirment les résultats
de bioéquivalence entre le Prograf® et son générique, I’ Adoport®. Les résultats obtenus peuvent
questionner sur ’utilisation généralisée des modeles de POPPK et MAP-BEs développeés avec

le princeps chez des patients prenant la formulation générique. Dans une étude de
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bioéquivalence, Robertsen et al. ont montré, une discordance entre 1’exposition obtenue avec le
princeps (Prograf®) et un de ses génériques chez les patients transplantés agés de plus de 60 ans
[102]. Les auteurs observaient une surexposition lors de I’utilisation de la forme générique avec
un rapport AUC générique/princeps= 1,17 ainsi qu’un délai plus court pour atteindre la
concentration maximale. Ainsi la prudence est de mise concernant 1’utilisation de mod¢les de
POPPK chez des patients prenant une formulation générique et la similarité des paramétres PK
obtenus (AUC, Cmax, Tmax) entre les 2 formulations doit étre vérifiée avant toute utilisation.

Dans le modéle développé, aucune covariable n’a été retenue et la question de leur
influence sur les prédictions individuelles peut étre posée. En effet, de trés bonnes performances
d’estimation des concentrations individuelles ou de I’AUC ont été obtenues. Ces résultats
confirment les propos de Sheiner et al.[70] qui explique que dés lors qu’un prélévement
individuel est disponible, I’information apportée est plus importante que celle apportée par

I’ajout de n’importe quelle covariable.
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Abstract

Background Tacrolimus has a narrow therapeutic range and requires dose adjustment, usually based on the trough blood
concentration but preferably on the area under the concentration-time curve over 12 h post-dose (AUC, ;). The single-arm,
multicentre, clinical study IMPAKT aimed: (i) to develop, in de novo kidney transplant recipients, pharmacokinetic models
and maximum a-posteriori Bayesian estimators for a generic, immediate-release, oral formulation of tacrolimus to estimate
tacrolimus AUC,,_,, at different post-transplant periods using a limited sampling strategy, and considering the CYP3A5*3
polymorphism as a covariate and (ii) to compare the performance of these Bayesian estimators to those previously developed
for the original formulation.

Methods Thirty patients were enrolled and 29 provided nine blood samples over 9 h at day 7 and months 1 and 3 post-
transplant. Tacrolimus blood profiles measured with liquid chromatography-tandem mass spectrometry were modelled using
one-compartment, double gamma absorption, linear elimination models developed in-house. Different limited sampling
strategies of three time-points within 4 h post-dose were tested for the maximum a-posteriori Bayesian estimator of tacrolimus
AUC,_ 5, The models and estimators were validated internally and their performance compared to that of models previously
developed for the original formulation.

Results The concentration—time curves, AUC,,_,,/dose and trough blood concentration/dose exhibited wide inter-individual
variability. The covariate-free pharmacokinetic models developed for the three post-transplant periods closely fitted the
individual profiles. Maximum a-posteriori Bayesian estimators based on three different limited sampling strategies and
no covariate yielded accurate AUC,, ,, estimates, including for the five cytochrome P450 3A5 expressers and for the four
patients without corticosteroids. The 0~1 h-3 h strategy finally chosen had very low bias (- 4.0 to — 2.5%) and imprecision
(root mean square error 5.5-9.2%). The maximum a-posteriori Bayesian estimators previously developed for the reference
product fitted the generic profiles with similar performance.

Conclusions We developed original pharmacokinetic models and accurate maximum a-posteriori Bayesian estimators to
estimate patient exposure and adjust the dose of generic tacrolimus, and confirmed that the robust tools previously developed
for the original formulation can be applied to this generic.

Electronic supplementary material The online version of this
article (https://doi.org/10.1007/540262-020-00959-y) contains
supplementary material, which is available to authorized users.
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This paper reports the first population pharmacokinetic
models and Bayesian estimators developed for Adoport®,
a generic oral formulation of tacrolimus

A one-compartment, double gamma absorption, linear
elimination model closely fitted the individual profiles

Bayesian estimators combined with the 0-1 h-3 h
limited sampling strategy yielded accurate and precise
estimation of the area under the concentration-time
curve over 12 h post-dose

Pharmacokinetic models and Bayesian estimators
previously developed for the original formulation fitted
Adoport® profiles and estimated the inter-dose area
under the concentration-time curve as well as the ad hoc
tools

These tools are now available to the kidney transplant
community through the ISBA expert system: https://
pharmaco.chu-limoges.fr

1 Introduction

The bioequivalence of generic drugs with the reference
product has to be demonstrated in healthy volunteers on the
basis of the area under the concentration—time curve (AUC)
and maximal concentration of the concentration-time pro-
file, generally after a single drug dose. This standard scheme
cannot guarantee that the generic formulation will yield
the same pre-dose concentration at steady state, i.e. after
repeated dosing, even less so in patients. This may be of con-
cern for narrow therapeutic index drugs, in particular those
requiring therapeutic drug monitoring, which is often based
on the drug pre-dose blood concentration. The fact that some
of these drugs can be dose adjusted based on their inter-dose
AUC can be reassuring in this respect, as the AUC is one of
the bioequivalence criteria, but it still raises the question of
the applicability of the tools developed for AUC estimation
of the reference product to generic formulations.
Tacrolimus is a calcineurin inhibitor widely used for the
prevention of allograft rejection in solid organ transplanta-
tion, as well as in other indications across the world [1].
It is characterised by a narrow therapeutic index and large
inter-individual pharmacokinetic (PK) variability. Therapeu-
tic drug monitoring is recommended for tacrolimus (and is
even compulsory in many countries) to minimise the risk of
acute rejection and the occurrence of adverse effects (mainly

A\ Adis

nephrotoxicity and, to a lesser extent, neurotoxicity) and it is
generally based on trough whole blood tacrolimus concen-
trations (C,). However, retrospective studies showed that C,,
was not [2-4], or was only slightly [5], associated with acute
graft rejection in kidney or liver transplant recipients. In
contrast, a few papers reported that tacrolimus AUC was sig-
nificantly associated with acute rejection [6, 7). The recent
consensus report of a consortium of European experts on
tacrolimus therapeutic drug monitoring recommended using
the inter-dose AUC over 12 h post-dose (AUC,,_j,;), as it is
expected to be the best marker of tacrolimus exposure [1].
Actually, tacrolimus monitoring based on the full AUC_,,
is difficult to set up routinely, owing to clinical constraints
and the necessity of multiple samples. Our and other groups
previously reported PK models and Bayesian estimators to
calculate tacrolimus inter-dose AUC using a limited sam-
pling strategy (LSS), i.e. a few blood samples collected in
the first hours post-dose, for three different tacrolimus for-
mulations in different transplant settings [8-15]. We have
proposed them to the transplant community though a free
website since 2007 and reported the results obtained in hun-
dreds of patients [16, 17].

One of the most important sources of inter-individual var-
iability in tacrolimus pharmacokinetics is a single nucleotide
polymorphism within intron 3 of cytochrome P450 (CYP)
3AS, a metabolic enzyme expressed in the intestinal mucosa
and the liver highly involved in the oral tacrolimus first-
pass effect. Patients who carry at least one CYP3A5*] allele
(CYP3AS expressers, about 12% of the white European
population [18]) show a 1.5- to two-fold higher tacrolimus
oral clearance than CYP3A5*3/*3 carriers (non-expressers)
[1]. Corticosteroids that induce CYP450s and P-glycoprotein
might also affect tacrolimus pharmacokinetics [19].

Adoport® (Sandoz, Levallois-Perret, France) is a generic,
twice-daily, immediate-release formulation of tacrolimus,
whose pharmaceutical equivalence and bioequivalence with
the reference product Prograf® (Astellas Pharma, Levallois-
Perret, France) was demonstrated in healthy volunteers as
well as in a kidney transplant population [20]. However,
it has never been demonstrated that the PK tools (includ-
ing Bayesian estimators) developed and used in a clinical
setting for an original formulation can also be used for its
generics. For instance, the LSSs used with maximum a pos-
teriori Bayesian estimation (MAP-BE) generally include
sampling points on both sides of the peak, i.e. before and
after the time to maximum concentration (7;,,,), while bio-
equivalence studies cannot guarantee that T, is similar
between formulations (no statistical tests are required by
the regulatory agencies for T,,,). This question is of par-
ticular importance for patient security and our liability in
the context of the ISBA expert system (as well as similar
web services), where on the one hand, one cannot guarantee
that all patients are actually on the original formulation and,
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on the other hand, one cannot continue to refuse patients on
generic formulations.

The objectives of the present clinical study were: (i) to
develop, in de novo kidney transplant recipients on this
generic formulation, population PK models and Bayesian
estimators enabling the assessment of tacrolimus AUC,,_,,
at different post-transplant periods, on the basis of a lim-
ited number of samples collected during the first few hours
post-dose, and considering the CYP3A5*3 polymorphism
and corticosteroid cotreatment as covariates, if possible
and useful, and (ii) to compare the performance of these
MAP-BEs and LSSs to those we previously developed for
the original formulation.

2 Material and Methods
2.1 Study Design and Patient Population

The “Pharmacokinetic Study of Adoport® (Tacrolimus) in
Patients With de Novo Kidney Transplantation” (IMPAKT)
study was sponsored by Limoges University Hospital,
funded by Sandoz France, authorised by the Ethics Com-
mittee CPP16-058 on 8 December, 2016 and registered on
ClinicalTrials.gov (Identifier: NCT03076151, registered on
6 March, 2017). We enrolled 30 kidney transplant recipients
on immunosuppression regimes including Adoport®, from
five French kidney transplant centres (university hospitals
of Amiens, Clermont-Ferrand Limoges, Poitiers and Tours).
Patients had to be aged > 18 years, male or female, recipi-
ents of a first kidney graft, transplanted for less than 7 days
at the time of enrolment, affiliated to a health insurance sys-
tem and they had to sign the study informed consent form.
The exclusion criteria were: all contraindications to tacroli-
mus according to the summary of product characteristics;
patients with pre-transplant, donor-specific, anti-human leu-
kocyte antigen antibodies; recipients of any allograft other
than the kidney; pregnant (positive f-HCG test) or lactating
women; women without any method of contraception, except
for those with no childbearing potential (according to the
guidelines of the Clinical Trial Facilitation Group, related
to contraception and pregnancy tests in clinical trials) [21];
patients participating in any other interventional clinical
study; patients under judicial protection; and patients unable
to understand the purposes and risks of the study, who could
not provide written informed consent or who were unwilling
to comply with the study protocol.

Each patient had to participate in three PK investigations,
at 7 + 3 days (D7), 1 month + 1 week (M1) and 3 months
+ | week (M3) post-transplantation. During each of these
study visits, nine blood samples were collected in EDTA
tubes, just before (C0) and then 20 and 40 minutes, 1, 2, 3,

4,6 and 9 h after the morning dose of generic tacrolimus
administration.

2.2 Tacrolimus Determination and Pharmacokinetic
Modelling

Tacrolimus blood determination was centralised at the Labo-
ratory of Pharmacology-Toxicology of Limoges University
Hospital (CHU Limoges) and performed using a fully vali-
dated, liquid chromatography—tandem mass spectrometry
technique, as previously described [11]. Briefly, after pre-
cipitation of 100 pL of whole blood with 25 g/L of zinc
sulphate in water/methanol (70:30, v/v), tacrolimus was
extracted and separated using two-dimension high-perfor-
mance liquid chromatography and detected using tandem
mass spectrometry in the positive-ion, selected reaction
monitoring mode. [13C,D2]-Tacrolimus was employed as
the internal standard. The lower limit of quantification was
1 ng/mL, the method was linear between 1 and 100 pg/L (r
> (.99) and the intra- and inter-day coefficients of variation
(CV%) were < 18%.

Pharmacokinetic modelling was performed using a para-
metric approach in the iterative two-stage individual mod-
elling software (developed locally by one of us, JD). We
used a single-compartment model with linear elimination,
and biphasic absorption, as previously described for other
formulations of tacrolimus in different transplant settings
(8, 10, 14, 15].

In this model, the absorption rate at time ¢ is described as
the sum of two gamma distributions:

Vaps(®) = FXD[r X fi(t) + (1 =r) X f5(1)]

With

b ~1 _
fil) = Tai)'[a -exp(=b;.1)

The estimated population parameters were: C‘(), the
model-estimated trough concentration after administration
of a theoretical dose Dy = 1000 mg (the real trough concen-
tration can be calculated by dividing this value by 1000 and
multiplying by the patient dose); MAT1 and MAT?2, the
mean absorption times of the two absorption phases (defined
as %); SDAT1 and SDAT2, the standard deviations of

' Vi

absorption times (defined as Tﬂ’); 1, the fraction of the dose

absorbed by the faster method; FAy = F X DV, where F
is the bioavailability factor, Ay is the intravenous coefficient,
V, is the volume of distribution, and b is the elimination
constant. The error model used was 0.0001 + 0.05 X C (C =
drug concentration). Different sets of parameters were esti-
mated for the different post-transplantation periods (D7, M1
and M3). The robustness of the model was checked using the
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traditional predicted vs observed and individually predicted
vs observed concentrations, and the weighted residuals vs
time. The stability of the results was investigated using itera-
tive random splitting of the database (circular permutation)
to obtain at each round one group for model development
(75% of the concentration vs time profiles) and another
group for model validation (the remaining 25% profiles).
Additionally, the final models were evaluated using visual
predictive checks after 1000 Monte-Carlo simulations and
extraction of their 90% prediction intervals, using the vpc R
package (https://CRAN.R-project.org/package=vpc).

The optimal combinations of sampling times for Bayesian
estimation were obtained by comparing the accuracy and
precision of tacrolimus AUC_,,, estimates obtained with
several combinations of three sampling times within the first
few hours post-dose, as compared to the reference tacroli-
mus AUC,_j,,, obtained using all available time-points. In
addition, we evaluated the ability of Bayesian estimators
previously developed for the reference product [16] to pre-
dict tacrolimus AUCs measured in patients on the generic
formulation in the present study.

2.3 Cytochrome P450 3A5 Genotyping

Genotyping of CYP3A5*3 was also centralised in the
Department of Pharmacology-Toxicology at Limoges Uni-
versity Hospital. DNA was isolated from EDTA-treated
blood and genotyped for CYP3A5 15776746 (CYP3AS5*1/*3
allele) using a validated TagMan allelic discrimination assay
on a Rotor Gene Q® (Qiagen, Courtaboeuf, France), as pre-
viously described [22].

2.4 Statistical Analysis

The performance of the population PK models was evaluated
by linear regression of measured vs estimated concentrations
in the validation set (successive subgroups of 25% patients
not involved in model development). The performance of the
models in the subgroups of CYP3AS expressers and patients
without corticosteroids was checked by visually comparing
them on the diagnostic plots with the predominant group of
non-expressers on corticosteroids.

We used a two-way analysis of variance (patients*LSS)
followed by the Dunnett’s multiple comparison test to com-
pare the different LSS for MAP-BE of tacrolimus AUC
o12n With the reference AUC,_,,, obtained using all time-
points. For those providing estimates not statistically dif-
ferent from the references, we calculated the relative mean
prediction error, or bias, and the relative root mean square
error (RMSE). For the LSS finally selected, we computed
the correlation and difference (Bland—Altman) plots with
the reference, the minimum and maximum differences,
the bias, RMSE and the number of differences out of the
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+ 20% acceptable range. The performance of the Bayes-
ian estimators in patients carrying the minor CYP3A5*1
allele or receiving no corticosteroids was assessed visually
on the correlation and Bland—Altman plots, but no statistical
test was performed because of their small numbers in our
population.

3 Results

One patient was withdrawn from the study owing to numer-
ous severe adverse events (AEs), before any PK profile was
collected. The other 29 patients completed the study and
their characteristics are described in Table 1. Twenty-three
patients received tacrolimus in combination with mycophe-
nolate mofetil and 26 with corticosteroids at one study visit
at least, whereas only two received tacrolimus as a mono-
therapy over the whole study period. The average tacrolimus
daily dose decreased from 9.4 mg on day 7 to 6.2 mg at
month 3 (with up to eight-fold variability across the study
population at M1 and M3), while C;; and AUC,,_,,, tended to
increase at M1 and decrease at M3. Plasma creatinine, haem-
atocrit and haemoglobin improved over time (Table 1). The
AEs reported by the investigators are reported in Table 1 of
the Electronic Supplementary Material (ESM). All patients
except for one had at least one AE, with a total of 260 AEs
reported, 24 of which were considered as serious AEs. How-
ever, none of these serious AEs was deemed attributable to
tacrolimus by the investigators and the Clinical Trial Phar-
macovigilance Unit of Limoges University Hospital. Three
acute graft rejection episodes were reported in three patients,
two of which were confirmed by a biopsy (both categorised
as acute T-cell-mediated rejection, grade 1b). These acute
rejection episodes occurred 2 weeks, 3 weeks and 3 months
post-transplantation.

A total of 87 PK profiles of tacrolimus were analysed.
The concentration—time curves of Adoport® exhibited large
inter-individual variability at each time period, and so did
Cy (CV% = 38%, 35% and 26% at D7, M1 and M3, respec-
tively) and AUC,,_y, (CV% = 32%, 31% and 26%, respec-
tively). The variability was even larger for Cy/dose (CV% =
47%, 76% and 43%, respectively) and AUC,,_,,,/dose (CV%
=41%, 65% and 40%, respectively). In contrast, the AUC/C,
ratio showed much lower inter-individual variability (CV%
=21%, 18% and 18%, respectively) and intra-individual var-
iability over the first 3 months post-transplant (CV% = 14%).

Reasonable correlation was found between morning C,
and the reference AUC, ., at all post-transplant periods (*
=0.6857 at D7, 0.7912 at M1 and 0.6441 at M3) (Fig. 1).
Accordingly, the AUC,,_,,,/C, ratio varied mildly with
time and between patients: mean (inter-individual CV%)
= 18.58 h (21.31%) at D7, 18.17 h (18.36%) at M1 and
18.28 h (17.89%) at M3. The mean AUC,_,,/C,, ratio was
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Table 1 Demographic characteristics of the per-protocol population
(n =29), laboratory test results, and tacrolimus dose and exposure

Creatinine (umol/L)
Co-medications (1)

Tacrolimus morning C; (mg/L)
Tacrolimus AUC,_;,, (h-mg/L)

Characteristic Value
Patient characteristics at enrolment (n = 29)
Age (years) 59 (30-76)
Sex, n)
Male 22
Female 7
Bodyweight (kg) 78 (61.1-116)
CYP3AS5 genotype (n)
*1/%1 2
*1/*3 3
*3/%3 19
Unknown 5
Day 7 (n =29)
Tacrolimus daily dose (mg) 9.4 (4-14)
Tacrolimus morning C;, (mg/L) 9.3(3.1-16.3)
Tacrolimus AUC,,_, , (h mg/L) 166 (80-313)
Hematocrit (%) 27.8 (21.3-36.7)
Hemoglobin (g/dL) 9.2 (7.1-12.1)

320 (94-1021)

MMF 23
Corticosteroids 26
Month 1 (n =29)
Tacrolimus daily dose (mg) 9.2 (2-19)

10.4 (5.1-23.0)
186 (111-371)

Hematocrit (%) 33.1(23.1-43.0)
Hemoglobin (g/dL) 10.7 (7.6-13.3)
Creatinine (umol/L) 170 (80-325)
Co-medications (1)
MMF 22
Corticosteroids 25
Month 3 (n = 29)
Tacrolimus daily dose (mg) 6.2 (2-15)
Tacrolimus morning C;, (mg/L) 8.0 (1.5-10.7)
Tacrolimus AUC,, ,y, (h-mg/L) 141 (36.9-203.6)
Hematocrit (%) 37.8 (23.0-49.7)
Hemoglobin (g/dL) 122 (6.9-16.4)
Creatinine (umol/L) 153 (77-384)
Co-medications ()
MMF 22
Corticosteroids 25

mycophenolate mofetil

AUC,_,; area under the concentration-time curve over 12 h post-
dose, C, trough blood concentration, CYP cytochrome P450, MMF

not different in CYP3AS5 expressers and/or patients not on
steroids, as compared with the other patients (20.5 h vs 18.8
h, respectively) and the datapoints of these patients were not
further apart in the AUC,_j,,, vs C, regression lines than the
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Fig.1 Linear regression and correlation between tacrolimus C; and
AUC,_j5, at the different post-transplant periods. The 4 patients
carrying the CYP3A5*1 allele (i.e. CYP3AS expressers) and who
received corticosteroids are represented with blue diamonds, the only
CYP3AS expresser without steroids with black diamonds and the
CYP3AS5 non-expressers (or presumably so, for one) without steroids
with red diamonds
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others (Fig. 1). One of the five CYP3AS expressers experi-
enced T-cell-mediated graft rejection on day 21 post-trans-
plant, i.e. 2 weeks after the D7 visit where the tacrolimus
AUC was 108 h-ug/L and 1 week before the M1 visit where
the AUC was 111 h-pg/L (as compared to mean values of
166 and 186 h-ug/L in the study population, respectively).
However, the other two rejection episodes were reported in
non-expressers, one at week 2 just after a very high AUC
value (247 h-ug/L) and the other at M3 with AUC = 137
h-ug/L (for a population average of 141 h-pg/L).

The three PK models developed (one for each of the three
post-transplant periods) adequately described the data, as
shown by the goodness-of-fit plots (Fig. 2). The model-pre-
dicted concentrations were clearly overestimated in the five
CYP3AS5 expressers, whether on corticosteroids (n = 4) or
not (n = 1), but the individually predicted concentrations

were as tightly fitted by the model as those of the dominant
group of non-expressers on corticosteroids (n = 23) and
the weighted residuals were very similar. The three other
patients not on steroids were CYP3A5 non-expressers (or
presumably so for one of them who was not genotyped) and
their model-predicted concentrations were not significantly
different from, and the individually predicted concentrations
and Weighted residuals (WRES) as good as, those of the
other non-expressers, confirming that corticosteroids had no
significant influence on tacrolimus pharmacokinetics in this
study. The visual predictive checks showed that the simu-
lated data matched the observed concentration-time profiles
for the three post-transplant periods (Fig. 3).

Bayesian AUC estimates obtained with six different
three-point LSSs were compared with the reference AUC
values using a two-way analysis of variance (patients*LSS),
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Fig.2 Diagnostic plots of the population pharmacokinetic models.
The 4 patients carrying the CYP3AS5*I allele (i.e. CYP3AS express-
ers) and who received corticosteroids are represented with blue dia-
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monds, the only CYP3AS expresser without steroids with black dia-
monds and the CYP3A5 non-expressers (or presumably so, for one)
without steroids with red diamonds

Alexandre Destere | Thése de doctorat | Université de Limoges | 2022
Licence CC BY-NC-ND 3.0

48



Adoport® AUC Bayesian Estimation in Renal Transplantation

000

.100-

.075-

o

.050-

0.025-

o

000

.100-

Tacrolimus concentration mg/L)

0.075- o

0.050- .
0.050 o o )

0.025- Sl i
o -

o ——— e
q
P - 0
T8 K ..-.-.-?m- srs e srrs Brrreer

EA :poTaed

0.000

Fig.3 Visual predictive checks of the PK models developed for gener
and month 3)

Table 2 Dunnett’s multiple comparison tests of the accuracy of dif-
ferent limited sampling strategies as compared to the reference area
under the concentration—time curve values

Limited sampling strategy Mean difference  Adjusted p value

All points vs 3 points 0-1h-2h  —0.001614 0.8426
All points vs 3 points -1 h-3h - 0.003189 0.2317
All points vs 3 points 0-2h-3h - 0.004431 0.0409
All points vs 3 points 0-2h-4h - 0.002116 0.6360
All points vs 3 points 0-3h—4h - 0.004166 0.0622
All points vs 3 points 0-3 h—-6h - 0.004346 0.0470

h hours

showing significant between-patient variability (p < 0.0001)
but only a trend for differences among the LSSs (p =
0.0641). Dunnett’s multiple comparisons showed that the
0-1h-2h, 0-1 h-3 h and 0-2 h-4 h LSS yielded estimates
not statistically different from the reference AUCs (Table 2).
The Bland-Altman plots (Fig. 4) and the very similar mean
prediction error (1.1%, 2.0% and 1.2%, respectively) and
RMSE (9.2%, 7.8% and 8.6%, respectively) suggest that
these strategies are equally acceptable, including for the
patients carrying the CYP3A5*1 allele and/or without cor-
ticosteroids. Owing to its better Bland—Altman plot (Fig. 4)

Time (h)

ic tacrolimus for the three different post-transplant periods (day 7, month 1

and lower RMSE, and for the sake of consistency with the
LSS used routinely for the original formulation, we finally
chose the 0-1 h-3 h LSS for the rest of this study. The AUC
estimates obtained in the validation set obtained by circu-
lar permutation showed a bias between 0.2 and 3.6%, and
imprecision RMSE between 6.0% and 8.6%, depending on
the post-transplant period. Only one AUC value at M1, and
two at M3, were estimated with inaccuracy >20% (Table 3).
The best and worst AUC estimates at each post-transplant
period are presented in Fig. 5. The PK models and Bayesian
estimators previously developed for the reference product
were able to fit closely the full concentration-time profiles
obtained with the generic formulation Adoport® (Figs. 1 and
2 of the ESM), as well as to estimate accurately the AUC
o_12p Using the same LSS (Table 3).

4 Discussion

We conducted a PK study of Adoport®, a generic formula-
tion of tacrolimus in adult kidney transplant recipients and
developed PK models and Bayesian estimators, with the aim
of estimating, at early (day 7) and more stable (months 1 and
3) post-transplant periods, tacrolimus AUC,_,,, on the basis
of a limited number of samples collected during the first few
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Fig.4 Linear regression and Bland-Altman plots showing the corre-
lation and the relative difference between reference AUCs and Bayes-
ian AUCs obtained using different 3-point strategies (limited to the
first 4 hours post-dose). The 4 patients carrying the CYP3A5*] allele

hours post-dose. The PK models obtained showed excel-
lent fit with the observed profiles. In addition, the Bayesian
estimators and the LSS previously developed in a similar
population for Prograf®, the reference product, showed
almost identical performance in this study. It is important to
acknowledge that, in addition to being bioequivalent with
Prograf®, the generic formulation tested in this study yields
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(i.e. CYP3AS expressers) and who received corticosteroids are repre-
sented with blue diamonds, the only CYP3AS expresser without ster-
oids with black diamonds and the CYP3AS non-expressers (or pre-
sumably so for one) without steroids with red diamonds

very similar T, values, as previously shown in a bioequiva-
lence study in kidney transplant recipients [20], which may
represent favourable conditions for the application of our
initial Bayesian estimators. The question as to whether this
can be extrapolated to all generic formulations of immedi-
ate-release tacrolimus, particular those with a shiftin T, ,, or
more variable T, , should be further investigated. However,
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Table 3 Overall performance of the Bayesian estimation of tacroli-
mus area under the concentration—time curve over 12 hours post-dose
using the 0-1h-3h limited sampling strategy (LSS) and the models

developed for the generic formulation in the current study (internal
validation by circular permutation) or the models previously devel-
oped for the original formulation drug (cross-validation)

MAP-BE developed for the generic formulation with  MAP-BE previously developed for the original

the LSS 0-1h-3h

formulation with the LSS 0-1 h-3 h

Post-transplant period Day 7 Month 1 Month 3 Day 7 Month 1 Month 3
MPE, or bias, % 2.1 0.2 3.7 -28 -21 -40
Min/max errors, % -8.0/18.1 - 1151275 -8.0/25.3 - 18.0/5.8 - 19.3/11.7 -232/133
RMSE, % 6.0 8.6 8.5 6.2 73 9.5

No. of patients with error outside the 0 2 1 0 0 1

acceptable range of + 20%

h hour, MAP-BE maximum a posteriori Bayesian estimation, max maximum, Min minimum, MPE mean prediction error, RMSE root mean

square error

several LSSs yielded equivalent performance for AUC_,,,
estimation in the present study, confirming that Bayesian
estimation is flexible with respect to sampling times and
suggesting that it can cope with situations where T, is not
framed by the time-points (such as with the 0-2 h-4 h LSS
for instance, where all time-points are after the peak for most
patients). Altogether, the present results are very reassuring
with regard to the thousands of individual dose adjustment
requests posted on the ISBA website (https:/pharmaco.chu-
limoges.fr). Indeed, even if it was clearly stated that the tools
available were only valid for the reference product and that
the drug brand had to be completed on the request form,
we could not be sure that all patients actually received the
original formulation.

Similar to all the other formulations of tacrolimus,
Adoport® oral administration in kidney transplant patients
resulted in wide inter-individual variability of the concen-
tration—time curves at each time period. Even in this rather
small patient cohort, dose-standardised AUC,_,,, varied
five-fold on day 7, 11-fold at month 1 and eight-fold at
month 3 post-transplantation, owing to the individual dose
adjustments required to obtain exposure in a narrower range.
Remarkably, the AUC/C, ratio varied much less between
patients (only two-fold at all time periods) and was very
stable with time (intra-individual CV% = 14%). We have
recently recommended using this metrics to determine indi-
vidual C, targets based on AUC and C,, determination at
least twice, in the early and stable post-transplant periods [1,
17, 23]. The current findings are in favour of the robustness
of the AUC/C, ratio and also show that the individual rela-
tionship between C;y and AUC does not vary much over time.

Three rejection episodes were reported in the per-proto-
col population of 29 patients, one of whom was a CYP3AS
expresser and had rather low tacrolimus exposure, whereas
the other two had normal or high AUCs. No clear conclusion
can be made about the exposure—efficacy relationship, so
much so that the study was not powered for this.

Owing to a 12% frequency in the White European pop-
ulation, about four carriers of the CYP3A5*1 allele were
expected in this study, and we found five expressers out of
25 patients whose genotype was available. The AUC vs C,,
regression, AUC/C,, ratio, PK models and Bayesian esti-
mators developed were specifically evaluated in this sub-
group, showing equivalent behaviour and performance as
compared to the rest of the population. Similarly, only four
patients did not receive steroids over the course of the study
(except a bolus of methylprednisolone on day 21 for one
of them), one of whom carried the CYP3A5*1 allele. The
model-predicted concentrations were not different in this
small subgroup from those of the dominant group of non-
expressers on corticosteroids (n = 23) and their AUC vs C,
regression, AUC/C,) ratio, and Bayesian estimators showed
equivalent behaviour and performance, suggesting that the
influence of corticosteroids on tacrolimus was negligible in
this study. This prevented us from trying to develop specific
PK models and Bayesian estimators for this subpopulation,
or even to use the CYP3A5 genotype or treatment with cor-
ticosteroids as covariates in the models or estimators. More
importantly, this study confirms that robust PK models and
Bayesian estimators can accurately estimate the inter-dose
AUC of a drug with high inter-patient PK variability without
considering covariates as strong as the CYP3AS genotype
(that doubles tacrolimus oral clearance in expressers). With
our strategy of designing models and Bayesian estimators
for each combination of transplanted organ, age group (pae-
diatrics or adults), post-transplant period (early or stable)
and analytical method [24], and with the three-point LSS
employed, we never found additional covariates that could
improve Bayesian AUC estimation or help to reduce the
number of sampling points [8~15]. This confirms the refer-
ence demonstration made more than 40 years ago by Sheiner
et al. for digoxin that “information from plasma concen-
trations is far more valuable for forecasting than that from
observable patient features-sex, age, and the like; use of all
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Fig.5 Best and worst AUC,_,,, estimates in the internal validation
population at each post-transplant period using Bayesian estimation
and the pre-dose, 1 h and 3 h limited sampling strategy. The pro-
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the latter information does not improve accuracy and preci-
sion as much as only 1 plasma concentration” [25].

5 Conclusions

We developed population PK models and Bayesian estima-
tors for Adoport®, one of the most prescribed generic for-
mulation of tacrolimus, which tightly fitted the data without
the need for covariates, not even the CYP3A5 genotype,
and we confirmed that Bayesian estimators previously devel-
oped for the original formulation had very similar perfor-
mance. These models and MAP-BE (now all available on
the ISBA website) can also cope with different combina-
tions of sampling times, suggesting that they are applicable
to other generic formulations with a different distribution
of T,.. values (as T,,, is not statistically compared in
bioequivalence studies). We also consider that the model
developed for the latest post-transplant period here (M3)
is also suited for the steady-state situation, despite subtle
changes that may occur in tacrolimus pharmacokinetics up
to 1-year post-transplant.
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11.2. A single Bayesian estimator for iohexol clearance estimation in ICU, liver failure

and renal transplant patients
Article publié dans le British Journal of Clinical Pharmacology

Dans ces travaux, un modeéle de pharmacocinétique de population puis un MAP-BE basé
sur une LSS ont été développés afin d’estimer le débit de filtration glomérulaire dans des
populations hétérogénes de patients (patients stables et instables de réanimation, patients

insuffisants hépatiques et patients transplantés rénaux) a partir de la clairance de I’iohexol.

Lors du développement d’un modéle de pharmacocinétique de population celui-ci est utilisable
dans une indication précise. En effet, les paramétres PK moyens ainsi que leur variabilité
interindividuelle peuvent étre influencés par la pathologie (troubles hémodynamiques, stase,
insuffisance hépatique...) . L’originalité de ce travail est d’avoir tenu compte de la pathologie
comme potentielle covariable catégorielle permettant I'utilisation de ce modele dans différentes
indications. En effet, les modéles de POPPK décrivant la pharmacocinétique de 1’iohexol
précédemment publiés ont été développés dans des populations spécifiques [103-107].

Dans ce travail, un modele a été développé chez 81 patients de réanimation instables
hémodynamiquement, 64 patients ayant recu une transplantation rénale, 21 patients de
réanimation stables et 9 patients insuffisants hépatiques (n total=175). Le modeéle a été validé
par VPC ainsi que sur des patients réels (n=36). Un estimateur bayésien dérivé du modele de
POPPK basé sur une stratégie de prélevements limités a été développé. Différentes stratégies
de prélévements limités ont été évaluées en comparant le biais moyen, 1’imprécision ainsi que
le pourcentage de patients en dehors de I’intervalle de + 20% de biais. Une comparaison avec

la formule de Brochner-Mortensen a également été réalisée.

Les performances globales du MAP-BE basé sur la LSS sont satisfaisantes quelle que soit la
population d’évaluation. Toutefois, seul un patient insuffisant hépatique se trouvait dans le

groupe de validation et les résultats dans cette sous population devront étre confirmés.

En conclusion, I’utilisation d’une covariable catégorielle sur le type de pathologie peut
permettre la création d’un seul modele de pharmacocinétique de population et d’un MAP-BE

utilisable sur différentes populations tout en gardant une précision satisfaisante.
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Aims: lohexol clearance has been proposed to estimate the glomerular filtration rate
(GFR). A population pharmacokinetics (popPK) model was developed from heteroge-
neous patients. A Bayesian estimator (MAP-BE) based on a limited sampling strategy
(LSS) was derived and evaluated in external patients.

Methods: Full pharmacokinetic data (7-12 samples) from 172 patients receiving
iohexol for measurement of their GFR (unstable and stable ICU patients, liver failure
patients and kidney transplant patients) were split into development (n = 136) and
validation (n = 36) datasets. A PopPK model was developed in Monolix and was used
to develop MAP-BE based on LSS. Its performance for GFR estimation was evaluated
in the validation set.

Results: A two-compartment model with first-order elimination best described the
data. The final model included the type of patients on volume of distribution (Vd),
clearance and intercompartmental constants, serum creatinine on clearance and body
weight on Vd. The best LSS included samples at 0.1-1-9 h exhibiting a relative mean
prediction error (MPE) (RMSE) = —3.7% (14.3%) and better performance than the
Bréchner-Mortensen formula (—3.0%/17%). Split by type of patients, the highest
interindividual variability and imprecision was observed in unstable ICU patients
(MPE (RMSE) = 3.7% (18.8%)) while the best performances were obtained for renal
transplant patients (MPE (RMSE) = 1.0% (5.8%)). All LSS that included samples
before 9 hours for the third sample were associated with an increased imprecision.
Conclusion: A single MAP-BE of iohexol based on a three-sample LSS for four het-
erogeneous populations was developed and allowed accurate estimation of GFR in
kidney transplant patients, slightly biased in stable ICU patients and slightly imprecise
in unstable ICU patients.

KEYWORDS
Bayesian estimator, glomerular filtration rate, ICU, iohexol, liver failure, population
pharmacokinetics, renal transplantation
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1 | INTRODUCTION

lohexol has been approved in France as a contrast agent. It is used
mainly for computed tomography scans, urograms or angiographies,
for both children and adults. lohexol exhibits interesting pharmacoki-
netic characteristics that make it the most used exogenous tracer for
the measurement of the glomerular filtration rate (GFR).! Bréchner-
Mortensen, Ng et al. and others used this tracer with samples col-
lected only in the second elimination slope (beyond 120 min), with
fixed correction for the distribution phase. In routine care, GFR is usu-
ally estimated using serum creatinine, an endogenous compound pro-
duced mostly by muscle fibres, filtered and secreted by the kidneys.*
However, patients hospitalised in intensive care units (ICU) may pre-
sent with conditions that modify the production and elimination of
creatinine (fever, liver failure, change in water balance, rhabdomyoly-
sis, etc.) rendering GFR estimation formulas based on this marker less
accurate.” Liver failure patients and especially decompensated liver
failure patients often have kidney injuries. One such specific condition
is hepatorenal syndrome, characterised by a high mortality rate. It is
often associated with subclinical renal lesions that in turn significantly
worsen the liver prognosis. The prognostic value of the kidney func-
tion (as indirectly assessed by serum creatinine) during cirrhosis is
included in the MELD (model for end-stage liver disease) score, a
predictive model of 3-month mortality. Finally, combined liver-kidney
transplantation, which requires precise GFR estimation in order to
reliably prioritise patients on the waiting list, should be considered if
the GFR decreases below 30 mL/min. In kidney transplant patients,
GFR monitoring is routinely used for the detection of acute rejection,
as well as for evaluating the progressive loss of graft function.

Some studies have developed popPK models for iohexol in spe-
cific populations (kidney transplant or elderly patients) using different

)”-? and more

structural models (e.g. with two or three compartments,
recently a popPK model for ICU patients using a three-compartment
structural model.*° Estimating the pharmacokinetics parameters of a
compound in an individual requires drawing many blood samples,
which is not easy to apply in routine care. Limited sampling strategies
(LSS) and maximum a posteriori Bayesian estimators (MAP-BE) can be
derived from popPK models to estimate exposure based on a reduced
number of concentration-time points, and possibly of covariates.

In this context, the objective of this study was to develop a popu-
lation pharmacokinetics model and a MAP-BE based on an LSS for
intravenous iohexol, allowing accurate measurement of GFR in four
heterogeneous populations (stable and unstable ICU patients, kidney
transplant patients and liver failure patients).

2 | METHODS

2.1 | Patients
The dataset was made up of clinical and pharmacokinetic data from
172 patients composed of haemodynamically unstable (average of

eight samples per patient) and stable (average of eight samples per

What is already known about this subject

o Iohexol is used to measure the glomerular filtration rate
(GFR).

o Only a few models are available to estimate GFR based
on an iohexol administration and a limited blood sampling
strategy.

o They were developed in a single homogeneous

population.

What this study adds

e A maximum a posteriori Bayesian estimator that esti-

mates GFR over 24 h with only three points (0.1-1-9 h)
was developed.

It was developed from four heterogeneous populations
(stable and unstable ICU patients, liver failure and kidney
transplant patients).

Performances were accurate in kidney transplant
patients, slightly biased in stable ICU patients and slightly

imprecise in unstable ICU patients.

patient) ICU patients, liver failure patients with advanced liver disease
and with different grades of ascites (average of 11 samples per
patient)!* and kidney transplant patients (average of 12 samples per
patient) from a previously published study.*?

In all these studies, 3235 mg (i.e., 5 mL) of iohexol was injected as
an intravenous bolus. lohexol plasma concentration was measured
using a high-performance liquid chromatography with diode-array
detection (HPLC-DAD) method with a lower limit of quantification
(LLOQ) of 10 mg/L for the ICU patients (unstable or stable), or a liquid
Chromatography with tandem mass spectrometry (LC-MS/MS)
method (LLOQ = 1 mg/L) for the liver failure and kidney transplant
patients. Concentrations below the LLOQ were kept as such.

22 | Model development and covariate analysis
The population pharmacokinetic model was developed in Monolix
(version 2019R1; Antony, France: Lixoft SAS, 2019. http://lixoft.com/
products/monolix/).

Random data splitting stratified on the type of patients (unstable
ICU, stable ICU, renal transplant and liver failure) was first performed
allocating 75% (n = 136) to model development and 25% (n = 36) to
its evaluation. The structural model was chosen after comparing one-,
two- or three-compartment models with linear elimination, based on
the Akaike information criterion (AIC), goodness-of-fit plots and

adjustment performances. The interindividual variability (IIV) was
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described using an exponential model and covariance between random
effects was investigated. Different error models (additive, proportional
or combined) to describe the residual error were also compared.

The influence of potential covariates (weight, age, BMI, serum
albumin, uremia, serum creatinine, type of patients) was then investi-
gated using GGally R packages,*® through their statistical association
with the eta of PK parameters, using correlation analysis for continu-
ous covariates or Mann-Whitney tests for binary covariates.
Covariates with r > 0.4 or pMW < 0.05 were included using a power
function, coded as follows for continuous covariates:

Cov 82
X\ ——
median cov

where 01 is the typical value for a median patient and 02 is the power

coefficient of the covariate; and for binary covariables:

01 x 02°

where 01 is the typical value for a patient with cov = 0 and 02 is the
fold-change in the parameter for patients with cov=1. The COSSAC
(COnditional Sampling use for Stepwise Approach based on Correla-
tion tests) used in Monolix was applied to select the covariates
retained in the final model and their relevance was assessed by the
resulting decrease in IIV. The final model was evaluated by simula-
tion using overall and stratified by type of patient visual predictive
checks (VPC).

23 Limited sampling strategies (LSS) and
maximum a posteriori Bayesian estimation (MAP-BE)

The different points eligible for an optimal LSS for Bayesian estima-
tion were determined from the inflexion points in the log scale spa-
ghetti plot (Figure S1 in the Supporting Information). Three 3-point
strategies were compared, with samples taken at: 0.1, 1 and 3 hours;
0.1, 1 and 6 hours; and 0.1, 1 and 9 hours. The reference CL was
obtained by MAP-BE and the popPK model with all iohexol concen-
trations available for a given patient. The CL parameter calculated by
the model was used. In the validation dataset, post-hoc iohexol CL
estimates using these 3-point LSSs were compared to the reference
CL by calculating the relative bias (mean prediction error, MPE), rela-
tive imprecision (root mean square error, RMSE) and the percentage
of patients with a relative MPE outside the +20% interval.

24 | Validation of Bayesian estimation of iohexol
clearance in the validation set

In the validation set, regrouping the different independent populations
(stable ICU patients, liver failure patients, kidney transplant patients),
the performance of MAP-BE CL estimation using the three 3-point

LSSs was assessed using the metrics described above.
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In kidney transplant patients, because the PK profiles were lim-
ited to 6 hours post-dose, the concentrations at 9 and 12 hours had
to be estimated using the popPK model and MAP-BE using all the
available concentration-time points (these extrapolated samples were
used to estimate the reference CL and the corresponding three sam-
ples of LSS).

Due to the low number of patients, there was only one patient in
the validation test of the liver population.

VPCs were performed to compare the distribution of evaluation
set concentrations in the model simulations. Bland-Altman plots were
built to investigate the precision of GFR measurement based on the
LSS on each type of patient.

25 | Comparison with the Brochner-Mortensen
(BM) formula

The BM formula® was calculated using at least four samples in the
elimination phase (between 2 and 5 hours) in renal transplant recipi-
ents and liver failure patients (Supplemental method). As ICU patients
only had two samples (at 2 and 5 h), the BM formula could not be cal-
culated. The performance of the BM formula was evaluated in com-
parison to the reference clearance, as for those of MAP-BE.

3 | RESULTS

The characteristics of the patients included in each study are pres-
ented in Table 1. Some differences concerning demographic charac-
teristics or laboratory test results were observed across these
populations, probably due to the different recruitment settings (ICU
patients in a more critical condition, younger kidney transplant
patients, etc.).

The logarithmic representation of observed concentrations (mg/L)
as a function of time (h) in the development population is shown in
the Figure S1 in the Supporting Information. At t=0.1 h, the
observed concentrations were largely spread out with a median [min-
max] of 328.0 [91.7-951.0] mg/L. According to the two elimination
slopes observed for plasma iohexol, a two-compartment model was
finally retained based on its AIC (one compartment: 28257.6; two
compartments: 10744.3; three compartments: 10857.3).

The AIC of additive, proportional and combined residual error
models were 11080.4, 11117.4 and 10744.3, respectively, leading us
to retain the last one. Covariance was included between CL, V1, k12
and k21. n CL was influenced by serum creatinine and urea and the n
volume of distribution (V1) by body weight with r = —0.60, —0.60
and 0.45, respectively (Figure S2 in the Supporting Information).
Serum creatinine and urea had a similar effect on CL (Figure S2 in the
Supporting Information) and exhibited a strong correlation between
them (r = 0.77) which made us avoid retaining both in the same model
and to select serum creatinine for its availability in routine care.

Finally, the best final covariate model after COSSAC included

body weight and type of patient on the volume of distribution, serum
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TABLE 1 Patient characteristics
Stable ICU Liver failure Kidney
Unstable patients patients (LIVER) study transplant

Variable patients data validation data validation data recipients
N 86 21 9 64
Weight (kg) (mean [SD]) 82.3(20.4) 78.3(17.5) 98(21.3) 70.8(19.3)
Body mass index (kg/m?) (mean [SD]) 28.7(7.0) 27.9(5.9) 33.3(6.9) 24.3(4.9)
Body surface area (m?) (mean [SD]) 2.0(0.3) 1.9(0.2) 2.1(0.2) 1.8(0.3)
Age (years) (mean [SD]) 64.9 (13.2) 66.9 (10.8) 61.7 (8.5) 41.9(2.2)
Sex female (%) 31(36.0) 9(429) 0(0) 19 (22.3)
Haematocrit (%) (mean [SD]) 31.8(6.1) NA 324(5.2) NA
Proteinemia (g/L) (mean [SD]) 53.1(7.8) 65.4(10.2) NA NA
Albuminemia (g/L) (mean [SD]) 28.5(5.8) NA 324(4.) NA

Serum creatinine during iohexol sampling (uM) 121 [74.0-186.0]

(median [IQR]

Blood urea during iohexol sampling (median [IQR]) 11.1[7.2-16.0]

NA: not available.

creatinine and type of patient on CL and type of patient on the k12
and k21 (Table 2). The correlation matrix of model parameters for the
final model is presented in Table S1 in the Supporting Information.
The typical PK parameters split by type of patient are presented in
Table 3.

Diagnostic plots of the final covariate model are shown in
Figure 1. The observed concentrations were estimated with excellent
accuracy (Figure 1A). The population predicted concentrations were
distributed homogeneously on either side of the linear regression line
(Figure 1B) and the weighted residuals (Figure 1C) were homoge-
neously and normally distributed, regardless of the level of the
predicted concentrations.

The VPCs split by study type are presented in Figure 2. The
observed concentrations are distributed homogeneously between the
10th and 90th percentiles of the data simulated and the variability
was reasonably estimated in development dataset. In the validation
set, the observed concentrations are distributed homogeneously
between the 10th and 90th percentiles of the data simulated in kid-
ney transplant patients and unstable ICU patients, while the observed
concentrations of stable ICU patients were included in the 10th and
50th percentiles of the simulations.

The 0.1, 1 and 9 hour limited sampling strategy was associated
with the best results (Table 4) in terms of accuracy (relative MPE) and
imprecision (RMSE) in comparison to the two other LSSs and also
exhibits better results than the BM formula (Table 4). The Bland Alt-
man split by type of patient in the validation set is presented in
Figure 3.

4 | DISCUSSION

In this study, a parametric popPK model was developed based on rich

sampling in different types of heterogeneous patients. A maximum a

63.0[26.0-113.0] 95.0 [62.0-128.0] 125[100.0-157.0]

7.2[24-16.7] 6.7 [3.8-12.9] NA

posteriori Bayesian estimator based on a 3-point LSS was derived
from this model to allow GFR measurement.

The patient type covariate reflecting the patient group (ICU, liver
failure or kidney transplantation) was included on V1, CL, k12, k21,
allowing us to take into account the heterogeneity of these patients.
Indeed, ICU patients are associated with strong modifications of PK
parameters'® and liver failure patients also strongly differ from renal
transplant patients. Accordingly, we observed an increase in V1 in
liver failure patients in comparison to the other populations that could
correspond to the distribution of iohexol in ascites. We also observed
a decrease of CL in unstable ICU patients that could correspond to
pathological states (e.g., cardiogenic shock following sepsis). As
expected, the IIV of the PK parameters and the imprecision in clear-
ance estimation were the highest in unstable ICU patients. Of note,
some parameters for patient type or correlation between PK parame-
ters are of minimal impact and estimated with extreme imprecision
(e.g., the 10% impact of beta_V1_STUDY_ICU_unstable (178% RSE)
and the 10% impact of beta_CL_STUDY _liver (377% RSE), the 20% of
beta_k12_STUDY_ICU_unstable (86% RSE), and correlation k12 V1
(—0.09, 113% RSE). These values are due to an unimportant or zero
effect of these covariates or correlations and can be neglected.

This strategy was evaluated in a validation set and the split VPC
showed that the model seems to performed well for renal transplant
recipients and unstable ICU patients, while an overprediction was
observed for stable ICU patients with all observations below the
median of the simulated concentrations. Concerning the liver failure,
the data splitting has assigned a single patient in the evaluation
dataset, which makes the interpretation of the results difficult. This
was also observed in the performance in terms of relative bias and
imprecision in the Bland Altman split by type of patient. Indeed, it
showed accurate prediction in kidney transplant patients, high relative
bias in stable ICU patients and high imprecision in the unstable ICU
patients, probably due to the clinical instability of these patients.
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However, even if the relative bias was quite high for the stable ICU
patients, the prediction in terms of raw bias was still clinically accept-

able with a mean difference of 3.8 mL/min as observed in the Bland

TABLE 2  Final model parameter estimates

PK parameters Final model RSE (%)
V1(L) 6.8 6.5
beta_V1_STUDY _liver 0.7 264
beta_V1_STUDY_ICU_unstable 0.1 178
beta_V1_STUDY_ICU_stable 04 338
beta_V1_WT 0.5 16.4
CL (L/h) 33 77
beta_CL_STUDY _liver 0.1 377
beta_CL_STUDY_ICU_unstable -05 22
beta_CL_STUDY_ICU_stable -04 38.5
beta_CL_SCR -0.8 9.7
K12 (h™?) 16 129
beta_k12_STUDY _liver -12 314
beta_k12_STUDY_ICU_unstable 0.2 86.5
beta_k12_STUDY_ICU_stable -0.7 378
K21(hY) 17 8.2
beta_k21_STUDY_liver -0.7 34.6
beta_k21_STUDY_ICU_unstable -04 264
beta_k21_STUDY_ICU_stable -0.8 225
IV V1 04 6.3
IV CL 0.5 62
IV K12 0.9 6.7
1V K21 0.5 79
a 25 74
b 0.04 6.3
Corr_V1_CL 041 19.9
Corr_K12_CL -0.10 87.8
Corr_k12_V1 -0.09 113
Corr_K12_V1 -0.75 5.35
Corr_K21_V1 -0.51 153
Corr_k12_k12 0.79 49

Abbreviations: a, additive residual error; b, proportional residual error;
beta_Y_X, influencial factor of X on PK parameters Y; CL, clearance; ICU,
intesive care unit; 11V, interindividual variability; Corr_X_Y, correlations
between PK parameters X and Y; k12: transfer constant from central to
peripheric compartment; k21, transfer constant from peripheric to central
compartment; SCR, serum creatinine; V1, central volume of distribution;
WT, weight.
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Altman plot. Indeed, the use of relative metrics in the case of small
groups is largely sensitive to one extreme value. In this case the larg-
est difference was an estimation of 38 mL/min instead of 31 mL/min,
which still remains clinically acceptable.

Throughout this article, the reference GFR used for evaluation of
our LSS was obtained using the model and all the available time-
points, which has previously been regarded as an accurate estimation
of the “true” iohexol CL and the “true” GFR itself.!

Riff et al.” described the pharmacokinetics of iohexol with a para-
metric two-compartment structural model in a population of 151 kid-
ney transplant patients. They also developed a MAP-BE based on a
3-point LSS (T3omin» T120min and T270min), Which was able to accurately
estimate iohexol CL (mean error [ME]=0.47%, RMSE = 3.42%).
However, their reference CL values were derived from iohexol AUC
calculated using the trapezoidal rule and six plasma concentrations
between 5 and 270 min. We think that samples between at least
7 and 14 hours are required to correctly describe iohexol elimination
(half-life = 1-2 h in healthy individuals). Accordingly, in our study, the
shortest LSS, with the last sample drawn at 3 hours, yielded the worst
estimates.

Asberg et al.}? also described the kinetics of iohexol in kidney
transplant recipients using a two-compartment model (although with
a non-parametric approach) and they estimated iohexol CL using
four samples (T1omin, Taomins T120min @Nd Taoomin) With satisfactory
precision (ME (%): - 0,9 + 4.5; RMSE (%): 2.8 + 3.6), and only 2% of
CL estimates differing by more than 10% from the Brochner-Mor-
tensen®* value chosen as reference.’? The major difference from the
previous reports is the time of blood sampling, as in the study by
Asberg et al. samples were collected until 6 hours (similar to the
Brochner-Mortensen formula). In the present study we developed
the popPK model using samples collected until 24 hours (except for
renal transplant patient data who are the ones in the study by
Asberg et al.), while all others collected samples until max 360 min.
It seems that the later the last sample is drawn, the better the per-
formance when compared to full iohexol profiles. In our study,
including the sample collected at 9 hours improved CL estimation in
comparison collection at 6 hours. This may be due to the
nychthemeral variations of GFR, which is associated with a large
intra-day variability. lohexol clearance evaluation using the conven-
tional 6-hour-based formula does well when compared to the 6-hour
full sample reference, but the performance declines when compared
to the 24-hour sample reference. Collecting late plasma samples is
not a concern for ICU patients and it should be facilitated by home
microsampling devices for kidney transplant patients and liver failure
patients.'®

TABLE 3  Typical median [min-max] PK parameters in development data overall and split by type of patients

Overall (median[min-max])

Vi() 7.3[24-334] 16.2 [8.4-21.6]
CL (L/h) 3.1[0.3-10.9] 41[3.2-7.1]
K12(h™)  17[0.2-14.7] 0.5[0.2-1.5]
K21(h™Y)  1.3[0.2-4.1] 0.8[0.5-2.0]

Liver failure (median[min-max])

Kidney transplanted patients  Stable ICU Unstable ICU
6.5[24-15.1] 11.5[24-188]  6.9[2.6-334]
341[0.8-8.8] 4.7[1.3-8.0] 2.1[0.3-10.9]
1.7[0.3-5.7] 1.7[0.3-5.7] 2.2[0.2-147]
1.8[0.6-3.5] 1.8[0.6-3.5] 1.8[0.2-4.1]
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FIGURE 1 Diagnostic plots of the final model with the observed concentrations as a function of individual predicted concentrations (A),
observed concentrations as a function of population predicted concentrations (B) and weighted residuals as a function of individual predicted
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FIGURE 2 Visual predictive checks of the final model split by type of patient in the development population: (A) kidney transplants; (B) liver
failure; (C) unstable ICU; (D) stable ICU; and the validation dataset split by type of patient: (E) kidney transplants; (F) liver failure; (G) unstable ICU;
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TABLE 4  Evaluation of the three limited sampling strategies in the validation dataset overall and split by type of patient

Relative MPE (%)

Overall 0.1-1-3h
0.1-1-6h
0.1-1-9h
Brochner-Morten formula

Liver failure 0.1-1-3h

Kidney transplant patients

Stable ICU

Unstable ICU

Liver failure 0.1-1-6h

Kidney transplant patients

Stable ICU

Unstable ICU

Liver failure 0.1-1-9h

Kidney transplant patients

Stable ICU

Unstable ICU

The best performances were observed for kidney transplant
patients, especially when using a 0.1, 1 and 9 hour LSS. However, as
mentioned in the Methods section, the actual iohexol plasma concen-
tration dataset for these patients is limited to 0-6 hours and concen-
tration at 9 hours has been extrapolated using the popPK model,
making the strong assumption that the 9 hour concentration was the
true iohexol concentration. Moreover, the reference CL has been esti-
mated using these extrapolated concentrations. Consequently, the
three-point GFR estimates compared to reference are likely to be
overoptimistic and this is a major shortcoming of this study. The per-
formances obtained have to be confirmed in further studies including
a sample at 9 hours.

Using four plasma samples per patient at 10, 30, 120 and
240 (or 300) minutes after the injection of iohexol, Ng et al. reported
two phases ("fast area” and "slow area") in the kinetics of iohexol in
527 HIV seropositive men and 514 children with chronic renal dis-
ease. The use of early time points (0.1 and 1 h) is important to accu-
rately estimate iohexol Cpay, given the large spread of the data. This
spread can probably be partly explained by the uncertainty in the
6 minute sampling time and the very rapid decrease in plasma concen-
trations following intravenous injection corresponding to a fast distri-
bution. This illustrates the need for precise and accurate information
about sampling times.

Model concentration estimates deviated from measured concen-
trations at the lower end of the concentration range. Late samples,
mainly the points at Tqg, and Topan, Often showed concentrations
below the analytical limit of quantitation (LOQ). However, these sam-
ples provide information on the last phase of iohexol elimination,
which led us to keep the first value below the LOQ (if any) for each

CL all pts vs CL 3 pts
RMSE validation (%)

Percentage of patients with a
bias out of the + 20% interval

74 35.6 29.5
39 198 159
3.7 14.3 13.9
3.0 17.0 20
45 45 0.0
12.1 30.2 14.3
16 36.8 66.7
63 39.2 27.2
0.7 0.7 0.0
4.7 174 133
38 147 20.0
3.6 229 18.2
33 34 0.0
1.0 58 0.0
8.6 10.5 16.7
3.7 18.8 222

patient. Anyway, plasma iohexol concentrations near the LOQ had a
higher CV than higher values (Figure S3 in the Supporting Informa-
tion), and this is clearly a limitation of this study. We can raise two
hypotheses about this deviation: (i) the analytical method (HPLC with
ultraviolet detection) used at that time had limited sensitivity and we
have since developed a tandem-mass spectrometry technique with
10-fold better sensitivity®®; or (ii) a third compartment exists for
iohexol in these patients. The AIC was lower for the 2cp which is in
favour of the LOQ hypothesis.

However, we observed that even if the low concentrations, near
or below the LOQ, were poorly estimated with the two-compartment
model, the effect on GFR estimation was negligible.

The comparison with the BM formula that uses samples in the sec-
ond slope and correction for the first slope require an additional sam-
ple and showed worse performance in comparison to our MAP-BE.
However, due to the low number of samples available within the sec-
ond slope, this estimation could not be performed in the ICU patients.

GFR measurement based on serum creatinine is highly unreliable
in intensive care patients, due to the delay between GFR and creati-
nine variations.” In our patients, iohexol clearance was measured
using a 24-hour sampling schedule, delivering the mean GFR over
24 hours, encompassing all GFR variations (whether physiological,
pathological—in unstable patients—or therapeutic) during this period.
Nevertheless, in a previous work, Salmon-Gandonniere et al. demon-
strated that the plasma iohexol concentration decay was steady
within 24 hours in most patients and the fluid infusion volume or the
use of catecholamines did not influence the iohexol pharmacokinetic
parameters.'® They also compared iohexol clearance calculated over

24 hours and over 6 hours and found that the variability of iohexol
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FIGURE 3 Bland-;Altman of clearance obtained using MAP-BE from all samples versus 3 samples split by type of patients in the validation

dataset

clearance over 24 hours was moderate (from 5 to 55%), suggesting
that aggressive therapeutic interventions in the early period of ICU
hospitalisation were not accompanied by parallel and rapid fluctua-
tions of GFR. As a comparison, the coefficient of variation of creati-
nine clearance in healthy individuals can be as high as 35-45%, due to
variability in both creatinine production and creatinine excretion.'”

In conclusion, we developed a popPK model and Bayesian estima-
tor able to estimate GFR in stable or unstable intensive care patients,
liver failure patients and kidney transplant patients. Performance is
accurate in renal transplant patients while the model slightly overesti-
mates in stable ICU patients and exhibits the largest imprecision in
unstable ICU patients. In liver failure patients, the performance has to
be further evaluated.
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Supplemental method: GFR calculation using Bréchner-Mortensen formula

A linear model was applied to the 4 concentration times values for each patient to calculate
the AUC using intercept and log-slope.

AUC = exp(intercept)/- log - slope CL = Dose/AUC
ClBM Formula =0.990778 x CL - 0.001218 x CL
BSA=0.007184 x Height®7? x Weight®4%5

DFG =ClBM Formula x 1.73/BSA
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11.3. A hybrid model associating population pharmacokinetic and machine learning: a

case study with iohexol clearance estimation
Article publié dans Clinical Pharmacokinetics

Il existe de nombreux modéles de POPPK et algorithmes de Machine Learning
permettant d’estimer un ou des parameétre PK d’intérét. Toutefois, la combinaison de ces 2
approches est assez récente et est decrite la premiére fois par Hughes et al. [101] puis par Tang
et al. [100]. Le premier modéle hybride permet de choisir, ou non, des priors aplatis dans
I’estimation Bayésienne (C’est-a-dire de diminuer 1’importance de 1’information a priori au
profit de I’observation individuelle). Le second, réestime la clairance d’antibiotiques dans une
population pédiatrique a partir de la clairance estimée par le modele POPPK et des covariables

du modele.

Notre étude a pour objectif d’améliorer les estimations de la clairance de I’iohexol. Pour
cela, au contraire de Tang et al. [100], nous avons estimé I’erreur entre la clairance obtenue a
partir de tous les points de la cinétique et la clairance obtenue a partir du MAP-BE basé sur une
LSS a 3 points sur des profils simulés a partir du modele de POPPK développé précédemment
[108]. Pour entrainer 1’algorithme, 29 variables ont été fournies au total. Ces variables sont
notamment composees des paramétres PK estimés a partir du MAP-BE, des concentrations
observées et prédites par le MAP-BE, des covariables des profils simulés ainsi que des
covariables informatives crées et basées sur notre connaissance expert (la création de ces
covariables ainsi que les étapes de transformation des covariables comme la normalisation, le

one hot encoding est appelée « features engineering »).

Les résultats obtenus grace a ce modéle hybride sont assez prometteurs avec seulement 5,6%
des patients ayant un biais relatif de plus de 20% entre la clairance de référence et la clairance
corrigée (versus MAP-BE = 13,9%) ainsi qu’un biais moyen et une imprécision diminués

d’environ 30%, toutes les 2 par rapport au MAP-BE utilisé seul.

Dans ce travail, nous avons comparé différents types d’algorithmes (GLMnet et
Xgboost). Les résultats obtenus avec ces 2 algorithmes sont similaires. Toutefois, GLMnet
semble corriger I’imprécision ainsi que le pourcentage de profils avec une erreur absolue de

plus de 20% de maniére plus importante que 1’algorithme Xgboost.

L’amélioration des performances par notre algorithme hybride est principalement liée a
la correction de 1’eta-shrinkage présent dans le MAP-BE. Nous avons comparé notre méthode
a celle proposée par Baklouti et al. [109] ayant pour but la correction du shrinkage du MAP-
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BE. La correction de 1’eta-shrinkage obtenue est similaire a la méthode proposée dans ’article
de Baklouti et al. [109].

En complément de cette étude, cette méthodologie a été testée sur des MAP-BES basés
sur des LSS différentes en faisant varier le nombre de points. Une stratégie a 1 point augmentant
le shrinkage puis une stratégie a 6 points diminuant le shrinkage ont été testées. Quelle que soit
la LSS utilisée (fortement ou faiblement shrinkée), les modéles hybrides permettent d’améliorer
les estimations de la clairance par rapport a 1’estimation par le MAP-BE (supplemental data 2
de I’article, ci-dessous). En revanche, a contrario de la LSS basée sur 3 point publiée dans notre
article, nous observons que le modele hybride basé sur I’algorithme Xgboost possede de
meilleures performances que celui basé sur 1’algorithme GLMnet. Ce dernier point pourrait

mettre en lumiére que le probléme étudié n’est peut-étre pas linéaire.
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Abstract

Background Maximum a posteriori Bayesian estimation (MAP-BE) based on a limited sampling strategy and a population
pharmacokinetic model is frequently used to estimate pharmacokinetic parameters in individuals, however with some uncer-
tainty (bias). Recent works have shown that the performance in individual estimation or pharmacokinetic parameters can
be improved by combining population pharmacokinetic and machine learning algorithms. Objective: The objective of this
work was to investigate the use of a hybrid machine learning/population pharmacokinetic approach to improve individual
iohexol clearance estimation.

Methods The reference iohexol clearance values were derived from 500 simulated profiles (samples collected between
0.1 and 24.7 h) using a population pharmacokinetic model we recently developed in Monolix and obtained using all the
concentration timepoints available. Xgboost and glmnet algorithms able to predict the error of MAP-BE clearance estimates
based on a limited sampling strategy (0.1 h, 1 h, and 9 h) versus reference values were developed in a training subset (75%)
and were evaluated in a testing subset (25%) and in 36 real patients.

Results The MAP-BE limited sampling strategy estimated clearance was corrected by the machine learning predicted error
leading to a decrease in root mean squared error by 29% and 24%, and in the percentage of profiles with the mean prediction
error out of the +20% bias by 60% and 40% in the external validation dataset for the glmnet and Xgboost machine learning
algorithms, respectively. These results were attributable to a decrease in the eta-shrinkage (shrinkage for a MAP-BE limited
sampling strategy = 32.4%, glmnet = 18.2%, and Xgboost = 19.4% in the external dataset).

Conclusions In conclusion, this hybrid algorithm represents a significant improvement in comparison to MAP-BE estima-
tion alone.

1 Introduction
Key Points

In addition to standard therapeutic drug monitoring, popula- - ) ) » :

tion pharmacokinetic (POPPK) modeling helps to individual- This s.tu.dy 1nveslt1gated the abl%lty. ofa h){brld n}ode.l

ize the dose of drugs characterized by a large inter-individual associating maximum a posteriori Bayesian estimation
population pharmacokinetics with machine learning to

variability and a narrow therapeutic index [1, 2]. Indeed, k 1 PR i e
maximum a posteriori Bayesian estimation (MAP-BE) based improve individual iohexol clearance estimation.

on prior and observed information, often based on a limited The hybrid models developed decreased by about 30%
sampling strategy and some covariates, can estimate indi- the mean prediction error and root mean squared error
vidual pharmacokinetic (PK) parameters (e.g., distribution in comparison to the maximum a posteriori Bayesian

volume, clearance [CL]) and/or exposure indices (e.g., area estimation alone.

This hybrid approach could be generalized for drugs
with complex pharmacokinetics and characterized by a
large error when using maximum a posteriori Bayesian
estimation for individual predictions.
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under the concentration—time curve) and help to derive a dose
adjustment proposal. Machine-learning (ML) approaches
have also recently been proposed to estimate drug exposure
[3, 4]. Each approach has drawbacks: ML seems to be more
accurate than a POPPK model but less flexible (for instance,
with respect to sampling times), and it cannot be used to draw
simulations. Recent studies proposed the combined use of a
POPPK model and ML in order to choose the best POPPK
structural model [5], select pertinent covariates [6], improve
antibiotic CL estimation on top of POPPK estimation with
covariates [7], or to select patients in whom it would be better
to use flat priors than conventional MAP-BE for vancomycin
[8]. Indeed, MAP-BE can suffer from a systematic deviation
called shrinkage and requires the use of flat priors to correct
this problem [9]. In this latter example, the ML algorithm
mainly learned from the error between observations and pre-
dictions to solve a binary problem with or without the use
of flattened priors. Similarly, we hypothesize that based on
features, ML can learn how to decrease the error (in a regres-
sion problem) resulting from a POPPK model and MAP-BE
based on a limited sampling strategy (LSS). The estimation
of the glomerular filtration rate using iohexol CL could be
a good case study: several POPPK models [10-14] and one
ML algorithm [15] have been developed to estimate iohexol
plasma CL based on LSSs. We recently published a POPPK
model for iohexol CL estimation (in intensive care unit [[CU]
patients and patients with liver failure or undergoing a kidney
transplant) [16], the results of which are very accurate in
patients undergoing a kidney transplant, but partially biased
in stable ICU patients and slightly imprecise in unstable ICU
patients. We made the hypothesis that such bias and impre-
cision could be decreased by the combination of ML and
POPPK approaches. The aim of this work was to investigate
the use of ML to predict the error in individual estimations
resulting from MAP-BE based on a LSS (MAP-BE LSS) and
on a POPPK model, to improve the individual estimation of
iohexol CL and glomerular filtration rate (GFR).

2 Material and Methods
2.1 Population Pharmacokinetics
2.1.1 Data Simulation

The population parameters and relevant covariates of our
recent published POPPK model [16] were used to simulate
500 patients with 250 concentration samples between 0.1 and
24.7 hours with Simulx [17]. Briefly, it consisted of a 2cp
model with combined (proportional and additive) residual
error and included the following: bodyweight, type of patient
(stable or unstable ICU, kidney transplant, and liver failure)
as covariates on the central volume; and serum creatinine

A\ Adis

and type of patient on CL. A dose of 3235 mg, generally
administered in this indication, was used for the simulations.
Some filters were applied to extreme values of the simulated
PK parameters (central volume, CL, and transfer constant of
central to peripheric volume) so as to restrict the range to that
of the original publication (exclusion of 1% extreme percen-
tiles). It is noteworthy that all simulated transfer constants
of peripheric to central volume values were already in this
range. The CL parameter obtained for each simulated patient
by application of MAP-BE to the 250 simulated samples was
considered to be the reference (refCL).

2.1.2 Estimation of the Differences between refCL
and MAP-BE LSS CL

The concentrations at 0.1, 1, and 9 h (LSS selected in the
original article) were extracted from the simulated concen-
trations and the MAP-BE LSS CL was calculated. The raw
error between the refCL and MAP-BE LSS CL was calcu-
lated using the following formula:

Error = refCL — MAPBELSSCL.

Then, ML algorithms were trained to predict this error
and to correct the MAP-BE LSS CL. The improvement of
the iohexol CL prediction (mean prediction error [MPE] and
root mean squared error [RMSE]) was evaluated.

2.2 ML Approaches
2.2.1 Preparation of the Data and Feature Engineering

Simulations were split into training (75%) and testing (25%)
datasets and concentrations at 0.1, 1, and 9 h, covariates,
and estimated PK parameters based on MAP-BE LSS were
extracted. Feature engineering was applied by calculating:
(i) the differences among the observed concentrations [OC]
(0C0.1-0C1, 0C0.1-0C9, and OC1-0C9); (ii) the ratios
among the OC (OC1/0C0.1, 0C9/0C0.1, and C9/C1);
(iii) the relative ratios among the OC (0C0.1-OC1)/0Cl,
0C0.1-0C9/0C9, and OC1-0CY/0OC9); (iv) the differences
between observed and MAP-BE LSS estimated concentra-
tions (EC) at each timepoint (OC0.1-EC0.1, OC1-EC1,
OC9-ECY); and (v) the ratios between observed and MAP-
BE LSS EC (OC0.1/EC0.1, OC1/EC1, OC9/EC9). Finally,
a total of 29 features (PK parameters estimated by MAP-BE
LSS and simulated covariates) were available for the devel-
opment of the ML algorithm.

2.2.2 ML Analysis
Algorithms to predict errors between refCL and the MAP-

BE LSS CL were developed using the Tidymodels frame-
work in R [18] and two types of algorithms in parallel:

Alexandre Destere | Thése de doctorat | Université de Limoges | 2022
Licence CC BY-NC-ND 3.0

72




A Hybrid Model Associating Population Pharmacokinetics with Machine Learning

Xgboost [19] and penalized generalized linear regression
(glmnet) [20]. A ten-fold cross-validation was applied to
the training set to tune the hyperparameters and evaluate the
model performances (based on the r%). The algorithm pre-
dicted error was then added to the MAP-BE LSS to obtain
the corrected CL (corCLr), as follows:

corCL = MAPBELSSCL + algorithm predicted error.

Finally, the performances of iohexol CL prediction with
this hybrid model in the training dataset (using ten-fold cross-
validation) and the testing dataset were evaluated by calculat-
ing the relative MPE%, the relative RMSE%, and the percent-
age of profiles with MPE% out of the +20% interval between
the corCl and refCL. Variable importance plots were drawn
to evaluate the most important features in each algorithm.

2.2.3 External Validation

The performance of the two ML algorithms to correct the
MAP-BE LSS CL were evaluated in 36 real patients of the
independent validation dataset [16]. They were the same
patients as those in the original article but not used in the
development of the POPPK model. The study was conducted
in accordance with ethical principles in the Declaration of
Helsinki. All patients received verbal and written informa-
tion and signed an informed consent before entering the
study. Plots of the unexplained error of estimated iohexol
CL obtained using MAP-BE LSS and the hybrid model in
the testing and external datasets were drawn to show the
improvements made by the latter.

2.2.4 Evaluation of the Shrinkage

The # shrinkage implication in the hybrid model correc-
tion was evaluated and compared to the recently published
approach in Baklouti et al. [9] based on locally estimated
scatterplot smoothing (LOESS).

The shrinkage of MAP-BE LSS, hybrid models, and
LOESS was estimated in training, testing, and external data-
sets based on the formula used in Monolix [21]:

var(yCLx)

O

Shrinkage =1 —

)

where x is the method used, 7 CL, is the random effect of
the parameter, and w’CL is the variance of the parameter
estimate.

The random-effects correction improvement (1) for each
correction method was measured using the formula proposed
in Baklouti et al. [9]:

¥ [1c1-nct)?
X [”Cl - ”CIMAPBELSS]Z’

Overall Improvement = 1 —

where x is the hybrid model or LOESS.

3 Results
3.1 Simulated Data

After excluding the 1% extreme percentiles of CL, central
volume, and transfer constant of central to peripheric vol-
ume, 468 (out of the 500) simulated profiles from 250 sam-
ples remained. A summary of the features used as predictors
in the ML algorithms is presented in Table 1. This consisted
of MAP-BE estimated individual PK parameters, OCs, ECs,
simulated covariates, and the 15 newly created features. No
statistical difference was observed between the features used
in the training and testing datasets. The distribution of MAP-
BE LSS CL, and of the error between refCL and MAP-BE
LSS CL are presented in Fig. 1. Glmnet and Xgboost pre-
dicted the error with /2 + standard deviation = 0.66 + 0.03
and 0.64 + 0.03 in the training set, and /> = 0.94 + 0.07 and
0.70 + 0.05 in the testing set, respectively. The performances
of each hybrid algorithm (corCL) to correct the MAP-BE
LSS CL are presented in Table 2. The variable importance
plots of the two ML algorithms are also presented in Fig. 2.
They showed that the ratio between OC and EC at 9 h that
corresponds to the ratio between the concentration observed
at9 hours and that predicted by the MAP-BE LSS was found
by both ML algorithms as very important, while other varia-
bles were selected only for one or another method. The unex-
plained errors between the MAP-BE LSS and the hybrid
model with either Xgboost or glmnet in the testing set are
presented in Fig. 3A, B.

3.2 Performance to Correct the MAP-BE LSS CL
in Actual Data

The performances of MAP-BE LSS and the hybrid algo-
rithms with either glmnet or Xgboost to predict the refCL in
the external datasets are presented in Table 2, and the plot of
the corresponding unexplained errors in Fig. 3C, D. What-
ever the hybrid model chosen, the performance to predict
refCL was better than MAP-BE LSS.

3.3 Evaluation of the Shrinkage
and the Improvement of Prediction
of Individual Random Effects (1) in Training,
Testing, and External Datasets

The shrinkage of the MAP-BE, hybrid models (Xgboost
and glmnet), and LOESS method is presented in Table 3.
The shrinkage obtained with the Xgboost hybrid model
was similar to the one obtained with the LOESS method
while the one obtained with the glmnet hybrid model was
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Table 1 Characteristics of the
simulated profiles in the training
and testing subsets

Overall Training Testing Student
test p
value
n 468 351 117

0C0.1, mean (SD)
ECO0.1, mean (SD)

OCl1, mean (SD)

EC1, mean (SD)

0C9, mean (SD)

EC9, mean (SD)
MAP-BE CL, mean (SD)
MAP-BE V1, mean (SD)
MAP-BE k12, mean (SD)
MAP-BE k21, mean (SD)
Serum creatinine, mean (SD)
Weight, mean (SD)

Type of patients, n (%)
Liver failure

Unstable ICU

Stable ICU

Kidney transplant

0C0.1-0Cl1 difference, mean (SD)
0C0.1-0C9 difference, mean (SD)

0OC1-0C9 difference, mean (SD)
0C0.1/0CI ratio, mean (SD)
0C0.1/0C9 ratio, mean (SD)
OC1/0C9 ratio, mean (SD)

373.56 (147.12) 375.03 (145.61) 369.13 (152.09) 0.707
373.05 (144.96) 374.43 (143.36) 368.91 (150.20) 0.722
164.28 (64.33)  163.59 (62.41)  166.34 (70.03)  0.69

163.56 (62.73)  162.92(60.95) 16547 (68.04)  0.704
5224 (37.52)  52.66(37.53) 5096 (37.61)  0.671
5191 (36.88)  52.34(36.89)  50.64(36.97)  0.666
298 (1.84) 2.97(1.88) 299 (1.72) 0.927
8.54 (4.07) 8.44 (3.94) 8.85 (4.43) 0341
1.64 (0.89) 165 (0.87) 1.60 (0.93) 0.595
125 (0.51) 1.24(0.45) 1.27 (0.64) 0518
13207 (76.43)  13122(7543)  134.65(79.63)  0.675
7743(19.83)  77.63(19.95)  76.85(19.54) 0714
0.801
247 17 (4.8) 5(43)
235 (50.2) 180 (51.3) 55 (47.0)
56 (12.0) 42(12.0) 14 (12.0)
155 (33.1) 112(31.9) 43 (36.8)

209.28 (107.64) 211.44(107.26) 202.79 (108.99) 0.452
321.32(140.39) 322.37(138.94) 318.17(145.22) 0.78

0C0.1/0C1 relative ratio, mean (SD)
0C0.1/0C9 relative ratio, mean (SD)
0OC1/0C9 relative ratio, mean (SD)

0C0.1-EP0.1 difference, mean (SD)
0C0.1-EP0.1 difference, mean (SD)
0C0.1-EP0.1 difference, mean (SD)

0C0.1-EP0.1 ratio, mean (SD)
OCI1/ECI ratio, mean (SD)
OCY/EC9 ratio, mean (SD)

112,04 (55.13) 11093 (52.96) 11538 (61.31) 045

2.35 (0.69) 2.37 (0.69) 229 (0.68) 0.291
1807 41.65)  17.13(35.73)  20.90(55.85)  0.397
665(11.84)  640(1072)  7.38(1475) 0441
135 (0.69) 137 (0.69) 129 (0.68) 0.291
170741.65)  1613(35.73)  19.90(55.85)  0.397
565(11.84)  540(1072)  638(1475) 0441
0.51 (3.64) 0.60 (3.60) 022 (3.74) 033

0.72 (2.87) 0.68 (2.69) 0.87 (3.37) 0.526
0.33 (1.29) 033 (1.28) 032 (1.34) 0976
1.00 (0.0.1) 1.00 (0.0.1) 1.00 (0.0.1) 0.297
1.00 (0.02) 1.00 (0.02) 1.00 (0.02) 0921
0.99 (0.07) 0.99 (0.07) 0.99 0.07) 0.833

CL clearance, ECx estimated concentrations at x hours, /CU intensive care unti, k/2 transfer constant of
central to peripheric volume, k21 transfer constant of peripheric to central volume, OCx observed concen-
trations at x hours, SD standard deviation, V/ central volume

decreased. Regarding the improvement of prediction of ran-
dom effects () in the training and testing datasets, glmnet
obtained the best results (33.6% and 82.5%) in compari-
son to Xgboost (33.8% and 4.2%) and the LOESS method
(17.3% and —12.9). Similar results were observed in the
external dataset as the glmnet had the highest improvement
(45.5%) compared with the Xgboost hybrid model (33.4%)
and the LOESS method (20.1%). The performances in terms
of RMSE and MPE or profiles outside the +20% interval
were still better for both ML approaches in comparison to
the LOESS method in the training, testing, and external
datasets.

A\ Adis

4 Discussion and Conclusions

In this study, we developed a hybrid model that associates
MAP-BE LSS backed on a POPPK model on the one hand
with a ML algorithm on the other hand, to improve the per-
formance of individual estimation of iohexol plasma CL
mainly by correcting the shrinkage. We observed a decrease
in MPE%, RMSE%, and the percentage of profiles out of the
+20% MPE interval with the hybrid models vs MAP-BE
LSS alone. The advantage of this approach is that the use
of a hybrid model allows interpretability of the predictions
to be conserved contrary to ML algorithms alone, while
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Distribution MAP-BE LSS CL

count

0 50

Distribution of difference between reference CL and MAP-BE LSS CL
150

count

100 150

MAP-BE LSS CL

0
Error of MAP-BE LSS CL

Fig.1 Histogram of maximum a posteriori Bayesian estimation (MAP-BE) of iohexol plasma clearance (CL) based on the 0.1-h, 1-h, and 9-h
limited sampling strategy and difference (error) between the reference CL and MAP-BE CL in the simulated dataset

benefiting from the powerful data-driven reduction in error
brought by ML.

The glmnet algorithm yielded the best results in terms of
the percentage of estimations out of the +20% bias interval,
while the imprecision was almost similar to the Xgboost and
this latter had a lower mean bias. That led us to select the
penalized glmnet because of the lower percentage of profiles
out of the +20% bias interval.

The performance of refCL estimation was highly
improved when using the hybrid models with about a 30%
decrease in MPE% and RMSE% in the external dataset
in comparison to the standard MAP-BE approach. The
shrinkage observed after correction in the external dataset,
whatever the methods used (LOESS recently developed by
Baklouti et al. [9] [23%], the glmnet hybrid model [18.2%],
or the Xgboost hybrid model [19.4%]), was improved in
comparison to the MAP-BE approach (Table 3). However,
although the decrease in shrinkage is similar between the
methods, the overall improvement and the performances
in terms of individual predictions (MPE, RMSE, and per-
centage of bias out of the +20% interval) were higher with
the hybrid models in comparison to LOESS. The shrinkage
and improvement evaluate different aspects: the first evalu-
ates the spread of the estimated parameter while the second
evaluates the precision of the random effect of the parameter
estimation in comparison to that of the MAP-BE. Finally, the
MPE and RMSE evaluated the performance of the prediction
in the PK parameter itself.

Performance improvement with hybrid ML and POPPK
algorithms has previously been reported by other studies.
Hughes and Keizer developed a hybrid model to choose

whether flat priors must be applied for MAP-BE and they
observed a decrease in RMSE of 12-22% (5-18% for the
two-feature ML algorithm) vs MAP-BE alone. Tang et al.
recently developed an extra tree regressor to predict an indi-
vidual CL based on individual covariates and MAP-BE CL
predicted by POPPK models and individual concentrations
for six antibiotics. They found a mean decrease in mean
residual error up to 71.3% in comparison to POPPK alone.
This work has similarities to the present study. However, the
authors directly predicted the CL using the ML approach
but not the error and they did not include the other post-hoc
PK parameters in the predictors (except CL) and no feature
engineering was performed [7]. We chose on the contrary
to predict the error between refCL and MAP-BE LSS CL
estimates because it provides direct access to the amount
of correction brought by the ML algorithm. Additionally,
feature engineering allowed an improvement in prediction as
highlighted by the VIP plot that shows that the OC/EC ratio
of 9 hours has a strong importance in error prediction what-
ever the ML algorithm used. As the algorithms are different
(glmnet is derived from regression and Xgboost from boost-
ing), this explains why the features selected are varied. The
ratio between OC and EC at 9 hours between the observed
concentration and that predicted by the POPPK model pro-
vides useful information about the difference between the
true and estimated CL.

Shrinkage is intrinsically linked to MAP-BE based on
LSS. The level of shrinkage depends on the amount of
individual information provided. We wanted to determine
whether the hybrid approach corrects for low shrinkage
and increases the estimation accuracy for different LSS
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scenarios. We evaluated this by simulating different LSSs
(one and six samples) and evaluating their performances. We
observed that LOESS, Xgboost, or glmnet hybrid models
still decreased the shrinkage and improved the individual
predictions in comparison to MAP-BE, even if only to a
smaller extent (Electronic Supplementary Material).

The benefit of applying such a ML approach to real data
would allow learning from features that were not present
during model building or that are more complex to imple-
ment in a POPPK context, or a systemic bias in a clinical
setting that simulations did not allow. However, this is very
rarely possible because of the limited number of data avail-
able in PK studies.

Interestingly, we observed in the testing dataset, but not
in real patients, that the corrections tend to be the highest
for small values of iohexol CL that are also characterized
by a large bias when using MAP-BE alone (Fig. 3). These
values are the most critical in routine care as they are used
to characterize renal failure severity categories and, when
needed, to trigger the renal replacement procedure. The
highest errors, even after corrections, were observed in the
testing set and in real patients for the hyper-CL, which in
contrast are less critical in routine care. In this study, only
the MAP-BE LSS CL was corrected by predicting the error
between refCL and MAP-BE LSS. The correction was only
applied to the iohexol CL as it is the surrogate for the GFR
estimate. We agree that the correction of only one param-
eter leads to a change in the relationship with the other PK
parameters as they are estimated simultaneously in a patient.
However, the corrected parameter is not re-implemented in
the POPPK model or used to perform simulations but only
used in this case to estimate the GFR or more generally to
calculate the area under the concentration-time curve of a
drug using the dose/CL formula. The simultaneous correc-
tion of every PK parameter would require the use of deep
learning approaches, allowing work on a vector of param-
eters, but is not suited in the present case given the amount
of available data. This deserves further investigation.

We chose to use the POPPK model that we recently devel-
oped for the same dataset [16] instead of models already
published, for many reasons. First, we had the full structure
including the PK parameter correlation matrix, allowing
more precise simulations. Second, this model fits diverse
target populations including ICU patients, patients with liver
failure, and patients undergoing a kidney transplant.

To improve the reliability of simulations, we chose to fil-
ter out the extreme values (one percentile) of the PK param-
eters, i.e., those that were distributed out of the original
range [16]. We observed an improvement in performance in
comparison to the hybrid algorithm developed when keeping
all the PK parameter values (data not shown). Probably, the
amount of data to be filtered out depends on the quality of
the initial POPPK model and should be adjusted accordingly.
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Table 3 Shrinkage evaluation for machine learning algorithms and
the method described in Baklouti et al. [9] in comparison with MAP-
BELSS

Training Testing External
MAP-BE LSS 17.6 321 324
Hybrid model Xgboost 7.1 254 19.4
Hybrid model glmnet -24 26.7 18.2
LOESS method [9] 6.7 229 23.0

LOESS locally estimated scatterplot smoothing, MAP-BE LSS maxi-
mum a posteriori Bayesian estimator based on a limited sampling
strategy

In our case, the simulated CL range was between 3.9 and
183.4 mL/min, which is enough to cover most of the GFR
values observed in routine care.

From a practical point of view, these hybrid models
can be implemented in dedicated computer or mobile apps
(including MAP-BE and ML residue correction) to be used
in routine practice. The overall procedure and code of the
method developed here are shown in the ESM.

In the present study, we selected an accurate POPPK
model to simulate PK profiles from which the ML algo-
rithms could learn. A biased model would have led to the
development of a biased hybrid model, hence poor gen-
eralizability and poor performance in independent data-
sets, which was obviously not the case here. Finally, this
approach seems promising and needs to be investigated
for other drugs with POPPK models with a large residual
error (e.g., mycophenolic acid, characterized by complex
pharmacokinetics) [22]. It is of note that the performances
of forecasting concentrations into future occasions was not
evaluated in this study as iohexol is administered only once.
The ability of such an approach to forecast future occasions
needs to be investigated in further studies. In this case, the
intra-individual variability will have to be learnt in addition
to the inter-individual variability, which is quite complicated
based on simulations.

In conclusion, we developed a hybrid model associ-
ating MAP-BE that relies on a POPPK model with ML
algorithms, yielding an improved estimation of individual
iohexol plasma CL mainly owing to the decrease of  shrink-
age of MAP-BE based on the LSS. The results obtained
with this hybrid algorithm show a strong improvement in
comparison toh MAP-BE alone and a good improvement in
comparison to a recently published approach that deshrinks
individual random effects [9].

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s40262-022-01138-x.
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VI

VII.

Supplemental data 1: Methodology for the development of a hybrid model.

Preparation of global dataset

Development and validation of population pharmacokinetic (POPPK) model and
Maximum a posteriori Bayesian estimator (MAP-BE) based on limited sampling
strategy (LSS)

Simulation of n profiles with x samples (x must be large enough to be used as a
reference)

Importation of simulated profiles in R software

Extract in each profile the samples times defined in the LSS and estimate the PK
parameters with MAP-BE

Importation of results obtained to each profile with MAP-BE in R software
Creation of global dataset with parameters PK reference of interest, MAP-BE LSS
PK parameters, simulated covariates, simulated concentrations, predicted MAP-
BE LSS concentrations.

Setting up of features engineering in global dataset

Development of Machine Learning

R code

i Data splitting

set.seed(1234)

base_split_pro <- initial_split(base_sim, prop = 0.75)

base_ml_train_pro <- training(base_split_pro)
base_ml_test_pro <- testing(base_split_pro)

#it# Preprocessing

base_ml_rec_pro <- recipe(outcome™ ., data = base_ml_train_pro) %>%
step_dummy(ETUDE) %>% ##factorized the nominal variables
step_normalize(all_numeric_predictors()) ## normalized the numerical variables

base_prep_recipe_pro <- prep(base_ml_rec_pro)
base_train_recipe_pro <- juice(base_prep_recipe_pro)
base_test_recipe_pro <- bake (base_prep_recipe_pro, new_data = base_ml_test_pro)

# definition of used model and hyperparameters to tune
xgb_spec <- boost_tree(mode = "regression",

mtry = tune(),
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tree.dipth.= tunel),
learn..rate. = tune() %>% set. enging("xgboost;)

## Creation of workflow, add of recipe and model
xgb.w_pre,<- workflow() %>%

add. recipe(base.ml.rec.pro) %>%

add. medel(xeb_spec)

#Tuning of hyperparameters
setisged(345)
108, X8b. e <- tune. 8rid(
X80 IR
resamples = base_folds_pro,

grid = 30,

control= ctrl_grid.
)

#Ht Visualisation of results plot as function of rmse and rsq
autoplot(tune xgb_pro, metric = c("rmse","rsq"), scientific = FALSE) +
ggtitle("tuning hyperparameter")

###Choice of best model
best..rmse. XgR.pIQ <- selgct. best{tune. xgb pre, "imse’)
best.rsq.X8bR1Q <- select, besttune xgb prg, "regl)

it Finalization of model with the best hyperparameters
final xgR.pro<- finalize medell

X8b..5Reg.

best.rmse. xgb.prQ,
)

#iH# Creation of Variables Importance Plot

fingl ygh.pre %>%
set_engine("xgboost", importance = "permutation") %>%
fitloutcome~ .,
data = juice(base, prep..recipe. pro)
)%>%
V. _V [g&gm= llcolll]
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it Finalization of workflow

final . xgb._pro.<- workflow() %>%
add. recipe(bass. mlres.Rre) %>%
add. medel(final xgb. pro)

it Resamples

set,seed(456)

folds. oro < viold. cv(base, mltrain. proltiear défaus 10 fois
setseed(123)

it Fit with resampled training dataset
xgb_rs.re <-fit_resamples(object = final_wf_xgh.pro, resamples =folds_pro, control =
consrol. resamples(verbose=T, save_pred =T))

### Obtain the predicted cutcomes

pred. obs xgh..pro <- xgb.rs..Rre %>% collect. predictions()

H#itHfit workflow

fit.workflow <-fitlfinal wf. xgb.pre. base.ml.irain pre)
#it Save fitworkflow.

saveRDS(fit_warkflow, file = "test_xgboost_sim_101220.rds")

### Prediction in testing dataset

predict(fit_workflow.base. ml.test.pro)
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Supplemental data 2: Performance of the different models to predict refCL in comparison of
MAP-BE based on different LSS in the training dataset.

1 sample (9h) 6 samples
MAP-BE Hybrid Hybrid | MAP- Hybrid Hybrid
LSS LOESS | model model BE LOESS model model
Xgboost | GLMnet | LSS Xgboost | glmnet
MPE% -5.7 -14 -1.8 -1.2 09 0.1 0 0.3
RMSE% 18.2 16.6 124 17.5 36 33 0.8 1.7
Profiles out of
the 20% 16.7 12.4 84 13.1 03 03 0 0
interval (%)
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11.4. A hybrid algorithm combining population pharmacokinetic and machine learning
for isavuconazole exposure prediction

Article en cours de reviewing dans Clinical Pharmacokinetics

Dans I’article précédemment présenté, une nouvelle approche hybride permettant d’associer un
algorithme de machine learning corrigeant les prédictions réalisées par le modéle de POPPK a
été proposee. Afin de confirmer et valider la méthodologie d’une telle approche, un autre cas
d’étude avec le développement d’un modeéle hybride pour estimer 1’exposition a
I’isavuconazole a été choisi.

Les objectifs de ce travail étaient (i) de créer un outil précis d’estimation de 1’exposition a
I’isavuconazole dans le but de maximiser les chances de succés thérapeutiques chez des patients
transplantés rénaux, (ii) de confirmer la méthodologie proposée préalablement, (iii) de
confirmer la source d’amélioration des prédictions.

Pour entrainer 1’algorithme de machine learning a corriger les prédictions de la CL du MAP-
BE a partir d’un seul prélévement et a fortiori de I’AUC (AUC = Dose/CL), nous avons utilisé
12 variables. Comme dans la précédente étude [83], les parametres PK estimés a partir du MAP-
BE, la concentration résiduelle post-dose observées et prédites par le MAP-BE, les covariables
démographiques simulées ainsi que des covariables informatives nouvellement crées ont été

utilisées dans 1’algorithme de machine learning.

Les résultats obtenus grace a ce modele hybride sont, comme précédemment, assez prometteurs
avec aucun patient ayant un biais relatif de plus de 20% entre la clairance de référence et la
clairance corrigée (versus MAP-BE = 5,6%) ainsi qu’un biais moyen et une imprécision

diminués d’environ 90% et 70%, respectivement dans la base de validation.

Ne disposant pas d’une base de patients avec une cinétique compléte pour établir une base de
validation externe, des cinétiques complétes de patients ont été simulées a partir d’un autre
modéle de la littérature basé sur les essais de phases 1 et 3 de I’isavuconazole [110].
L’utilisation de cette autre modele permet de constituer une base de cinétiques completes
indépendante du modéle ayant servi a entrainer 1’algorithme, nous affranchissant d’un potentiel

surapprentissage.

Les résultats obtenus dans cette base externe permettent de confirmer les améliorations de
prédictions de la CL. Cependant les améliorations sont moins importantes que celles observées
dans la base de validation mais restent tout a fait acceptables avec une diminution de 1’erreur
moyenne et de I’imprécision de 30% et une diminution du nombre de patients ayant un biais

relatif de plus de 20% entre la clairance de référence et la clairance corrigée d’environ 80%.
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Lors de cette étude, la source de I’amélioration de nos prédictions a été confirmé. En effet, une
diminution de 54% et de 58,5% du shrinkage dans la base d’entrainement et de validation

(supplemental plot 1) a été observée.

Les resultats obtenus, avec ce modele hybride pour la prédiction de I’exposition de
I’isavuconazole, permettent de confirmer la précision d’estimation des modéles hybrides
ouvrant la porte a une nouvelle génération de modeles permettant 1’individualisation précise

des posologies sur la base d’un nombre trés limité de prélévements et d’un modéle POPPK.
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Abstract

Objectives

Therapeutic drug monitoring of isavuconazole, a second-generation triazole antifungal agent
is based on post-dose trough plasma or serum concentrations (C24h) by analogy with
voriconazole, whereas it would be more appropriate to use its area under the curve (AUC).
The aim of this study was to develop a hybrid algorithm combining population
pharmacokinetics (POPPK), maximum a posteriori Bayesian estimation (MAP-BE) and machine

learning (ML) to accurately predict isavuconazole clearance.

Methods

A total of 1727 isavuconazole rich PK profiles were simulated using a POPPK model from the
literature, and MAP-BE was used to estimate the clearance based on: (i) the full PK profiles
(refCL); and (ii) C24h only (C24h-CL). Xgboost was trained to correct the error between refCL
and C24h-CL in the training dataset (75%). C24h-CL as well as ML-corrected C24h-CL were
evaluated in a testing dataset (25%) and then in a set of PK profiles simulated using another

published POPPK model.

Results

A strong decrease in mean predictive error (MPE%), imprecision (RMSE%) and the number of
profiles outside +20% MPE% (n-out20%) was observed with the hybrid algorithm (decreased
in MPE% by 95.8% and 85.6%; RMSE% by 69.5% and 69.0%; n-out20% by 97.4% and 100% in
the training and testing sets, respectively. In the external validation set, the hybrid algorithm

decreased MPE% by 30%, RMSE% by 34% and n-out20% by 79.5%.

Conclusion

The hybrid model proposed significantly improved isavuconazole AUC estimation over MAP-

BE based on the sole C24h and may improve dose adjustment.
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Study Highlight
- What question did this study address?

This study evaluated the performances of a hybrid model combining population
pharmacokinetics and machine learning to improve individual isavuconazole clearance
estimation using a single plasmatic concentration.

- What does this study add to our knowledge?

A decreased by about 90% and 70% of the bias and imprecision was observed in comparison
to the MAP-BE alone.

- How might this change drug discovery, development, and/or therapeutics?

The hybrid model developed may spearhead a new generation of tools for MIPD in routine
practice.
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1. Introduction

Isavuconazole (ISA) is a second-generation triazole antifungal agent approved by the
regulatory authorities in several countries. It is indicated for the treatment of invasive fungal
infections such as aspergillosis and mucormycosis [1]. In this indication, it is administered by
intravenous infusion over at least one hour. However, the off-label use of ISA, which has a
proven track record, has increased, e.g. for the treatment of other invasive mycoses (Candida
sp.) [2,3] or as a prophylaxis in high-risk hematology patients [4]. ISA is a substrate and
inhibitor of cytochrome 3A4/3A5 and is subject to numerous drug-drug interactions or drug-
food interactions [5]. It is considered to exhibit stable pharmacokinetics [6,7] and to be equally
effective as, but safer than, other triazole antifungal agents (less hepatotoxicity, neurotoxicity
and cardiac toxicity). However, ISA toxicity was observed in 33% of patients [8]. For ISA
therapeutic drug monitoring, the PK/PD index that has been proposed and studied is the
AUC/minimum inhibitory concentration (MIC) ratio [9—11]. Based on Monte Carlo simulations,
manufacturer dosing recommendations are likely to attain the AUC/MIC target for the
treatment of infections caused by Aspergillus fumigatus (MIC < 0.5 mg/L). However, it only led
to attainment of the targets in less than 20% of cases in infections of Candida albicans and
Candida glabrata with MIC of 0.25 mg/L and 1 mg/L, respectively [12]. In routine practice,
AUC is sometimes difficult to obtain and is often replaced by trough concentrations
(C24h)/MIC. However, since no C24h target has been defined for ISA, it is generally replaced
by that of voriconazole (1-5 mg/L), rendering TDM imprecise. In contrast, there is scientific
evidence to use AUC = 100 h.mg/L as a probabilistic target, in the absence of MIC and an
individual AUC target [13]. ISA population pharmacokinetic (POPPK) models have even been
developed to estimate the probability of target attainment using Monte Carlo simulations
[12-14]. Recently, we developed an innovative strategy to increase the prediction accuracy of
maximum a posteriori Bayesian estimation (MAP-BE) based on POPPK by means of Machine
Learning (ML), and we successfully applied it to plasma iohexol to estimate the glomerular
filtration rate (GFR) [15]. We also recently showed that machine learning algorithms can be
trained on data simulated using a published POPPK model and accurately predict drug

exposure [16]. The aim of this study was to apply the two strategies to ISA AUC estimation,
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through the development of a hybrid model combining MAP-BE and a ML algorithm, using

simulated data as the learning set.

2. Material & Methods

2.1. Population Pharmacokinetic
2.1.1. Data simulation and estimation of clearance using MAP-BE

The population parameters and relevant covariates of the POPPK model developed by Wu et
al. [12] using 471 samples from 79 solid organ transplant patients were used to simulate 2000
rich PK profiles at steady-state for a typical dose of 200 mg once daily administered by
intravenous infusion over one hour. Each profile was made up of 49 concentration-time points
between 0 and 24h (one every 30 minutes) simulated using the ‘mrgsolve’ R package [17]. The
sex ratio was 50/50 and the body mass index (BMI) was simulated based on a truncated
normal distribution using the data of the original article (mean + SD [min to max] = 25.4 + 5.96
[14.6 to 45.2] (as no information was provided in the original article about the correlation
between sex and BMI, the same BMI range was used for both men and women). Briefly, the
model consisted of a 2-compartment model with inter-individual variability on the apparent
clearance (CL) and peripheral volume of distribution (V2), 2 covariates (sex and BMI) and a
proportional residual error. ISA clearance (CL) was almost twice higher in men than in women
and the V2 increased with BMI. Simulations were performed using a shrunken residual error
of 0.1% in order to obtain less noisy profiles [16,18,19]. As previously described, filters were
applied to the simulated PK profiles by removing those with CL and V2 below the 1%t and above

the 99 percentiles, to eliminate extreme outliers.

The MAPBAYR package [20] was then used to estimate the individual PK parameters and
individual concentrations using MAP-BE based on: (i) the simulated full PK profiles to derive
the reference clearance values (refCL) and (ii) the simulated trough concentrations to derive
C24h-CL (the degraded estimates to be corrected using the hybrid strategy). At this step, the
original residual error (20.5%) was used [12]. To avoid aberrant refCL, the simulated full PK

profiles that failed to be processed by MAPBAYR (individual CL = typical CL) were removed.
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2.2.Machine Learning
2.2.1. Preparation of the Data and Feature Engineering
The raw estimation error between refCL and C24h-CL was calculated using the following
formula:

Error = refCL — C24h-CL

This error was considered as the outcome to be predicted by ML (regression problem). The
variables used as predictors were: (i) the PK parameters (CL and V2) obtained using the MAP-
BE on C24h, (ii) the simulated C24h (SCaan), (iii) the MAP-BE estimated C24h (ECaan), (iv) the
simulated sex and BMI and (v) the n of MAP-BE CL and V2 (corresponding to the estimated
deviation (in %) relative to the typical population CL and V2). Additionally, as in previous
papers [15] some features were engineered to add information: (i) the differences between
SCaah and ECaap; (ii) the ratio between SCaan and ECaan; (iii) the relative ratio between SCaan and

ECaan. Finally, a total of 12 features were available for training the ML algorithm.

2.2.2. Training the machine learning algorithm

Simulations were split into training (75%) and testing (25%) datasets, which were compared
using the Wilcoxon test (p < 0.05). An Xgboost algorithm was trained to predict the errors of
C24h-CL as compared to refCL, using the Tidymodels framework in R [21]. Briefly, a ten-fold
cross-validation was applied to the training dataset to tune the hyperparameters and evaluate
the model performances based on the r2. A variable importance plot was drawn to evaluate
the relative influence of the variables on the error. The predicted error was added to C24h-CL

to obtain the corrected CL (corCL):
corCL = C24h-CL + Xgboost predicted error

2.2.3. Xgboost performance in the training and testing datasets

The performances of the Xgboost algorithm developed to correct ISA CL in another 10-fold
cross-validation set from the training set (to check out overfitting) and in the testing dataset
were evaluated using the MPE%, the relative RMSE% and the percentage of profiles with
MPE% out of the + 20% MPE interval between corCL and refCL. The unexplained error
between the refCL and C24h-CL or corCL was plotted as a function of CL to check the dispersion

over the CL range.
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2.2.4. Evaluation of the shrinkage before and after correction

The shrinkage of C24h-CL and hybrid model was estimated in the training and testing datasets

using the formula proposed by Monolix [22]:

var(nCL,)

Shrink =1-
rinkage 02,

Where x is the method used, nCL, is the random effect of the parameter and w2, is the

variance of the parameter estimate.

2.2.5. External evaluation with simulated patients using another POPPK model

lu

As no “real” data was available for external validation of our hybrid algorithm, another set of
simulations was obtained using another ISA POPPK model developed from pooled data of
phase 1 and phase 3 studies, corresponding to 421 individuals and 6363 drug concentrations
[13]. The same methodology as above (including simulations, filtering out of outliers and MAP-
BE using MAPBAYR) was applied to draw 200 simulated PK profiles receiving 200 mg/24h by
intravenous infusion over one hour. The simulations were limited to non-healthy & non-Asian
subjects (the covariate terms for healthy on V2 and Asian on CL were not used), only using
BMI as a covariate on V2 (simulated following the publication data (median[min to max] =

23.6[13.9 to 41.1]). The unexplained errors of each method (MAP-BE and hybrid model) were

graphically compared.

3. Results

3.1.Simulated Data
After excluding the 1% extreme percentiles in CL and V2 (n=233) and the thirty-five PK profiles
failed to be estimated by MAPBAYR, 1727 (out of the 2000) simulated profiles remained. The
description of the simulated data and features tested as predictors is presented in Table 1. No

predictors were significantly different between the training and testing datasets.
3.2. Bayesian estimation of ISA clearance based on full PK profiles or post-dose
trough plasma concentrations

The refCL and C24h-CL were (mean + SD [min-max]) 4.9 + 3.3[1.0-19.2] L/h and 4.4 + 2.5[1.1-

14.8], respectively. The density plot of the error between refCL and C24h-CL was skewed
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towards high values (log-normal distribution) (Figure 1). Actually, C24h-CL showed a strong

deviation toward an underestimation for high values (CL > 5 L/h) as shown in the Figure 2A.

The shrinkage represents the percentage regression to the mean of development distribution
of PK parameter. The shrinkage of C24h-CL was 45.6% and 44.6% in the training and testing

datasets, respectively.

3.3. Performance of ML to correct C24h-CL estimation errors in the training and
testing datasets
The Xgboost algorithm predicted the error with r2 = 0.94 in the training set and r2 = 0.98 in the
testing set (Figure 3). The 3 features engineered were the most important according to the
variable importance plot (Figure 4), followed by the CL-related variables (ETA CL and CL
predicted). The corCL was (mean  SD [min-max]) 4.9 + 3.3[0.9-19.5] L/h.

The MPE% represents the accuracy of the estimation, the RMSE% represents the imprecision
of the estimation. Correction using Xgboost error estimates decreased drastically the MPE%
(by 95.8% and 85.6%) and the RMSE% (by 69.5% and 69.0%) in the training and testing sets,
respectively (Table 2, Figure 2B). Additionally, less than 1% of corCL were outside the + 20%
MPE interval in the training set and none in the testing set, corresponding to a decrease of

97.4% and 100% respectively in comparison to C24h-CL (Table 2).

The hybrid model decreased the shrinkage of ISA CL estimation by 54.0% and 58.5%

respectively (training: 21.2% and testing: 18.5%) (supplemental figure 1).

3.4. Evaluation of the hybrid model on a dataset simulated using an independent

POPPK model

After applying filters, 4/200 full PK profiles were removed. The refCL and C24h-CL were (mean
+SD [min-max]) 4.3 +2.8 [0.6-15.4] L/h and 3.6 + 1.8 [0.7-8.8], respectively. The performances
of the hybrid model (corCL) in comparison to the MAP-BE applied to C24H (C24h-CL) are
presented in Table 2. The hybrid model decreased the MPE% by approximately 30% and the
RMSE% by 34% as compared to MAP-BE alone. As for simulations from the first POPPK model,
the unexplained error was underestimated (refCL-C24h-CL) for refCL larger for values > 5 L/h
(Figure 5). The hybrid model corrected this underestimation accurately for most of the cases

but slightly overcorrected for some of them.
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4. Discussion

In this study, we developed and extensively validated a hybrid algorithm combining MAP-BE
and ML, able to estimate very accurately ISA CL based on the steady-state C24h. The
performance obtained with this hybrid algorithm was largely better than that of MAP-BE

alone.

Another innovative characteristic of this study is that all data were obtained by simulation
from two independent published POPPK models, one for the development [12]and the other
for the validation [13] phases. The former was developed using data from solid organ
transplant patients [12] and the latter using the data from the SECURE study [7],
corresponding mainly to patients with hematologic malignancies, either active or at the stage
of stem cell transplantation. This difference in patient populations may account for the slightly
lower performance of our hybrid algorithm in the independent test set but it also suggests

that it can be extrapolated to other types of patients on ISA.

MAP-BE fed only with C24h values strongly underestimated ISA CL for values >5 L/h, and the
higher the C24h-CL, the stronger the correction made by the hybrid algorithm. Actually, with
so little individual information (only 1 concentration), the estimated CL is largely shrunken
toward the typical mean population value. Similarly, for values > 2.5 L/h, an overestimation is
observed even if to a lower extent than the underpredicted values on Figures 4 and 5. Figure
5 also showed that in 10 cases with high CL values, the hybrid algorithm overcorrected the CL

leading to an overestimation of refCL.

The PK/PD exposure marker initially used in the preclinical model for ISA was the AUC [9-11],
but its use in routine practice is complicated since good Bayesian estimation would require
more than one concentration-time point. In the present work, the algorithm developed yields
very accurate estimation of ISA CL, hence of its AUC (CL = dose/AUC). Thereby, an
individualized dose after intravenous administration of ISA can be proposed to reach an
individual AUC target derived from the ECOFF or MIC [23]. Unfortunately, this hybrid
algorithm cannot be used for oral ISA as it would require the development of a specific hybrid

model and the pill dosages (multiple of 100 mg) do not allow precise dose individualization.
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We previously developed a similar hybrid algorithm for the estimation of the glomerular
filtration rate (GFR) after iohexol administration and found that it decreased the shrinkage
and improved the individual predictions [15]. The present model confirms that this
methodology can be applied to a larger domain, with even better performances and a larger

decrease in individual prediction errors and shrinkage.

As previously reported [16,18,19], the use of a very low residual error for the initial simulations
drastically improves ML, since it avoids learning imprecision. Similarly, the use of filters
prevented Xgboost from learning from unrealistic profiles, even if this algorithm in particular
makes nonlinear prediction and discretizes the continuous values into quantiles, which is less
sensible to outliers data [24]. Supplemental Figure 2 shows a typical case illustrating that the

patients filtered out were characterized by a typical value of CL assigned by MAPBAYR.

Interestingly, the most important variables for predicting the error between refCL and C24h-
CL were those engineered and those related to CL. Indeed, these variables inform about the

importance of deviation in respect to typical CL in the population.

Since this combined algorithm may be complicated to reproduce, we have developed a shiny
interface  to allow testing it, for research purposes only (https://hybrid-

models.shinyapps.io/isavuconazole/).

This study has some limitations. First, the algorithm development and validation are only
based on simulations, meaning that it still requires validation in “real” patients before it can
be implemented in the clinics. Simulations were performed with a single dosage (200 mg)
which corresponds to the recommended dose. The impact of ISA dose on pharmacokinetic
parameters or as a predictor for the hybrid model was therefore not explored and PK linearity
was assumed. However, the goal of such an algorithm is to propose different doses in the
population so that each patient can reach a predefined target. The absence of clear AUC
targets is another limitation and when the strain sensitivity is unknown, the mean AUC target
of the SECURE study (100 h.mg/L) can be proposed [13]. Finally, the relevance of TDM has not

been evaluated in this work which only proposes tools to perform it.

10
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282 5. Conclusions

283  In conclusion, the hybrid model associating a POPPK model, MAP-BE with a limited sampling
284  strategy and ML developed here may spearhead a new generation of tools for model-

285 informed precision dosing in routine practice.
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Table 1 Comparison of predictors in the training and testing datasets.

Training set Testing set p-value
Simulated 2.1[0.3-10.1] 2.1[0.3-9.5] NS
concentrations at
24h (SCzan) (mg/L)
Predicted 1.9[0.3-7.2] 1.8 [0.3-6.8] NS
concentrations at
24h (EC24h) (mg/L)
Difference between | 0.2 [-0.2-2.9] 0.2 [-0.2-2.7] NS
SCosnand ECaan
(mg/L)
Ratio between SCz4, | 0.9 [0.7-1.6] 0.9 [0.7-1.5] NS
and ECaan
Relative ratio 0.1 [-0.6-0.3] 0.1 [-0.5-0.3] NS
between SCoan and
ECaan
Clearance (CL) (L/h) | 3.8 [1.1-14.8] 3.9[1.1-14.5] NS
Peripheric volume 501.0[89.6-1022.2] | 493.0[95.0-1026.6] | NS
(vV2) (L)
Eta of MAP-BE CL 0.1[-1.1-1.4] 0.1[-1.0-1.3] NS
(ETA 1)
Eta of MAP-BE V2 -2.6x10%[-0.1-0.2] -2.0x10°[-0.1-0.2] NS
(ETA 2)
Body Mass Index 26.2 [14.9-39.7] 26.6 [15.2-39.7] NS
(BMI) (kg/m?)
Sex (%) M: 50.8% M: 46.8% NS

ETA is the relative deviation of PK parameters from the typical value of that parameter. The quantitative data were
presented in median [min-max]. The Wilcoxon test was performed to compare the 2 sets. EC24h is the predicted
concentrations at 24h, SC24h is the simulated concentrations at 24h. NS: not significant (with a threshold of 0.05).
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372 Table 2 Performances of different method (MAP-BE and hybrid model) in the training and testing datasets and in the
1 373 external set obtained by simulation from Desai A. et al. POPPK model

Training set

Testing set

External validation [13]

C24h-CL

Hybrid

model

C24h-CL

Hybrid

model

C24h-CL

Hybrid

model

11 MPE (%)

34

-0.15

3.6

-0.5

7.8

5.4

14 RMSE (%)

11.2

34

11.4

3.5

16.3

10.8

17 Out of %
19 20% error
21 interval

23 (%)

7.6

0.2

5.6

22.4

4.6

28 375
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374 MPE is mean predictive error, RMSE is root mean square error and MAP-BE is maximum a posteriori Bayesian estimator
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Figure Legends
Figure 1: Density plot of C24h-CL error in the overall simulations.

Figure 2: Unexplained error (true CL — MAP-BE LSS C24H CL or true CL — hybrid CL) before and

after correction of clearances in the training (A) and testing (B) dataset.

Figure 3: Correlation between C24h-CL error and Xgboost estimation error in the training (A)

and testing (B) dataset.

Figure 4: Variable Importance Plot for the prediction of the error (reference CL based on MAP-
BE applied on one simulated sample every 30min between 0 and 24h — CL obtained using

MAP-BE applied on C24H only) by the Xgboost algorithm.

Figure 5: Unexplained error in CL prediction (ref CL —C24h-CL (grey round) or ref CL — hybrid

CL (black square)) as function of refCL in the external validation set.

Supplementary Materials
Supplemental Figure 1: Shrinkage before (A and B) and after (C and D) MAP-BE CL correction

with the hybrid model in the training (A and C) and testing datasets (B and D).

Supplemental figure 2: Observed and individual predicted concentrations in a removed
simulation. black point: "simulated concentrations"; black line: "individual predicted

concentrations".
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11.5. Longitudinal exposure to tacrolimus and new onset diabetes mellitus in renal
transplant patients

Article accepté dans Therapeutic Drug Monitoring

Les connaissances actuelles permettent d’affirmer que I’exposition au tacrolimus augmente le
risque de survenue de diabete [111]. Malheureusement peu d’études ont établi une relation
direct entre les indices d’exposition usuellement utilisés (CO et AUC) dans le STP du tacrolimus
et ’apparition de diabétes [31,112,113]. En revanche, la surexposition cumulée au tacrolimus
dans les premiers mois de greffe semble étre un facteur de risque de survenue du diabete post-
transplantation [33].

Les objectifs de ce travail étaient (i) d’identifier des marqueurs de surexposition au tacrolimus
a partir des CO de tacrolimus dans les 3 premiers mois post-transplantation et (ii) d’explorer la

relation entre la surexposition et la survenue du diabéte post-transplantation.

Trois marqueurs d’exposition ont été considérés pour quantifier la surexposition au tacrolimus :
(i) la proportion de CO supérieures a un valeur seuil, permettant de quantifier la fréquence de la
surexposition au-dessus d’un seuil, (ii) la moyenne des valeurs de CO supérieures a une valeur
seuil permettant d’objectiver 1’intensité de la surexposition, et (iii) le pourcentage d’AUC des
CO0 supérieures a une valeur seuil normalisé par le temps de suivi, reflet du temps passé en

surexposition.

La valeur seuil de 15 pg/L correspond a la valeur haute de I’intervalle thérapeutique définie par
la seconde conférence de consensus européenne [32].

Pour étudier 1’association entre chacun de ces marqueurs et I’apparition de diabéte post-
transplantation, une analyse, univariée et multivarié, par modéle de Cox a été réalisée. Les
données de 452 patients transplantés rénaux, issus des études EPIGREN/EPHEGREN, dont 27
avaient développé un diabéte dans les 3 premiers post-transplantation ont été analysées dans
cette étude. En plus de ces 3 marqueurs, I’impact des covariables démographiques du donneur
et du receveur (sexe, age, indice de masse corporelle...), des covariables concernant I’anamnése
du donneur (thérapie d’induction regu, greffe antérieure...) et des covariables biologiques
(infections a CMV et EBV, human leukocyte antigen (HLA) mismatch) a été étudié. L analyse
univariée du modele de Cox a souligné la relation (p<0,1) de plusieurs variables avec
notamment 2 des 3 nouveaux marqueurs d’exposition (pourcentage de CO > 15 pg/L et
pourcentage de CO > 15 pug/L). Une relation entre la présence d’un surpoids chez le receveur et
I’age du receveur a également été mise en évidence avec des hazard ratio (HR) (intervalle de
confiance a 95%) de 2,4 (1,1-5,3) et 1,0 (1,0-1,1), confirmant les résultats de la littérature [114].
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En revanche, dans I’analyse multivariée, seul le pourcentage de CO > 15 pg/L reste
significativement associé a un risque de développement de diabéte. On observe, par
augmentation de 10% de la proportion de CO > 15 pg/L, un HR (intervalle de confiance a 95%)
de 1,73 (1,43-2,10). La validation par analyse boostrap a confirmé la pertinence sélection du
pourcentage de CO > 15 pg/L, facteur retenu dans 92,6% des cas. Ces résultats devront étre

validés dans une base externe.

Par la suite, un seuil discriminant le surrisque de développer un diabete a partir de cette derniere
a été déterminé proche des 20%. Une analyse univariée pour déterminer un possible effet d’une
variable catégorielle a été effectuée. Lorsqu’un patient possede 20% de ses CO > 15 ug/L celui-

ci aenviron 5 fois plus de risque de développer un diabéte post-transplantation.

La mise en évidence de 1’association entre la surexposition au tacrolimus (déterminée au moyen
d’un des marqueurs de surexposition), et ’apparition de diabéte post-transplantation confirme
la nécessité de la mise en place d’un STP régulier du tacrolimus et notamment dans les premiers
mois de greffe afin d’éviter la surexposition. Méme si les marqueurs de surexpression au
tacrolimus identifiés dans cette étude semblent difficiles a utiliser en routine, ils pourraient
contribuer a étudier 1’association entre exposition au tacrolimus et ses effets indésirables tels

que la néphrotoxicité ou la neurotoxicité.
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Abstract

Purpose:

Tacrolimus is an immuno

NODM during the first three months post-transplant. We considered all tacrolimus concentrations

(@) values collected until the diagnosis of NODM in these patients and until three months post-
transplant in the others. New tacrolimus cumulative exposure metrics were derived from the time
profile of the tacrolimus morning pre-dose concentration, Q0: the percentage of Q0 values > cut-off,
the average of Q0 values above the cut-off, and the percentage of the area under Q0 vs. time curve,

Copyright O 2022 Wolters Kluwer Health, Inc. Unauthorized reproduction of this article is prohibited.
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AUCy, above the cut-off. The cut-off chosen was 15 ng/ mL, corresponding to the higher end of the
therapeutic range for the early post-transplant period. The influence of these metrics on NODM and

other clinical and biological characteristics was investigated using the Cox models.

Results:

The percentage of Q0 > 15 pg/Lwas statistically different between patients with ag
(p =0.01). Only these tacrolimus Q0-derived metrics were significantly assogiate

risk of NODM (HR1.73 (1.43-2.10, p <0.001)).

Conclusion:

This study shows that tacrolimus concentrations >15 g/ L affect th idence of NODM.

Keywords: tacrolimus; diabetes mellitus; renal t

I ntroduction

Tacrolimus is an immun pressant acterized by a narrow therapeutic index and large
ariability. Consequently, tacrolimus's therapeutic drug

! Individual dose adjustment is routinely based on the trough value

nephrotoxicity and neurotoxicity, and to a lesser extent, new-onset diabetes mellitus (NODM). The
incidence of diabetes post-transplantation was reported to be 13.4%, higher with tacrolimus than
cyclosporine (16.6%vs. 9.8%).% In some cases, tacrolimus-induced diabetes may resolve by switching
to cyclosporin.?® Patients taking tacrolimus should have blood glucose monitored, especially in the
first weeks after transplantation, when NODM mostly occurs.* Relationships between tacrolimus Q0

Copyright O 2022 Wolters Kluwer Health, Inc. Unauthorized reproduction of this article is prohibited.
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or AUC and NODM have been explored in different studies, but no direct association was found.>”’
Other tacrolimus exposure indices were explored: Maes et al. ® showed that the incidence of NODM
increased parallel to the tacrolimus concentrations >15 pg/L in the first month. Smilarly, the first
tacrolimus Q0 value after transplantation was associated with an increased risk of diabetes in the first

year.®

The objectives of the present study were: (i) to derive different exposure
longitudinal evolution of tacrolimus Q0 in the first three months post- lant and plore

the relationships between these tacrolimus exposure metrics and the r of N

M aterialsand M ethods

PATIENTS AND DATA COLLE

data under the No. 907275 ACT. All enrolled patients provided written informed consent to

participate in the study.

The patients selected for the present study received a first kidney transplant between 2007 and
2016, were prescribed tacrolimus as part of their immunosuppressive regimen, and had at least two

pre-dose concentrations (Q0) of tacrolimus available in the study database over the first 3 months

Copyright O 2022 Wolters Kluwer Health, Inc. Unauthorized reproduction of this article is prohibited.
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post-transplant. In each center, tacrolimus Q0 was measured using a validated HPLC method.
Exposure and clinical and demographic data were collected from patients medical records as part of
BEPIGREN or BEPHEGREN. The clinical and demographic data included height, weight, date of
transplantation, sex, age, presence of pre-transplant diabetes in the graft donor or recipient,

previous organ transplantations, onset of diabetes post-transplant and corresponding dz

TACROLIMUS EXPOSURE

Different tacrolimus exposure metrics were derive:

dfor eac woatient frortheir longitudinal profile of
tacrolimus Q0 over the first three months after tra. yolapiion: the proportion of Q0 values > cut-off
f

(%00 > 15 pg/L), the average of Q0 v (Avg > 15 pg/L), and the percentage of

the area under the Q0 > cut-off vs. time

of CO > cut-off

0, -
%AUC cut-off ( total AUC of CO >0

x 100

t-off (9) = 2umberofCO>cutoff .y

number of CO total

srage CO > cut-off = mean (CO > cut-off)

The cut-off chosen was the upper limit of the therapeutic window immediately after kidney

transplantation (15 ug/L), following recent recommendations.*
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The % AUCq > cut-off assesses the percentage of time patients were overexposed to tacrolimus and
the intensity of overexposure. The percentage and average of Q0 > cut-off (%) quantify the frequency

and degree of overexposure to tacrolimus, respectively.

possible differences in tacrolimus Q0-derived metrics bet

correlation analysis was performed to identify the r

metrics.

RELATIONSHIPS BETWHEEN TA( U U CSAND NODM

3.6.3) package “survival.”*? Variables with a P value < 0.1 determined by univariate analysis were

included in an intermediate multivariable Cox model. The final model was obtained through stepwise
backward selection, retaining only variables with P < 0.05. The statistical interactions between the

covariates in the final model were evaluated. The robustness of the results was assessed with 1,000
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bootstraps using the BootstepAlC R package.”® For Cox models, the proportionality of risks was

assessed in the final model using Schoenfeld residues.

Receiver operating characteristic (ROC) analysis was performed to determine the most discriminative
threshold for the final metric (s) based on the Youden index. Qumulative incidence curves of NODM

in patients below or above this threshold were plotted and compared using the log-r.

Results

Four hundred fifty-two patients out of the 820 patients in the

shown in Table 1. The densi nu

(NODM vs. non NODM) (F¢ re 2) showed a larger number of pre-dose concentrations in non NODM
patients (medi er er patient = 7.5 and 15 for NODM and non NODM,

respectively). median tim#to NODM was 14 days.

Them in—-max] of %00 > 15 ug/L, %AUCy > 15 ug/L, and Avg, > 15 pg/ Lare presented in

Table 1 raphically represented in Fgure 3.

A statistical comparison of each tacrolimus Q0-derived metric of the patients with and without
NODM was made. Only %00 > 15 ug/L was significantly different between the 2 subgroups (p =

0.002).

Copyright O 2022 Wolters Kluwer Health, Inc. Unauthorized reproduction of this article is prohibited.
7

Alexandre Destere | Thése de doctorat | Université de Limoges | 2022 116
Licence CC BY-NC-ND 3.0



The three QD-derived tacrolimus exposure metrics examined by the univariate analysis were
significantly associated with an increased risk of NODM (Table 2). They were also highly correlated

(Supplemental Fgure 1, http://links.lww.com/TDM/A611): r [%600 > 15 pg/L vs. %AUCy > 15 pug/L] =

0.64; r [%00 > 15 pg/Lvs. Avg > 15 pg/L] =0.63; and r [Avg > 15 pg/ Lvs. %AUCy > 15 pg/L] =0.99.

Patient BMI dichotomized as “not overweight” vs. “overweight,” age and donor age ciated

with an increased risk of NODM (Table 2).

Discussion
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In this study, we investigated the relationship between new tacrolimus Q0-derived exposure metrics
and NODM and found that the proportion of Q0 values > 15 pg/L over the first three months post-

transplant was significant and positively associated with the occurrence of NODM.

For every 10% increase i

increased 2-fold,

values > 15 pg/L In contrast, Rodrigo et al.® reported that only the initial tacrolimus Q0, > 20 pg/L,
was associated with an increased risk of developing diabetes. This finding was not observed in our
cohort. Different mechanisms may explain the occurrence of NODM: (i) decreased insulin secretion
in beta cells exposed to tacrolimus, causing an increase in intracellular calcium. (ii) Tacrolimus

potentiates glucolipotoxicity via the AKT pathway. Qumulative overexposure to tacrolimus
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accelerates the decrease in insulin secretion and sensitivity, potentiating glucolipotoxicity. Poitout et
al.™ proposed a hypothetical representation of the occurrence of glucolipotoxicity when insulin gene
expression and sensitivity decreased. However, these are putative hypotheses, as we do not have

datato support them.

Unsurprisingly, BM1 was another significant risk factor ***°

since overweight
kg/m?) had a risk of NODM that increased by approximately 2.5-fold,
final model. This suggests that Q0-derived metrics are more
circumstances of diabetes occurrence than BMI. Notabl

derived metrics and dichotomized BMI was found, p:

final model.

A %CO0 > 15 pugl5ug/L seems diffic ini ice because it is dynamically changing,

and its calculation may become tedi i'J an app to the patient’s electronic health

use of g algorithms to propose a first dose based on individual covariates or MIPD based

al information 6°'°

could limit overexposure and reduce the occurrence of
NODM.
The frequency of NODM was 6% close to the lower limit of 3-47% found in the literature?,

depending on the studies. We have no clear explanation for this, as it was an observational study,

and the patient did not benefit from modified or reinforced follow-up. A possible explanation might

Copyright O 2022 Wolters Kluwer Health, Inc. Unauthorized reproduction of this article is prohibited.
10

Alexandre Destere | Thése de doctorat | Université de Limoges | 2022 119
Licence CC BY-NC-ND 3.0



be the definition of NODM used in the present study that differs from the literature. In addition, we

only had accessto an indirect diagnostic method based on NODM treatment.

The density plot for the number of samples per patient stratified by NODM showed that the number

of samples was lower for patients with NODM and followed a bimodal distribution. This is a major

patients were genotyped, vestigate the gene effect shown to increase the risk of

NODM.2*?* Rhnicj it was forbidden in France to collect such data, but we

Conclusion

In conclusion, we investigated different CO metrics that could take into account the
longitudinal exposure to tacrolimus at three months post-transplantation. We found that %C0

Copyright O 2022 Wolters Kluwer Health, Inc. Unauthorized reproduction of this article is prohibited.
11

Alexandre Destere | Thése de doctorat | Université de Limoges | 2022 120
Licence CC BY-NC-ND 3.0



> 15ug/L was associated with an increased risk of NODM even if routine care use seems
difficult.

In future studies, the CO-derived tacrolimus exposure metrics developed here could be used to
investigate the relationship between cumulative exposure (or overexposure) and efficacy or

adverse effects.
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Table 1. Patients’ characteristics

New Onset of Diabetes Mellitus

No Yes Over
n 425 27
Age
Median (IQR) 52.0 (20.0) 57.0 .0(19)
Min, Max 19.0, 85.0 6.0 19.0, 85.0
Missing 1 1
Sex
Female 1( /(38.6%) 6(22.2%) 170(37.6%)
Male 260 21(77.8%) 281(62.2%)
1(0/ 2% 0 1(0.02%)
170.0 (14.5) 173.0(8) 170.0 (14.0)
Min, Max 57.0,196.0 155.0, 185.0 57.0,196.0
Missing 70 0 70
Weight (kg)
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Median (IQR) 70.0 (22.0) 78.00 (10) 70.0 (21.0)
Min, Max 37.0,159.0 55.0,99.0 37.0,159.0
Missing 11 0 11

BMI (kg/ m?)

<25: (%) 194(45.6%) 9(33.3%)

> 25: n(%) 156(36.7%) 18(66.7%)

Missing 75(17.6%) 0(0?

Time of diabetes onset

(post-transplant years)

Median (IQR) - (0.02) 0.03(0.1)
Min, Max - 0.02,0.24 0.02,0.2
Missing 0 0

9YAUCy, with >15

Mg/

Medi in - max] 0.0[0.0-18.0] 0.2[0.0-22.8] (p=0.4)
%00 >15 pg/ L

Median [min - max] 0.0[0.0-66.7] 4[0.0-66.7] (p=0.06)

Average of Q0 >15 pg/L
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known pathologies (3

most frequent) n(%)

Various

nephropathies:102(24%)

Other:71

7%

issing: 162(38.1%)

Polycystic kidney dise @
51(12%

5(18.5%)

Glomerulonephritis:

2(7.4%)

Amylose: 1(3.7%)

Other: 11(40.1%)

Median [min - max] 15.0[15.0-17.5] 15.2[15.0.0-18.0] (p=0.4)
Previous transplant
n(%

62(14.6%) 3(11.1%) 65(14.4%)
Yes

300(70.6%) 24(88.9%)
No

63(14.8%) 0(0%)
Missing

stic kidney disease:

2(0.4%)

5(1.1%)

15(3.5%)

35(8.2%)

1(3.7%)

0(0%)

0(0%)

0(0%)

3(0.7%)

5(1.2%)

15(3.3%)

35(7.7%)

67(14.8%)
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4 62(14.6%) 5(18.5%) 73(16.2%)
5 67(15.7%) 6(22.2%) 70(15.5%)
6 62(14.6%) 8(29.6%) 51(11.2%)
7 48(11.3%) 3(11.1%) %)
8 13(3.1%) 2(7.4%)
missing 116(27.3%) 2074
Acute rejection n(%):
Yes 15(3.5%) 3(11.1%) 18(4.0%)
No 410415.5%) 24(89.9%) 434(96.0%)
OMV recipient n(%):
Yes 118(27.8%) 16(59.3%) 134(29.6%)
No 146(34.4%) 11(40.79%) 157(34.7%)
161(37.9%) 0(0%) 161(35.6%)
v nor (n):
Yes 141(33.2%) 14(51.9%) 155(34.3%)
No 123(28.9%) 13(48.1%) 136(30.1%)
missing 161(37.9%9 0(0%) 161(35.6%)
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EBV recipient n(%):

Yes 253(59.5%) 27(100%) 280(61.9%)
No 11(2.6%) 0(100%) 11(2.4%)
missing 161(37.9%) 0(100%) .6%)
EBV donor n(%):
Yes: n(%) 255(60.0%) 27(1 25:,02.4%)
No: n(%) 9(2.1% 0(0%) 9(2.0%)
missing 161(37.9%) 0 161(35.6%)
Use of glucocorticoid
n(%)
250382 27(100%) 277(61.3%)
Yes
0(0% 0(0%) 0(0%)
No
175(46 2% 0(0%) 175(38.7%)
Missin
Induction
164(38.6%) 9(33.3%) 173(38.3%)
235(55.3%) 17(63.0%) 252(55.8%)
Polyclonal 26(6.1%) 1(3.7%) 27(59.7%)
CYP3A4*22
(rs35599367) n(%9) 129(30.3%) 0(0%) 129(28.5%)
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cC 14(3.3%) 0(0% 14(3.1%)
cr 282(66.4%) 27(100%) 309(68.4%)
missing
CYP3A5* 3 (rs776746)
n(%)
5(1.2%) 0(0%) 5(1.
AA
43(10.1%) 0 3(9.5%)
GA
97(22.8%) 0%) 97(21.5%)
GG
280(65.9%) 27(100 307(67.9%)
missing
PPARalpha
(rs4253728) n(%)
17(4.09 0(0%) 17(1.1%)
AA
57(135 %) 0(0%) 57(9.5%)
GA
69(16.2%) 0(0%) 69(21.5%)
GG
282(66.4%) 27(100%9 309(68.4%)
80(18.8%) 0(0%9 80(17.7%)
cC
54(12.7%) 0(0%) 54(11.9%)
cr
11(2.6%) 0(0%) 11(2.4%)
T
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missing

280(65.9%)

27(100%)

307(67.9%)
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Table 2. Univariate and multivariate analyses of the refationghips between tacrolimus exposure indices and patient characterigtics

related to the new onget of diabetes mellitus (NODM)

y ] ¥
Covariates selected by bootstrap
NODM HR(95%0, p-value) (univariate) HR(95%0, p-veie) (ultivariate)
analysis (9
UACD>15 gL (per 10%incease) 17314320, p0.00) 3(1432.10,p000) 026
BEAUIC, with 0 >L5yg/L (per 10%
1,08(0.99-1.18, p=0: Not retained 28
increace)
Average 00 >15ug/L (per unit
175(0874L5, 0.1
increace)
S (Male s Female) L13(102-2.43,p-0.76)
BMI>25vs <25 238(L075.29,p0.03) Not retained 131
il
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Covariates selected by bootstrap

Increase)

/o

NODM HR (9%, p-value) (univariate) HR(95%0), p-value) (multivaviate)
analysis (9
Age (per year) 103 (L0-2.07, p=0.03) Not reta 69
Donor sex (Malevs Female) 113(052-2.43,p-0.76)
Donor age (per year) 103 (L0-L07 p=003) retained 637
Previous transplant (per unit
153(020-2.18, p=049)

HLA mismatch (per unit increage)

11809451 p0)

Vol

Induction therapy (vsnone)

Monoclonal

polyclonal

Al
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Covariates selected by bootstrap
NODM HR (9%, p-value) (univariate) HR(95%0), p-value) (multivaviate)
analysis (9

MV donor (positive vs negative) 1,06(044-2.00, p=087)

MV Recipient ~ (postive v
056(083-38, p-0.14)
negative)

BBV Donor (positive vsnegative) 0.0L (0.0 nfinity, p=0.99)

BBV recipient  (postive g
001 (0.0-infinity, p=0.

neative)

HA Human Leukooyte Quv. Oytomegalovirus, B Enstein-Barr Virus

2
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Hgure legends

Fgure 1: How chart of patients selected for developin model. . New onset of

diabetes mellitus; Q0: pre-dose concentration.

Hgure 2: Density plot of the number of pr ra] onsas a func[ on of new onset of

diabetes mellitus.

Fgure 3: Boxplot representi iffere Q0- ed metrics according to the occurrence of

NODM.

istic (ROQ) curve analysis to determine the percentage
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EPIGREN/EPHEGREN population Q
n=422

NODM: Yes
n=9

Number of umber of CO>2
n= n=53
1
Delay of NOGM <0, Delay of CO after ransplantation < 0.5
- n=4%

Figure L Fow chart of patients selected for detloping the Cox model, NODM: New onget of diabetes melltus; Q0: pre-dose concentration.
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Figure 2: Density plot of number of pre-dose concentrations as function of new onset of diabetes mellitus
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Figure 3: Boxplot representing different Tac CO-derived metrics according to the
occurrence of NODM
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Figure 4: Receiver Operating Characteristic (ROC) Curve analysis to determine the percentage of CO values above 15ug/L
ROC Curve (AUC = 0.5992[sensitivity = 0.37; specificity = 0.90])
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Figure 5: Cumulative incidence plot vs. the threshold chosen for %C0 >15g/L
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Partie I11. Discussion et Conclusion

L’objectif de ces travaux de thése était le développement d’outils permettant un suivi
individualisé de I’exposition au tacrolimus et de ses effets indésirables afin d’améliorer la prise

en charge des patients transplantés rénaux.

Tout d’abord des outils visant a prédire de maniere optimale 1I’exposition au tacrolimus dans le
but d’individualiser les posologies proposees aux patients ont été déeveloppés. Puis des outils
permettant de proposer un suivi précis de la fonction rénale des patients transplantés afin de
détecter une néphrotoxicité possiblement liée au tacrolimus ou encore un rejet aigu du greffon
ont été élaborés. Un outil permettant de predire, chez des patients transplantés rénaux,
I’exposition a I’isavuconazole utilisé en cas d’infections fongiques a été proposé. Enfin,
I’influence d’une surexposition cumulée au tacrolimus dans 1’apparition d’un diabéte post-

transplantation a été confirmée.

A ce jour, de nombreux modeéles de POPPK visant a décrire la pharmacocinétique du tacrolimus
et ses sources de variabilités ont déja été publiés dans la littérature [115-118]. Mais a notre
connaissance, aucun modele n’a été développé pour une formulation générique du tacrolimus.
Ce travail a donc permis de fournir un outil de plus au clinicien afin de personnaliser au mieux
la thérapeutiqgue immunosuppressive. Ce travail a également permis de montrer qu’un
estimateur bayésien developpé pour le princeps permettait des prédictions similaires a un
estimateur bayésien développé pour le générique si les paramétres PK des 2 formulations sont

similaires.

Dans cette étude, I’EBE développé n’incorporait pas de covariables. Toutefois, les
performances de prédiction de I’exposition individuelle sont tout a fait acceptables avec un biais
moyen et une imprécision inférieure a 5% et 10%, respectivement, et ceux quel que soit
I’estimateur Bayésien (ancienne et nouvelle formulation). Notre conclusion est que les
covariables n’apportent que peu d’information quand des concentrations individuelles sont
disponibles ; elles sont nécessaires pour réaliser de simulations mais elles n’apportent que trés
peu d’information dans 1’estimation a posteriori des paramétres. Nous ne pensons pas qu’il ne
faut jamais inclure de covariables mais qu’il est important de se poser la question de « & quoi
va servir le modéle » (« fit for purpose »). Comme 1’avait déja observé Sheiner et al., les
informations apportées par les concentrations et les temps de prélevements sont tout a fait
suffisantes [70].
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Ce travail a également permis la création d’outils permettant le suivi précis de la fonction rénale
des patients transplantés (modéle POPPK et modéle hybride). Actuellement, la fonction rénale
du patient transplanté est suivie en utilisant la concentration sérique de créatinine et des
formules d’estimation du DFG (CKD-EPI, MDRD...). Cependant, la créatinine n’est pas un
marqueur parfait pour mesurer la fonction rénale. La créatinine possede une secrétion tubulaire
et n’est donc pas exclusivement filtrée par le glomérule. La production de créatinine peut étre
également impactée par 1’état physiopathologique des patients (fievre, alitement prolongg,
insuffisance hépatique...) [119] associée aux imperfections d’estimation des formules
I’utilisant chez les transplantés rénaux [120]. C’est pour cela que I’utilisation de composés
exogeénes comme 1’iohexol est un moyen d’estimer de maniére plus précise le DFG d’un patient
[54]. L’utilisation d’outils permettant d’estimer le DFG via 1’estimation de la clairance de
I’iohexol permet donc aux cliniciens de suivre la santé du greffon et d’objectiver la diminution
de la fonction rénale (néphrotoxicité potentiellement due au tacrolimus ou possible rejet de
greffe). Une des potentielles limites & son utilisation en routine est la possible néphrotoxicité
induite par I’iohexol lors de son utilisation a la dose définie (30 g pour un adulte) dans le réesumé
des caractéristiques du produit [57]. Cependant, pour la détermination du DFG, le patient recoit
une dose 10 fois inférieure laissant présager une diminution de cette toxicité, confirmée par

I’absence d’effets indésirables déclarés apres 15 ans de pratique en routine [121].

Afin d’améliorer encore 1’estimation du DFG, une approche innovante combinant a la fois un
modeéle de pharmacocinétique de population et un algorithme de machine Learning a été
développé. Ce modéle hybride a montré d’excellentes performances pour la prédiction de la
clairance de I’iohexol dans une base de validation externe. La principale source d’amélioration,
amenée par le machine learning, était liée au « de-shrinkage » des estimations individuelles du
MAP-BE basées sur une stratégie de prélevements limités. Une des originalités de ce travail est
que I’algorithme de machine learning a été entrainé a prédire I’erreur d’estimation de la CL, par
le MAP-BE, grace a des simulations issues du modele de pharmacocinétique de population
développés précédemment. En effet, un nombre conséquent de données patients est nécessaire
pour développer ce type d’algorithme et 1’utilisation de simulations nous permet donc de nous

affranchir de cette limite [81].

La correction d’un seul des parametres peut entrainer une modification de la corrélation entre
les parametres PK déterminés precédemment. La CL corrigée par le modele hybride ne pourra,
dans ce cas, qu’étre utilisée a des fins de prédictions a posteriori et non pour effectuer des

simulations (encore une fois la notion de « fit for purpose »). La correction de I’ensemble des
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parametres pourrait résoudre cette limite mais devrait faire appel a la correction d’un vecteur

de parametres et prendre en compte leur covariance, ce qui complexifie I’approche.

Les excellents résultats obtenus avec 1’iohexol ont été confirmés lors du développement d’un
modele hybride afin de prédire I’exposition globale de 1’isavuconazole, confirmant également
la source de I’amélioration observée (« de-shrinkage »). Une des limites de ce travail portant
sur la prédiction de I’exposition a 1’isavuconazole est qu’il n’a pas fait 1’objet d’une validation
externe stricto sensu. Afin de confirmer les résultats, des patients ont été simulés en utilisant
un autre modele de POPPK de I’isavuconazole chez des patients ayant recu une greffe de
cellules souches [110]. L’amélioration de la prédiction du MAP-BE dans cette base externe de
patients simulés confirmait ce que nous avions observé dans la base externe constituée de vrais
patients lors du développement du mode¢le hybride de 1’iohexol [83]. Enfin, nous pensons que
ce nouveau type de modele ouvre des perspectives vers une nouvelle génération de modeles,
plus preécis et facilement utilisable en routine (modeles basés sur une stratégie de prélevements

limités), afin d’individualiser plus finement la posologie.

Le dernier axe de cette thése avait pour objectif ’amélioration de la compréhension de la
relation entre I’exposition au tacrolimus et la survenue de diabéte post-transplantation.
Malheureusement a ce jour, peu d’études ont établi une relation direct entre les indices
d’exposition usuellement utilisés (CO et AUC) dans le STP du tacrolimus et 1’apparition de
diabétes [31,112,113]. Dans cette étude, la relation entre la surexposition cumulée au tacrolimus
durant les 3 premiers mois post-transplantation et la survenue de diabéte. Les résultats
confirment les résultats précédemment publiés par Maes et al. [33]. Il est difficile de suivre
I’exposition cumulée d’un médicament. Cependant il existe des moyens mathématiques simples
permettant de réduire a un indice d’exposition fixe ce suivi. Dans ce travail, de nouveaux
marqueurs de suivi comme la proportion de CO supérieure a une valeur seuil, la CO moyenne
supérieure a une valeur seuil ou encore le pourcentage de temps ou la CO est supérieure a une
valeur seuil dans le suivi de I’apparition du diabéte ont été proposes. La mise en évidence de ce
lien entre la surexposition cumulée via I’utilisation d’un de ces marqueurs (proportion de C0O >
15 pg/L durant les 3 premiers mois post-transplantation) et 1’apparition de diabéte post-
transplantation offre la perspective de leur utilisation pour explorer I’existence d’autres
relations « exposition cumulée au tacrolimus/effets indésirables » notamment la néphrotoxicité,

la neurotoxicité ou la survenue d’infections.
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Ces marqueurs restent malheureusement difficiles a utiliser en routine. Cette étude confirme la
nécessité du STP du tacrolimus de maniere fréquente et rigoureuse notamment dans les

premiers mois de greffe.

Pour conclure, ces travaux de théses ont donc permis de proposer de nouveaux outils permettant
un suivi précis de I’exposition au tacrolimus, a I’isavuconazole ou de la fonction rénale ainsi
que la mise en évidence d’un lien entre la surexposition cumulée et I’apparition de diabéte post-
transplantation. Outre ’apport clinique, cette thése a également proposé de nouvelles
méthodologies afin de résoudre des problémes rencontrés lors du développement de modeles
de POPPK et d’EBE (nombre de patients insuffisants pour le développement et la validation,
présence de shrinkage...). De nouvelles approches de suivi de I’exposition longitudinale du
tacrolimus, ont également été proposées avec notamment une relation avec la survenue d’effets

indésirables (diabete post-transplantation).
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Annexe 1: Development of new tacrolimus CO-based metrics and their association with new onset diabetes
mellitus in renal transplant patients

Poster commenté présenté lors du congres de la Société Francaise de Pharmacologie et de
Therapeutique le 14 juin 2022 a Lille.
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Development of new tacrolimus CO-based metrics and their association with
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INTRODUCTION OBIJECTIVE
Tacrolimus (Tac) is an immunosuppressant widely used in transplantation and its therapeutic drug
monitoring (TDM) is mandatory [1] to prevent acute rejection and reduce adverse effects such as the We aimed to develop metrics derived from Tac CO to assess
devel 1t of new onset diab mellitus (NODM). No relationship between NODM and Tac exposure cumulative exposure to Tac and evaluzte its influence on NODM.

indices (concentrations (CO) or area under the curve (AUC)) has been clearly found [2]. However, cumulative
exposure to Tac in the first 3 months appears to be associated to the development of diabetes mellitus [3].

MATERIAL & METHODS

Patients and data collected:
) . . . Tacralimus longitudinal exposure:
Data were collected from adult kidney transplant recipients enrolled in two e

multicentre cohort studies called “EPIGREN” and “EPHEGREN".

Different Tac exposure metrics were derived for each patient from their

The patients include in this analysis must have: longitudinal profile of Tac CO over the first three months after transplantation:

* Atleast 2 pre-dose concentrations (C0) Percentage of CO values > cut-off (%C0 >15 pg/L):

number of CO > cut — of f
number of CO total

* <3 months post-transplant /
\ %C0 > cut — off (%) =

x 100

Development of Cox model:
Percentage of the area under the CO > cut-off vs. time curve (%AUC, >15 pg/L):

Cox models were built to investigate the relationships between the CO-derived AUC O €O > eut — of f

exposure indices and the occurrence of NODM, after adjustment on %AUCeo > cut — off (%) = ——————————x 100
clinical/demographic data. total AUCof CO >0
Variables with p value < 0.1 at univariate analysis were included in an Average of CO values above cut-off (Avcy >15 pg/L):

intermediate multivariable Cox model. The final model was obtained through Avg, > cut — off = mean (CO > cut— of f)

stepwise backward selection, retaining only variables with p <0.05. The
statistical interactions between covariates in the final model were evaluated.
The robustness of the results was assessed by 1000 bootstraps.

Cut-off = 15 pg/L (upper limit of the therapeutic windaw just after kidney transplantation) [1].

\

»25 o I First step (selecled covariatas)

l Second step (p < 0.05}
- HLA mismatch level
® p=005
nofC0>2
O proos

N=523

RESULTS

EPIGREN/EPHEGREN
population
N=822

I

Donor Age

NODM: Yes
N=96
— T

%GO > 15 uglL ——
’:— .
Delay <3 ‘ HAUC of €0 > 15 il
months
N=27
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Figure 1: Flowchart of selected patients in the Cox model developments Figure 2: Cox models comparison after univariate analysis /
/ Peoce e et \
* 9%CO0 > 15 pg/L was significantly associated with NODM (per 10% increa} | o
w
HR[95% Cl]= 1.73 [1.43-2.10, p<0.001]) whereas no association was g sae) - p=0.0001 et
observed with %AUC of CO > 15 pg/L HR[95% Cl]= 0.92 [0.81-1.05, p=0.23) s e
in multivariate analysis % s e EXEEETES -
* No deviation of proportional hazards was shown using the Schoenfeld E i i
residues B !
5 ) .
= Athreshold for %C0 > 15 pg/L was investigated using ROC curve analysis and E o !
the value associated with the best sensitivity/specificity balance was 18% ¢ o ;
(sensitivity = 37%, specificity = 90%). 3 H F S
Time in monhs
* %CO0 > 15 pg/L was recoded using this threshold and this binary exposure g
index was significantly associated with NOM (under vs. above 15 pg/L: Y 7 335 o
HR=5.3[2.4-11.6], p<0.001). Figure 3 presents the corresponding Kaplan- £ 41 a3 0
5
Qeier curves. / 5 [} i 2 3

Time in months
Figure 3: Kaplan-Meier curves of cumulative incidences of NODM with a /

percentage under or above threshold (18%)

-
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Suivi du patient transplanté renal traité par tacrolimus par
pharmacocinétique de population et machine learning

Le tacrolimus, pierre angulaire de la thérapie immunosuppressive dans la transplantation
d’organe solide, possede un intervalle thérapeutique étroit ainsi qu’une variabilité
interindividuelle importante exposant rapidement le patient & un risque de sous- ou
surexposition. Quelle que soit la situation (sous- ou surexposition), le risque encouru par le
patient n’est pas négligeable. La sous-exposition augmente les risques de survenue d’un rejet
et la surexposition celui d’apparition d’effets indésirables (néphrotoxicité, neurotoxicite,
diabéte post-transplantation, infections...), motivant la mise en place du suivi thérapeutique
pharmacologique pour cette molécule. A ce jour, la relation entre I’efficacité thérapeutique et
les indices d’exposition est bien établie cependant celle concernant les effets indésirables restent
encore a debat. Dans ces travaux de thése, nous nous sommes focalisés sur le développement
d’outils, utilisant la pharmacocinétique de population et le machine learning, pour prédire
I’exposition au tacrolimus mais également estimer la fonction rénale et I’exposition a un anti-
infectieux, utilisé chez le transplanté. Nous avons aussi développé des marqueurs de suivi de
I’exposition longitudinale afin d’explorer I’influence de I’exposition cumulée et a fortiori celle
de la surexposition cumulée au tacrolimus sur la survenue d’effets indésirables notamment la
survenue de diabéte post-transplantation.

Mots-clés : Tacrolimus, effets indésirables, pharmacocinétique de population, machine learning

Monitoring of renal transplant patients treated with tacrolimus using population
pharmacokinetics and machine learning

Tacrolimus, the cornerstone of immunosuppressive therapy in solid organ transplantation, has
a narrow therapeutic range and significant inter-individual variability that rapidly exposes the
patient to the risk of under- or overexposure. In either situation (under or overexposure), the
risk to the patient is not negligible. Under-exposure increases the risk of rejection and over-
exposure increases the risk of adverse effects (nephrotoxicity, neurotoxicity, post-transplant
diabetes, infections, etc.), hence the need for therapeutic pharmacological monitoring of this
molecule. To date, the relationship between therapeutic efficacy and exposure indices is well
established, but the relationship between adverse effects is still under debate. In this thesis, we
focused on developing tools, using population pharmacokinetics and machine learning, to
predict tacrolimus exposure but also to estimate renal function and exposure to an anti-infective
drug used in transplant patients. We have also developed markers to follow longitudinal
exposure in order to explore the influence of cumulative exposure and a fortiori that of
cumulative overexposure to tacrolimus on the occurrence of adverse events, including the
occurrence of post-transplant diabetes.

Keywords : Tacrolimus; adverse drug reactions; population pharmacokinetics; machine
learning



