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Abstract (Italiano)

Il Precision Dosing ¢ approccio clinico all'interno del panorama della
medicina di precisione, in grado di superare le limitazioni del classico
paradigma clinico del one-size-fits-all. Questo metodo paziente-centrico ha
attirato 1’interesse sia dei clinici che delle agenzie regolatorie per la sua
capacita di adattare una terapia farmacologica al singolo soggetto,
ottimizzandone gli outcomes. La sua applicazione ¢ di particolare rilevanza
in contesti particolarmente complessi caratterizzati dalla somministrazione
di farmaci con una finestra terapeutica ristretta, da una significativa
variabilita interindividuale (IIV), dalla presenza di gravi effetti avversi
(AEs) derivanti da sovradosaggio o dal coinvolgimento di popolazioni
speciali. In tali contesti clinici, una delle principali tecniche adottate dal
precision dosing sono le strategie di dosaggio adattativo che sfruttano il
monitoraggio di biomarcatori di efficacia e tossicita per personalizzare la
terapia farmacologica.

I modelli di farmacometria assumono un ruolo fondamentale nel
supportare 1 processi decisionali tipici del precision dosing, e l'approccio
Model Informed Precision Dosing (MIPD) ¢ stato proposto per diversi
composti. Il recente interesse verso l'intelligenza artificiale e il machine
learning (AI/ML) nel campo della farmacometria offre l'opportunita di
esplorare nuove metodologie ibride che integrano modelli PK-PD con
tecniche di AI/ML per migliorare il MIPD in presenza di dosaggi adattativi.
Tra queste, il Reinforcement Learning (RL), una sotto branca del ML
caratterizzata da algoritmi per risolvere problemi decisionali sequenziali, ¢
attualmente di particolare interesse. Infatti, il RL si adatta perfettamente ai
problemi di dosaggio di precisione e alle strategie di dosaggio adattativo che
coinvolgono il monitoraggio periodico del paziente. Di conseguenza,
l'integrazione dei modelli PK-PD con tecniche di RL, denominata Model-
Informed RL (MIRL), ¢ attualmente uno degli argomenti di principale
interesse in farmacometria.

L'obiettivo di questa tesi ¢ di esplorare le potenzialita di tecniche ibride
basate sulla combinazione di RL e modelli PK-PD per supportare 1 problemi
di dosaggio di precisione, ponendo possibili soluzioni per le limitazioni degli
approcci esistenti nella letteratura. In particolare, ¢ stato sviluppato un nuovo
framework di MIRL per apprendere strategie di dosaggio adattativo
clinicamente accettabili e personalizzate per ciascun paziente. Tale
approccio ¢ stato applicato e valutato su diversi problemi di dosaggio di
precisione tratti da casi di studio reali, comprendenti sia farmaci approvati
sia in fase di sviluppo. In questa tesi ¢ stato inoltre proposto un riadattamento
dell’approccio MIRL di letteratura per ricavare strategie di dosaggio generali
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per un’intera popolazione di pazienti. In questo modo, ¢ stato possibile
comparare in maniera piu robusta le performances della nuova metodologia.

Dopo una breve introduzione ai concetti fondamenti relativi al precision
dosing (Capitolo 1), nel Capitolo 2 viene fornita la formalizzazione del
workflow di MIRL sviluppato per ottenere protocolli di dosaggio adattivi
specifici per ogni paziente. Nel corso della trattazione, sono state evidenziate
anche le differenze di tale workflow rispetto agli approcci RL/PK-PD gia
esistenti in letteratura. Il nuovo framework MIRL usa il Q-learning (QL)
come algoritmo di RL, introducendo cosi un agente QL personalizzato
(QLind) addestrato sullo specifico paziente. Questo approccio ibrido RL/PK -
PD sfrutta un digital twin del paziente per fornire 1'esperienza necessaria ad
addestrare gli agenti QLind a ricavare strategie di dosaggio personalizzati. 1l
digital twin corrisponde a un modello PK-PD del paziente caratterizzato da
un insieme di parametri individuali e covariate. Questo framework consente
un livello di personalizzazione piu alto rispetto agli approcci MIRL
tradizionali, che in genere si basano sull'addestramento di un singolo agente
di RL su un'intera popolazione di pazienti, ottenendo cosi protocolli di
dosaggio adattativo generali.

L’approccio di MIRL incentrato sul singolo paziente ¢ stato valutato su
tre problemi reali di precision dosing aventi complessita crescente, (capitoli
3-5). Tali valutazioni sono state caratterizzate da semplificazioni necessarie
per ottenere una valutazione pit chiara della metodologia. E stato infatti
ipotizzato che 1 modelli PK-PD dei pazienti descrivessero perfettamente la
farmacoterapia, andando dunque a trascurare la variabilita residua non
spiegata (RUV) dovuta a inesattezze del processo di modellazione. E stato
inoltre supposto di conoscere esattamente tutti i parametri dei modelli PK-
PD che descrivono 1 singoli pazienti prima dell'inizio del trattamento.

Sotto queste ipotesi, 1 protocolli di dosaggio adattativo ricavati dal MIRL
per ogni soggetto hanno raggiunto ottime prestazioni in tutti e tre i casi di
studio. Queste strategie di dosaggio basate sul RL e personalizzate sul
singolo soggetto, sono state in grado di ottimizzare su ciascun paziente
diversi outcomes clinici, inclusi quelli a lungo termine (ad esempio, la
probabilita di sopravvivenza del paziente), sia per monoterapie sia per
somministrazioni concomitanti di piu farmaci.

Infine, nel Capitolo 6 sono state proposte due estensioni dell'approccio di
MIRL introdotto in questa tesi per superare le ipotesi semplificative
utilizzate nelle valutazioni sopracitate che, attualmente, rappresentano un
limite all'applicazione delle tecniche di RL/PL-PD nella pratica clinica. In
primo luogo, il framework di MIRL ¢ stato calato in un contesto bayesiano
per superare 1’assunzione che il digital twin del paziente debba esser
completamente noto prima dell’inizio del trattamento. In secondo luogo, ¢
stata presentata una variante del QL, denominata EQL, che sfrutta le
simulazioni Monte Carlo di modelli PK-PD per considerare esplicitamente
la RUV dovuta alle approssimazioni introdotte dal modello.

I risultati ottenuti hanno dimostrato che questi nuovi rifinimenti del
paradigma MIRL incentrato sullo specifico paziente possono superare con
successo le principali limitazioni di questo workflow, favorendo dunque una
sua applicazione nella pratica clinica attuale.
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Nonostante siano necessarie ulteriori investigazioni, i risultati presentati
in questa tesi evidenziano le potenzialita degli approcci MIRL per supportare
una vasta gamma di scenari di precision dosing e propongono alcune
soluzioni interessanti per accelerare la loro integrazione a supporto della
farmacologia clinica di ogni giorno.
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Abstract (English)

Precision dosing is a revolutionary clinical approach within the precision
medicine landscape which allows to overcome the current limitations of the
classical one-size-fits-all approach. This patient-centric approach earnt lot of
attention from both the clinical community and regulatory agencies due to
its potentialities to optimize therapeutic outcomes for drugs with a narrow
therapeutic window, significant inter-individual variability (IIV), severe
adverse effect (AEs) from overdosing or administered in special populations.
One of the main frameworks within precision dosing landscape are adaptive
dosing strategies which leverage the monitoring of efficacy and toxicity
biomarkers specific to each patient in order to customize the
pharmacotherapy.

Pharmacometrics modeling is central to support precision dosing
problem, and the Model Informed Precision Dosing (MIPD) approach has
rapidly gained momentum. The recent outbreak of Artificial Intelligence and
Machine Learning (AI/ML) within pharmacometrics presents an opportunity
to explore novel hybrid methodologies integrating PK-PD modelling with
AI/ML techniques to improve MIPD in adaptive dosing context. Among
these, Reinforcement Learning (RL), a ML subfield characterized by
algorithms for solving sequentially precision dosing problems, gained lot of
interest. Indeed, RL naturally fits to precision dosing problems involving
periodic patient monitoring and adaptive dosing strategies. Consequently,
the integration of PK-PD modeling with RL, referred to as Model-Informed
RL (MIRL), is currently at the core of the debate in pharmacometrics to
support precision dosing.

The aim of this thesis is to explore the potentialities of the RL/PK-PD
framework to support precision dosing problems, addressing the limitations
of existing approaches in literature. In particular, a novel MIRL framework
was here developed to learn clinically acceptable adaptive dosing strategies
tailored to individual patients. It was applied and evaluated on several real -
world-based precision dosing problems, including both approved and under-
development drugs. Furthermore, a literature MIRL framework was adapted
in this dissertation to automatically derive general, clinically acceptable
adaptive dosing rules for patient populations, allowing for a more
comprehensive understanding of the potential and challenges of MIRL
approaches.

A brief introduction of main precision dosing concepts is provided in
Chapter 1. Then, Chapter 2 introduces a formal description of the patient-
specific MIRL workflow developed in this thesis, highlighting also its
differences from existing RL/PK-PD approaches. The novel MIRL
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framework employs Q-learning (QL) as RL algorithm, thus introducing a
personalized QL-agent (QLind) trained for each specific patient. This hybrid
RL/PK-PD approach leverages patient digital twins to provide the experience
necessary to train QLind-agents for solving precision dosing tasks. These
individual virtual replicas correspond to patient PK-PD models characterized
by a set of individual model parameters and covariates. This framework
allows a deeper level of personalization than traditional MIRL approaches,
which typically rely on training a single RL-agent on an entire patient
population, resulting in general adaptive dosing protocols.

The patient-centric MIRL framework was evaluated on three real
precision dosing problems of increasing complexity, presented in Chapters
3-5. These evaluations were characterized by necessary simplifications for a
clearer assessment of the methodology. It was hypothesized that patient PK-
PD models perfectly describe the pharmacotherapy and, residual
unexplained variability (RUV) due to model misspecification was neglected.
Furthermore, a full knowledge of individual patient PK-PD parameters prior
to treatment start was assumed.

Under these assumptions, individually tailored MIRL adaptive dosing
protocols achieved very good performances on the three case studies. Such
RL-based strategies were able to optimize on each patient various treatment
outcomes, including long-term ones (e.g., patient survival probability), for
both monotherapies and concomitant drug administrations.

Finally, in Chapter 6 two extensions of the MIRL approach were
developed to overcome the assumptions used in this evaluation that represent
a limit to a practical application of MIRL within clinical setting. First, a
Bayesian MIRL framework was developed to account for the impractical
assumption of fully characterized patient digital twins before treatment
begins. Secondly, a variant of QL algorithm combined with PK-PD Monte
Carlo simulations, (EQL), was presented to explicitly tackle RUV due to
model misspecifications. The obtained results demonstrated that these
techniques can successfully address key limitations of the individual-
oriented MIRL paradigm.

Although further research is needed, the results presented in this thesis
highlight the potentialities of MIRL approaches to support a wide range of
precision dosing tasks and propose some interesting solutions to move them
closer to real-world clinical applications.
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Chapter 1

Introduction

The concept of personalized medicine dates back to the Greek era.
Already Hippocrates remarked in his writings on the importance of
customizing pharmacological treatment according to individual
characteristics [1,2]. Twenty-five centuries after the father of modern
medicine, the breakthrough of human genome mapping [3] generated new
interest in personalized therapies leveraging the knowledge of patient genetic
makeup [4-6]. Starting from the 2010s, personalized medicine’ was
extended by the broader notion of ‘precision medicine’. As defined by the
US National Research Council, precision medicine refers to an emerging
healthcare approach tailoring disease prevention and treatment on patient
characteristics [7-9]. In this framework, multimodal information including
not only genomics but also laboratory results and imaging are leveraged to
identify the most effective treatment plan for each individual [7,9].

Precision medicine was definitively brought into the spotlight when US
president Barack Obama launched the $215 million ‘Precision Medicine
Initiative’ in 2015 [9,10]. Following this announcement, the interest in
precision medicine grew exponentially [11-13], reaching more than 30,000
publications annually in the PubMed database from 2020 onward [14]. In
particular, the use of Artificial Intelligence (Al) and Machine Learning (ML)
in supporting precision medicine was largely investigated in these works
[15-18]. Indeed, Al and ML algorithms are well-suited to the precision
medicine paradigm due to their ability to process large amounts of data,
automatically detect patterns, and use these uncovered patterns to make
inferences [19]. Several works highlighted promising results of AI/ML
models improving diagnosis, risk prediction and patient stratification,
thereby fostering precision medicine in delivering personalized healthcare
assistance [15,17,18].

Precision medicine is not limited to provide detailed early-diagnosis and
to identify the most appropriate drug for a specific patient having a certain
disease. In fact, once the best compound for that patient has been identified,
the focus of this patient-centric approach shifts to define a tailored
administration protocol maximizing the efficacy-safety trade-off [20]. This
stage pertains to a branch of precision medicine known as ‘precision dosing’
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[21-26]. In this field, pharmacometrics mathematical modelling and
simulations  (M&S)  characterizing drug  pharmacokinetics and
pharmacodynamics (PK-PD) phenomena are the core of clinical decision-
making support [27,28]. Their integration with AI/ML algorithms is
currently under investigation to further optimize dose personalization for
several classes of molecules [29,30].

This thesis deals with the development of a hybrid framework combining
PK-PD M&S with a class of AI/ML algorithms, Reinforcement Learning
(RL), to support the precision dosing process. Several applications to real
precision dosing problems having different degrees of complexity will be
presented in this work. Furthermore, current limitations and possible
solutions towards a clinical application will be discussed.

1.1. Precision dosing workflow

Precision dosing refers to tailoring the administration of a drug to a
specific patient at a given time considering individual factors known to alter
drug disposition and/or response [22,26,31]. The aim of this approach is to
maximize treatment effectiveness in each patient and, simultaneously, its
safety by reducing the onset of drug-related adverse events [20,21,32].

Accounting for individual characteristics in the formulation of a dosing
regimen is crucial for some compounds because different patients may
respond in an extremely different way to the same dose (i.e., inter-individual
variability) and also the same patient may respond differently to the same
dose over time (intra-individual variability). In such cases, the traditional
'one-size-fits-all' paradigm, which follows a dosing protocol that works well
for the majority of patients, can lead to incorrect dosing, thus provoking
serious consequences, including lack of efficacy, uncontrolled disease, and
intolerable, potentially life-threatening adverse effects [22,26].

Consequently, the interest in precision dosing has significantly increased
both within the clinical community and among regulatory agencies (e.g., US
Food and Drug Administration, FDA) and industries [24,26-28,31,33].
Indeed, such approach can potentially improve also the drug development
process by reducing the attrition rates for those molecules showing
inadequate efficacy/toxicity performances with the ‘one-size-fits-all'
approach [26,32].

Therefore, precision dosing has been recommended for those compounds
showing a narrow therapeutic window, significant inter/intra-individual
variability, severe or irreversible adverse effects due to overdosing and/or
for diseases with serious consequences of undertreatment. Moreover,
guidelines proposed this approach in presence of special populations (e.g.,
elderly, critically ill, children) or invasive routes of administration
[22,24,25,32,34-36]. Actually, it is reported in the literature that precision
dosing is required for different classes of compounds such as antimicrobial,
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anticancer, biologics, antiretrovirals, psychotropic, immunosuppressants,
anti-coagulants and anticonvulsants [21,26,31,37].

Adaptive-dosing strategies are a particular precision dosing workflow in
which dose need to be repeatedly adjusted to a time-varying patient condition
[38,39] (Figure 1). In these cases, patients are periodically monitored to
assess disease status and to measure drug plasma concentration (i.e.,
therapeutic drug monitoring, TDM), clinical response or, in most of the
cases, levels of some efficacy and/or safety biomarkers [34,37,40—43]. These
information as well as patient clinical history, are used by clinicians to
modify drug dose by leveraging an available dosing algorithm (e.g., reported
in clinical practice guidelines [44]). Therefore, an adaptive dosing regimen
is formalized by a set of decision rules that specify how the dose (or, more
generally, the treatment) should be repeatedly adjusted through time in
response to an evolving patient profile [45,46].

-
—
-—
Patient history and >
characteristics R
T
ﬂﬂ
. .
Observe current Dose selection following
patient health status guideline dosing algorithm

&J

Figure 1: The workflow of precision dosing based on adaptive dosing
strategies. Patient health status is periodically monitored by performing
measurements of treatment efficacy/toxicity biomarkers as well as
assessments of disease degree. Then, clinicians integrate this information
with previous patient history (e.g., collected into electronic health records)
to select the dose for the next treatment cycle. This decision is taken
considering pre-defined dosing algorithms (e.g., available from guidelines).

1.2. Model-Informed Precision Dosing (MIPD)

The idea that M&S of drug PK-PD could inform personalized adaptive
dosing strategies dates back to the late 1960s with the works of Sheiner and
Jelliffe [27,47—49]. Fifty years later, with the rise of precision medicine and
the rapid expansion of pharmacometrics, this approach gained great
momentum becoming a ‘“state-of-art” method under the name of model-
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informed precision dosing (MIPD)[27,28,49]. Indeed, several commercial
software tools are nowadays available to enable MIPD for different drug
classes [27,50] and different successful implementations of this framework
are reported in the literature [51-54].

The core of MIPD is represented by population PK-PD models (Pop-PK-
PD) which quantitatively describe the PK-PD dynamics of a drug within a
population of patients [27,55,56]. To this end, Pop-PK-PD models are built
leveraging the widespread and well-established framework of non-linear
mixed effect models (NLMEM) [27,56].

In particular, NLMEM are composed by a structural (i.e., deterministic)
component which semi-mechanistically describes PK-PD processes with
parameters-dependent ordinary differential equations. Some stochastic
components are then added to describe the random aspects of the PK-PD
process such as inter/intra-individual variability and residual unexplained
variability (RUV) [56,57]. Inter-individual variability (IIV) describes the
random differences between subject of the same population. Part of the IIV
is typically explained in the NLMEM framework by a covariate model
describing the impact of patients’ characteristics on PK-PD mechanisms. A
further layer of randomness is intra-individual variability or inter-occasional
variability (IOV) that accounts for differences in the PK-PD response
occurring between different treatment episodes. Differently, RUV represents
the unexplained shift between model predictions and observations, which
can be imputable to noise and/or model misspecifications [56—59].
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Figure 2: A schematical representation of the MIPD paradigm supporting
adaptive dosing strategies. Patient history and characteristics (e.g.,
covariates) and Pop-PK-PD models already developed on large populations
are used as prior information which can inform the selection of the starting
dose. Then, efficacy/toxicity biomarkers are monitored during treatment and
observations are merged with prior information to update patient PK-PD
model parameters with Bayesian estimation. Once the model is updated, it
can be leveraged to perform simulations of different dosing scenarios for the
next treatment cycles. Thus, the most likely next-cycle dosage maintaining
the biomarkers in the target range is identified and used to inform dose
adjustment.

In the MIPD paradigm, Pop-PK-PD models are generally combined with
a Bayesian framework which allows the estimation of patient model
parameters by integrating observed data with prior knowledge. As illustrated
in Figure 2, Pop-PK-PD models already developed on large datasets are used
as prior knowledge which can be used to inform the selection of the initial
dose. During pharmacotherapy, monitored individual characteristics (e.g.,
drug concentration, biomarker levels) are merged with the prior information
to obtain a Bayesian estimation of patient PK-PD model parameters and their
relative uncertainty. Patient PK-PD model and its parameters set constitute
a digital twin of the real patient [60,61]. Consequently, once this virtual
replica of the patient is updated with the Bayesian estimation, simulations of
different dosing scenarios are performed to identify the most appropriate
dosing schedule to reach the targeted endpoints [27,49,62—64].

Another possible usage of Pop-PK-PD models within the MIPD context
is to define and/or fine-tune a general adaptive dosing protocols for specific
populations or sub-populations of interest (e.g., stratified by patients
covariates). In this case, a trial-and-error-procedure is performed and Pop-
PK-PD model simulations are used to evaluate both the efficacy and safety
of the candidate adaptive dosing algorithm [27,45,65,66]. Therefore,
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simulation results are used to inform changes in the dosing protocols or
comparing different strategies.

1.3. Reinforcement Learning for precision dosing

The recent outbreak of AI/ML in pharmacometrics represents an
opportunity to explore novel methodologies to further improve MIPD in the
context of adaptive dosing strategies[27,67—70]. In particular, RL is a branch
of ML which naturally fits to precision dosing problem based on periodic
patient monitoring and adaptive dosing strategy [39,71-75].

Indeed, RL includes a set of algorithms for solving sequential decision-
making problems, where an agent (i.e., the decision-maker) interacts with a
system over time to steer it toward a given target condition. RL algorithms
aim to estimate an optimal policy that allows the agent to select, at each
system state, the best action to achieve the desired target condition on the
system [76]. The optimal policy is learnt through a trial-and-error interplay
between system and agent: at each system state, the agent tries different
actions on the system and evaluates their consequences (i.e., new system
state) based on a reward signal quantifying the suitability of the performed
action to achieve the final goal [76]. In the context of precision dosing, the
agent represents the clinician that periodically monitors the patient status
through efficacy/safety biomarkers (i.e., system state) and consequently
selects the dose to administer (i.e., action). Patient response in terms of
biomarker level (i.e., new system state) is observed and the suitability of the
administered dose (i.e., selected action) is quantified based on distance from
the target (i.e., collection of the reward) [30,39].

Therefore, when applied to a precision dosing problem in which the dose
needs periodic adjustments according to patient monitoring, RL algorithms
have the potential to learn the optimal dosing strategy to achieve the targeted
therapeutic goal. Consequently, the interest around this ML subfield has
rapidly grown among pharmacometricians and its potentialities and pitfalls
are currently at the core of the debate [39,71,74].

RL algorithms require a trial-and-error procedure based on trying
different actions/doses at each system/patient state to estimate the optimal
dosing policy. Due to obvious ethical concerns, RL algorithms for precision
dosing cannot be directly developed on actual patients as this would mean
exposing a large number of patients to potentially suboptimal or, even,
dangerous treatments [39].

A first approach adopted in different literature works was based on
training RL algorithm on retrospective clinical data from previously treated
patients [30,39,71,77,78]. However, the amount of data needed to adequately
train a RL algorithm is extremely high. For example, in [77] 170,000 clinical
records were used to estimate the optimal dosing policy of antiseptic
medications in intensive care unit patients. In addition, learning datasets
should include a multitude of dosing scenarios, even those particularly
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harmful for patient safety (e.g., extreme over/under dosing conditions).
Datasets with these characteristics are cannot generally be collected and
made available both in the clinical and the clinical trial settings [39]

To overcome these issues, different works have underlined the importance
of integrating Pop-PK-PD models within the RL framework, thus funding a
novel approach i.e., Model-Informed Reinforcement Learning (MIRL) for
precision dosing [30,39,73,79,80]. Model simulations are central in this
hybrid technique as they compensate for the lack of real-world experience,
thus allowing a better training of RL-agents based on several simulated
dosing scenarios, including those life-threatening [73,79].

Preliminary literature works used MIRL to derive an optimal dosing
strategy for an entire patient population which translates into having a single
RL algorithm trained to optimize treatment for all the patients in the
population [39]. More in details, such approach was applied to optimize
propofol-induced anesthesia [73,81-84], anticancer treatments [74,75,85—
88], anticoagulant therapy with warfarin [89,90], insulin injection in
diabetics [91] and hemodialysis in anemia patients [92].

The obtained results shown that protocols designed by MIRL reached
equivalent or superior performances with respect to guidelines dosing
strategies (i.e., formulated by expert clinicians) and traditional control
algorithms (e.g., proportional-integral-derivative controller, PID) [83].
Interestingly, it was demonstrated that MIRL works in average well in
populations characterized by low to moderate IIV [39]. However it was
demonstrated that in case of high IIV, the RL-based precision dosing
strategies could work sub-optimally or inefficiently [39,73]. Some additional
limitations affect the current MIRL approach. For example, available studies
on MIRL are often limited by a simplified representation of the precision
dosing problem leading to infeasible dose suggestion due to clinical
unacceptability [39,79]. Furthermore, in most of these works, RL was
challenged to optimize only one treatment efficacy end/or toxicity endpoint,
neglecting other potentially relevant biomarkers of clinical interest [74].
Some works used a simplified structural PK-PD model while in others not
all sources of random variability (i.e., RUV, IIV, and when present, IOV)
where considered [39,74]. Finally, there is still lack of knowledge on the
performances of MIRL on the optimization of both long-term outcomes (e.g.,
overall survival) and concomitant drugs administration [74].

1.4. Thesis Overview

Following the above considerations, the aim of this thesis is to explore the
integration of RL with PK-PD models to deliver precision dosing, addressing
the limitations of the works currently available in the literature. In this work,
a novel MIRL framework to learn clinically acceptable adaptive dosing
strategies tailored on each patient will be presented and evaluated on real
precision dosing problems throughout the work. Both already approved and
under development drugs will be considered to show also the potentialities
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of this method in the clinical trials context. In this investigation, the literature
MIRL framework [73,81-85,88,89,92] will be adapted to derive a set of
general clinically acceptable adaptive dosing rules (i.e., a single RL-based
controller for all the patient population) on some of the proposed precision
dosing scenarios to better understand its potentialities and challenges.
Furthermore, this strategy will be used as benchmark for the novel MIRL
framework to provide a more robust assessment of its potentialities.

In Chapter 2, the focus will be on presenting the methodologies
implemented in this thesis. First, the mathematical background of RL and
the main algorithm used in thesis, Q-Learning, will be discussed. Then, the
attention will be moved to the novel implemented MIRL methodology for
precision dosing and its differences with the literature-based approach.
Appendix A extends this chapter by providing an overview of the other RL
algorithms available.

Chapters 3 to 5 and their respective appendices (B-D) provide a detailed
evaluation of the implemented MIRL workflow on three real precision
dosing problems of increasing complexity.

First, in Chapter 3, erdafitinib precision dosing will be leveraged to
demonstrate how this novel framework can be used to optimize a single
efficacy and toxicity endpoint with personalized dosing strategies. Then, in
Chapter 4, the focus will shift to challenging the MIRL methodology to
jointly optimize the multiple safety/efficacy biomarkers of givinostat
precision dosing in polycythemia vera patients. Chapter 5 will present an
application of the proposed MIRL approach to optimize short and long-term
outcomes in presence of concomitant drugs administration. To this end, the
axitinib/anti-hypertensive precision dosing problem will be considered as
case study.

In Chapter 6 main aspects limiting the application of the proposed method
within the clinical practice and possible solutions to circumvent them will be
discussed through different applications. Information supporting this chapter
will be in Appendix E.

Finally, an overall conclusion is reported in Chapter 7.
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Chapter 2

Integrating RL and PK-PD models in
the precision dosing context!

The aim of this chapter is presenting how RL and PK-PD models can be
coupled to optimize adaptive dosing protocols. To this end, first, the
mathematical background of RL will be described in sections 2.1.1. and
2.1.2. following the dissertation provided by A.S. Sutton and A.G. Barto in
[76]. Secondly, the RL algorithm used in this thesis, Q-Learning (QL), its
numerical implementation and technical advantages will be the core of
section 2.1.3. Further details on other RL algorithms available in literature
are reported in Appendix A.

After this theoretical background on RL and QL, the MIRL methodologies
implemented in this thesis will be extensively covered in section 2.2. In
particular, section 2.2.1. will illustrate an adaptation of the most common
literature MIRL approach to derive general adaptive dosing strategies within
a target population. Finally, in section 2.2.2., the focus will be on the
developed novel MIRL paradigm which provides a deeper level of treatment
personalization by learning a patient-specific adaptive dosing protocol.

2.1. Reinforcement Learning

RL is a ML branch including a set of algorithms to solve sequential
decision-making processes in which a decision-maker (i.e., the agent) aims
to control a system. Therefore, the goal of RL methods is to learn an optimal
decisional policy that allows the agent to select, at each system state, the best
action to drive the system towards a target condition. To this end, RL
emulates learning from interaction process performed by humans and other
animals [72,76]. Indeed, RL algorithms use a trial-and-error procedure in

1 The content of this chapter was published in [39].
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which the agent, at each system state, tries different actions on the system.
Then, a reward is returned to the agent by the system to evaluate the
consequences of agent’s actions (i.e., new system state). This feedback signal
is crucial to learn the optimal policy as it teaches which action, depending
on the current system state, is the most appropriate to achieve the final goal.

This qualitative description of RL algorithms will be mathematically
formalized in sections 2.1.1. and 2.1.2.

2.1.1. Markov Decision Processes

The mathematical framework of RL is represented by a finite Markov
Decision Process (MDP) which describes a sequential decision-making
scenario in a discrete domain [76,93,94]. This original formulation was also
extended to a continuous space as detailed in [95]. Figure 3 provides a
graphical representation of a finite MDP, in which the agent, representing
the decision-maker, interacts with the system (alternatively named
environment) to steer it towards a target condition. In particular, it is
assumed that the agent-system interplay occurs at each step of a finite time
sequence, t = 0,1,2,---,T. At each step t, the agent observes the system
state, S; = s, and, consequently, performs an action, A; = a, on the system.
At step t + 1, the system evolves to the next state, S;,;, and the agent
receives a reward, Ry, 1, In response to its previous action. The reward
signal quantifies the goodness of the agent action with respect to the final
aim. Therefore, a higher R;,; is returned by system whether performing
A; = a when §; = s drove the system closer to the target condition.
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Figure 3: Schematical representation of a Markov Decision Process (MDP).

A finite MDP can be mathematically described by the following elements:
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e S ={sq,,sy}, a finite set of N states describing the system;

e A={ay,ay}, a finite set of M actions that the agent can
perform on the system;

e T:SxAxS - [0,1], a Markovian state transition probability
matrix  where, T(s',a,s) = P{S;y1 =5'|S; =s,A; =a} is the
probability that the system evolves to state s’ at time t + 1, given the
current state s and action a;

e p:S'xAxS > Risthereward function where p(s’,a,s) = R4 is
the reward that the system returns at time t + 1 to the agent by evolving
from the state S; = s to S;,; = s’ because of action A; = a.

When repeated for each t =0,1,2,---,T, the sequential agent-system
interaction of Figure 3 generates a sequence or trajectory of states, actions
and rewards:

So, Ao, R1,S1,A1, Ry, S5, Ay, Ry, ...

(1

As the Markov property holds, the probability that at time step t + 1 the
system evolves to state s’ and returns the reward r only depends on the
system state and action at time t. Therefore, the dynamics of a MDP are fully
specified by:

p(s',rls,a) = P{St11 = 5", Reyq = 7|S; = 5,4 = a}.

(2)

From Eq.2 it is possible to derive the state-transition probability

T(s',a,s) =p(s'ls,a) = P{Sty1 =5'|S; = 5,4 = a} = Z p(s',rls,a)

TER
(3)

and the expected reward for state-action-next state triples:

_ Zrerp(s, 7S, Q)

r(5,0,5") = ERs1lSe = 5,40 = @,5eq = 5] = 200

(4)

As described in Figure 3, at each time step t, the agent performs an action
a based on the observed current system state. In the original MDP
formulation, the state-action mapping is called policy and it is represented
by a stochastic function,m;: A x S = [0,1], where m:(s) = P(4; = a|S; = 5)
is the probability of performing the action a, being the system in the state s.

After every action, rewards are returned by the system and their values
are higher if the performed actions are useful to reach the target system
condition. It is intuitive that maximizing the rewards collected at each time
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step t (i.e.,Ry, R, R3 ... ) leads to achieving the final goal on the system. This
aspect is formalized through the discounted return, G, defined as:

T
Gy = Rey1 + YRip2 + V?Rpyz + - = Z Y*Revkr1s
k=0

(5)

where the discounted rate y € [0,1] determines the importance of future
rewards. If y is close to 0, the agent is myopic and maximizes only
immediate reward; on the contrary, with, y = 1, agent becomes more
farsighted.

Therefore, solving a MDP implies finding the optimal policy, 7",
maximizing G;.

2.1.2. Policy and Value Functions

RL algorithms were developed to solve MDP providing an estimation of
n*. To this end, such methods rely on utility functions, called state-value
function and action-value function. The state-value function, V™: S - R
returns the expected value of G, obtained by the agent by starting in the state
s at time t and following the policy m thereafter:

T
V(s) := Eg[G¢|S; = s] = E, [Z Vth+k+1|St = 5]-
k=0

(6)

Similarly, the action-value function, or Q-function, Q™: S x A = R returns
the expected value of G; as consequence of performing action a when
system state is s and then following the policy m:

T

Q"(s,a) := Ex[G|S; = 5,4 = a] = En[ Y*Resk+1Se = 5, A¢ = al.

k=0
(7

Both the value functions satisfy important recursive relationships, named
Bellman equations [76]:

Vi) = Y mals) ) p(sris @l + vVl

acA s'eSrer
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= Y p(srlsalr+ V)l

s'eSrer
(8)

The state-value function defines a partial ordering relationship over
policies, i.e., a policy 1’ = m & V' (s)= V(s) Vs € S. Therefore, there
is always at least one policy that is better than or equal to all the other
policies, i.e., an optimal policy, m*. Although there may be more than one
optimal policy, they share the same state-value function, called optimal state-
value function and defined as :

V*(s) =max V™(s)Vs €S.
T
(9)
The optimal policy can, thus, be computed as:
n*(s) =arg maxV*(s)Vs €S.
s
(10)
Optimal policies share also the same optimal action-value function Q*:
Q*(s,a) =max Q™(s,a)Vs €SandVa €A.
s

(11)

As, the optimal action-value function Q*(s, a) and the optimal state-value
function V*(s) are related by the equation:

V*(s)=max Q*(s,a)Vs €S,
a

(12)

if Q*(s,a) is known, the optimal policy 7* can be derived by selecting
action a* which maximizes the optimal action-value function in each given
state s, i.e.,

n*(s) =a* = arg maxQ*(s,a) Vs €S.
a

(13)

2.1.3. Q-Learning algorithm

Q-Learning (QL) is a RL algorithm that estimates the optimal policy
directly from experience, i.e., by collecting sequences of transitions
< St A, St 41, Rep1 >, without the need of specifying the transition
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probability function. QL is a value-based algorithm as it relies on a tabular
approximation of the Q-function for each state-action pair. Given a set of N
states and M actions, QL returns a matrix, Q € RV*™ in which the element
Q[s;, aj] represents an approximation of the Q-function for the action a; in
state s;. This means that the QL algorithm requires the state-action space to
be discrete and small to produce accurate estimations. As illustrated in
Figure 4, these characteristics allow to easily translate the @Q-matrix into a
set of if-then-else rules. Indeed, by applying Eq.13 along its rows, it is
possible to extract the optimal policy.

Q Matrix

QL Rules:

» If System s in state Sy, then take action az
» IfSystem s in state S,, then take action a,
+ If System is in state S, then take action a,

Actions

Figure 4: Translating into human readable "if-then-else" rules Q matrix
optimal policy.

As reported in Algorithm 1, the learning of the Q-matrix is an iterative
process where a single episode composed by T steps is repeated for I times.
Starting from an arbitrary matrix, at each time step t, the entry Q[S;, A¢] of
the matrix is updated with:

Q[S:, Al « Q[S, Arl + @ |Reyq + v arg max Q[Spyq, Ae] — Q[Stht]]

(14)

where «a is the learning rate that weighs the magnitude of the updates.

QL training is applied with a e-greedy strategy to address the
exploitation/exploration dilemma, i.e., the agent should not exploit only the
currently estimated best policy but should also keep exploring the state-
action space in order to potentially discover better strategies. When the ¢-
greedy strategy is adopted in QL training, at each time step ¢, the agent has
a given probability &€ of randomly taking an action instead of the best
estimated action by using Eq. 13.
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Algorithm 1: Pseudocode for Q-Learning algorithm.

Given: set of N states, set of M actions, learning rate «, discount factor y,
a probability €, a maximum number of training iterations /, probability €
init Q matrix arbitrarily
loop for each episode (I times):
Set the current system state to S,
loop for each decisional time step t:
p < uniform random number € [0,1]
if p<e
Select action A; randomly
else
Ay « argmax, Q(S;,a)
Perform A, on the system
Observe next state S;,; and reward R;,
Q (St ) At) <
Q(St, At) + a - [Reyq +y-max, Q(Sev1,a) — Q(Se, Ap)]
Set current system state to Sy,

The easier interpretability of the estimated optimal policy and the low
number of hyperparameters to tune, lead to the application of QL algorithm
in the MIRL frameworks implemented in this thesis (section 2.2.).

2.2. Tackling a precision dosing problem with RL
and PK-PD models

The aim of this section is to provide a detailed description of how RL and
PK-PD models are coupled to solve precision dosing problems based on
adaptive dosing strategies. Since RL algorithms were developed to solve a
MDP, it is necessary to first introduce how such clinical workflow can be
translated into an MDP.

Recalling the workflows of both adaptive dosing strategies (Figure 1) and
MDP (Figure 3), their integration can be easily illustrated with the
schematization in Figure 5.
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Figure 5: Mapping a Markov Decision Process to the context of adaptive
dosing strategies based on patient monitoring.

In particular, the MDP agent/decision-maker corresponds to the clinician
who periodically interacts with the system, which, instead, represents the
patient. At each step of this interaction, the observation of the current system
state is the clinician observing the actual patient health condition, for
example by measuring the level of a biomarker related to treatment efficacy
and/or safety. Then, in both the MDP and the precision dosing frameworks,
the action-selection process is driven by the performed observation. At the
next system/patient evaluation, both the RL agent and the clinician receive
feedback (i.e., reward) on the performed action/dosing strategy by assessing
whether the target system condition/therapeutic goal was achieved or not
(e.g., keeping the biomarker in a target range).

Therefore, this formalization of adaptive dosing strategies in the MDP
fashion allows RL-agent to optimize these precision dosing tasks and to learn
the optimal dosing policy. To this end, as previously discussed, the RL agent
would require a trial-and-error procedure based on trying different
actions/doses at each system/patient state.

Obviously, this approach is practically unfeasible on actual patients due
to safety and ethical concerns. A first solution partially circumventing this
limitation requires the use of large clinical retrospective datasets to robustly
estimate an optimal dosing strategy [30,39,71,77,78]. However, as
underlined in section 1.3, such a large amount of data is rarely available, and
when it is, these data sets often lack a wide variety of dosing scenarios,
including those that could be particularly harmful to patient safety.
Consequently, RL algorithms cannot be efficiently trained with only a data
driven approach [39,73].

Recently, the integration of Pop-PK-PD models within the RL framework
has been proposed to overcome the limitations due to the lack of training

24



Integrating RL and PK-PD models in the precision dosing context

data. This hybrid approach bridging Model-Informed Precision Dosing
(section 1.2) and ML was called Model-Informed Reinforcement Learning
(MIRL) and leverages the simulations of Pop-PK-PD models to generate the
experience needed to robustly train RL-agents [30,39,72,73].

A first MIRL approach consists in using Pop-PK-PD models to generate
synthetic datasets or, alternatively, to enlarge (i.e., data augmentation) the
already available clinical information. In particular, Figure 6 provides a
graphical description of the MIRL workflow leveraging Pop-PK-PD
simulations to generate synthetic training sets for RL algorithms [39]. This
method consists of two sequential steps. First, a large cohort of virtual
patients, each characterized by a set of covariates and PK-PD parameters, is
extracted. Then, different adaptive dosing scenarios are simulated on these
patients by randomly selecting the administered drug amount at each
decisional stage. This strategy aims to investigate the effect of different
dosing protocols and leads to collect several transitions containing the
current patient health status, the administered dose- and the subsequent
evolution of patient conditions. In the second step, all the collected
transitions are used to train the RL agent. At each training step, a transition
is randomly extracted from the training set and the associated reward is
computed and, finally, used to update the estimation of the RL optimal
dosing strategy [39,73].

Step 1: Generate training dataset Step 2: Train RL Agent
————————————————————————————————— e T S T T T T
Input: current patient state ~—
==

Sample patient transition and

* Randomly select a dosing action j dosing action from the dataset

I
! :
| 1
| 1
I 1
1 1
1 1
1 o !
¢ Sj i 3 R 1
Simulate response with the PK-PD model : R {'H‘?f} :
@ _ ) : g i
: Camosrnt Yl = 1
- 1 ]
Z A A ol I 1 —
1) Q
Q. .‘.\ ! Q fﬁ Reward !
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: * Store the patient transition and dosing action : : RL Agent 1
1 A2 . — 1 ! 7 3 !
; ‘[% Ve ]’ = : : |
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Figure 6: Schematical representation of a workflow integrating RL and PK-
PD modelling to generate the experience necessary to train the RL agent for
precision dosing tasks. In this case, two separated steps are required. First,
PK-PD simulations are used to generate the training set by simulating a huge
variety of dosing scenarios in the patients population. Dose selection is
typically randomly performed. Each instance of the training set is a transition
composed by the performed action, and both the current and the next states.
Finally, once the synthetic dataset is obtained, it is used to train the RL agent
to solve the precision dosing task (Step 2). At each training step, a transition
is sampled from the training set, and it is used to estimate the optimal dosing
policy of the RL agent.
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Alternatively to the strategy in Figure 6, Pop-PK-PD models are
embedded as simulation engines within the RL algorithms to predict the
consequences of each dosing action. In particular, as illustrated in Figure 7,
this workflow invokes the PK-PD model simulation following each dose
adjustment selected by the RL algorithm. Thus, this integration perfectly
replicates the agent-system interplay characterizing the MDP in which the
RL algorithms dynamically and continuously learn and adapt the dosing
strategies. Furthermore, it was demonstrated that this approach can facilitate
the identification of optimal precision dosing regimens [73]. Consequently,
the hybrid framework in Figure 7 was used as starting point of the
methodologies implemented in this thesis.
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Figure 7: Hybrid workflow embedding PK-PD model simulation within the
RL framework. At each decisional step, following the dosing strategy
selected by the RL agent, a PK-PD model simulation is performed to simulate
its effects. Then, the reward is computed and used by the RL agent to update
its dosing policy.

As detailed in section 1.2, pharmacometrics models are leveraged in the
precision dosing context to both optimize adaptive dosing protocols in target
populations/sub-populations of patients and to tailor dose adjustments at
single patient level by monitoring efficacy/toxicity biomarkers
[27,45,49,62—66]. Therefore, in this thesis, starting from the workflow in
Figure 7, different MIRL techniques were defined and evaluated to support
both these two tasks.

More in details, section 2.2.1 will provide a description of the
implemented framework to derive an optimal dosing protocol for an entire
target population. Differently, in section 2.2.2 a novel MIRL approach to
provide patient-tailored adaptive dosing rules will be presented. In both
scenarios, all the developed methodologies leverage QL as RL algorithm due
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to its easy interpretability of the estimated optimal dosing policy (Figure 4)
and the low number of parameters to fine-tune (Algorithm 1). However, the
following approaches can be easily extended to the other RL techniques
reported in Appendix A.

2.2.1. Learning an optimal adaptive dosing protocol for an entire
patient population with RL and PK-PD models

Optimizing an adaptive dosing protocol on a target population implies
finding general dose-adjustment rules that satisfy efficacy and toxicity
criteria for most of the individuals. From a MIRL perspective, this aspect
leads to the use of a unique RL agent to guide the treatment of all the patients.
Therefore, considering IIV of the PK-PD response during the training of the
RL algorithm is essential to obtain generalizable adaptive-dosing strategies
able to balance the efficacy/toxicity tradeoff in the target population. To this
end, starting from the seminal works available in literature [39,71-74,78],
the workflow in Figure 7 was adapted in this thesis as illustrated in Figure 8.

RL Agent

‘at - Doses,;
b 5 Simulated }/&f
S iomarker levels, f
S ——— Vo
& — T

==

s s

i ® e 0 0 O
5 Smllculaltedl -& 223
tomarker LevelSesq Virtual Patient
Population

Figure 8: Model-Informed Reinforcement Learning workflow to estimate a
general adaptive dosing protocol for an entire population of patients. RL
agent was represented in a tabular form coherently with the Q-Learning
algorithm used in this thesis.

In particular, a single RL agent is trained to simultaneously optimize the
drug administration in all the patients (i.e., in terms of covariates and PK-PD
model parameters) of the target population. Therefore, at each time step, PK-
PD simulations outputs are fed to the agent in order to assess the current
health status of the patients. Then, for each of them, a specific dose is
selected and, its effect (i.e., next state) is assessed by running other PK-PD
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simulations. Finally, the rewards in the population are computed and
integrated to update the estimation of the RL-based optimal dosing policy.

Merging the reward coming from the different individuals is central to
derive a general and robust, with respect to IV, dosing protocol for the
whole patient population. Indeed, through this procedure, the RL agent can
evaluate whether the same dose administered in different patients (e.g., with
different disease/PK-PD characteristics) having the same health status (e.g.,
observed biomarker level), is generally suitable to optimize the
efficacy/safety balance in the population.

In the implemented framework, updates of the optimal policy coming
from different patients but referred to the same state-action pair, were
merged by performing an averaging operation. This strategy was preferred
to techniques reported in literature as led to a stable estimation of the action-
value function (Eq. 8) and avoided the introduction of further layers of
complexity (e.g., hyperparameters) in the RL algorithm [76,96,97].

Algorithm 2 summarizes the framework in Figure 8 through a
pseudocode. Its formulation is based on QL (section 2.1.3) as it was used in
all the case studies presented in this thesis due to its easy interpretation of
the estimated optimal policy and the lower number of hyperparameters
(section 2.1.3.). Consequently, a QL-specific updating strategy was defined
to merge the contributions coming from the different patients for each state-
action couple. However, the following considerations can be easily extended
to the other RL algorithms presented in Appendix A.

As reported in Algorithm 2, at each decisional step, for the | — th patient
in the target population, the transition, b =< s;,aj, Sp,;, 77 >, is stored in
the buffer B. Note that subscripts i and m refer to a system/patient state
belonging to the finite N-dimensional set S; j to an action within the M-
dimensional set A. Then, recalling Eq.14, for each s;, a; couple in B, the

average update u(si, aj) is computed through Eq.15

K
1

u(si’ a]) = Ez Tk + Y- maaX Q(S’m,k , a)’
k=1
(15)
with K being the number of transitions in B containing s;, a;. Finally,
each Q(sl-, aj) is updated with:
Q(si, aj) = Q(si,aj) +a- [u(si, aj) - Q(si, aj)].

(16)
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Algorithm 2: Pseudocode of the framework integrating PK-PD model
simulations and QL algorithm to estimate an optimal general dosing protocol.

Given: population of L patients each with a set of covariates set X; and of
PK-PD parameters 6;, PK-PD model f(t, X, 8), QL algorithm, O number
of treatment cycles, I number of training iterations, B transition buffer, D
update buffer, probability €
init QL agent
loop for each training iteration (I times):
loop for each patient in the population (L times):
Set patient initial state
loop for each decisional step (O times):
loop for each patient in the population (L times):
QL agent selects a; level for the [ — th patient considering the
current patient state s;
simulate the effect by calling f(t, X;, 0;)
update new patient health status s,
compute reward r
store the transition b =< s;;,a;, Sy, ;, 1 > in B
loop for each s;, a; couple in B:
compute the average QL update u(si, aj) using Eq.15
update QL agent decisional policy with Eq. 16

2.2.2. Learning patient-specific adaptive dosing strategies with
RL and PK-PD models

In the context of precision dosing based on adaptive dosing strategies,
pharmacotherapies can be customized at a single individual level rather than
on the entire population/sub-population. When the focus is on the single
subject, the MIRL approach presented in section 2.2.1 does not properly fit
to this patient-centric optimization. Indeed, such method estimates the
optimal dosing policy by considering the effects of a dosing strategy on the
entire patient population (i.e., integrating the rewards returned by all
individuals). Furthermore, it was shown that in presence of high IIV
(especially when not explainable by the covariates), protocols based on the
MIRL method in section 2.2.1 can work sub-optimally or inefficiently for
some patients if their PK-PD characteristics are strongly deviated by the
typical ones [79,98].
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Figure 9: Schematization of the novel Model Informed Reinforcement
Learning framework introduced to derive patient-specific adaptive dosing
protocols. For each individual a personal RL agent is used to customize the
dosing schedule. To this end, a virtual patient (i.e., a PK-PD model with
patient covariates and parameters) is used to generate the experience
necessary to learn the optimal RL-based dosing protocol. RL agent is
represented in the tabular form of QL as it represented the main RL algorithm
investigated in this thesis.

To address these issues, following the seminal work of Meier et al. (2021)
[80], a novel MIRL approach is here introduced to tailor an adaptive dosing
strategy on a single patient (Figure 9).

In this new paradigm, the shift in treatment optimization from an entire
population to a specific individual translates to moving from a unique RL
agent trained on an entire patient population, to a personal RL agent trained
on a specific patient. Therefore, each patient in the population will be treated
following the adaptive dosing protocol obtained by a dedicated patient-
specific RL agent.

Another central feature of this framework is the leveraging of patient
digital twin to provide the experience necessary to train the RL agent for
solving the precision dosing task [60,61]. This virtual replica of the patient
(i.e., virtual patient in the schematization of Figure 9), is a PK-PD model
with an individual set of parameters and covariates describing the
pharmacological response for that specific individual.

Assuming that the virtual patient adequately represents the real patient,
PK-PD simulations are embedded within the RL framework to estimate the
personalized optimal dosing policy. In particular, as illustrated in Figure 9,
the patient virtual twin is used to mimic the agent-system trial-and-error
interplay typical of MDP. Therefore, the RL agent can dynamically
experiment and evaluate through the reward signals several dosing strategies
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on the virtual patient. Thus, the optimal adaptive-dosing strategy for the
single patient can be learnt following an exhaustive exploration of the
decisional space.

Obviously, this framework is not feasible without using a virtual twin, as
it would require testing several dosing strategies directly on the patient and
then, use this data to train the RL agent.

The implementation of the novel workflow in Figure 9 is formally
described with the pseudocode in Algorithm 3. Although its
conceptualization is reported for Q-Learning algorithm (section 2.1.3), it can
be easily generalized and extended to the other RL algorithms presented in
Appendix A.

Algorithm 3: Pseudocode of the novel MIRL framework to tailor adaptive
dosing strategy on a single patient.

Given: patient with a set of covariates X; and of PK-PD parameters ,,
PK-PD model f(t, X, ), QL algorithm, O number of treatment cycles, [
number of training iterations, probability €
init QL agent
loop for each training iteration (I times):
Set initial patient state
loop for each decisional step (O times):
QL agent selects a; level for the [ — th patient considering the
current patient state s;
simulate the effect of a; by calling f(t, X;, 8)
update new patient health status s,,
compute reward r
update QL agent
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Chapter 3

Optimizing a single efficacy/toxicity
endpoint. Application of the RL/PK-
PD framework to the erdafitinib
precision dosing problem?

This chapter aims to present a first application of the novel MIRL
paradigm described in section 2.2 to tailor adaptive dosing strategies on each
specific patient.

Here, it is evaluated on a relevant case study directly derived from clinical
oncology, i.e., the erdafitinib (Balversa, Janssen Pharmaceutical companies)
precision dosing in metastatic urothelial cancer patients [99—103]. According
to FDA guidelines, erdafitinib administration follows an adaptive dosing
protocol based on the monitoring of the serum phosphate concentration
levels ([POy4]serum), acting as efficacy/safety biomarker [104]. However, due
to the narrow therapeutic window and significant IIV of pharmacological
response [100], erdafitinib therapy could potentially benefit from a
personalization of the adaptive dosing protocol at individual patient level.

Therefore, the novel MIRL framework described in section 2.2.2 is used
to customize the adaptive dosing rules of erdafitinib on each patient deriving
clinically acceptable administration strategies. To provide a robust
evaluation of this patient-centric MIRL approach, its performances are
benchmarked by the FDA approved erdafitinib adaptive dosing rules and the
MIRL-based general protocol obtained with the methodology illustrated in
section 2.2.1.

This chapter is structured as follows. First, erdafitinib precision dosing
problem and its FDA approved adaptive dosing protocol will be illustrated
in section 3.1.1. Then, sections 3.1.2.1.-2-3.1.2.5. will show how to setup the

2 The content of this chapter is published in [79].
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MIRL framework to optimize erdafitinib precision dosing. Consequently, the
focus will be on showing the formalization of this case study using the
essential bricks of a RL algorithm (QL). Sections 3.1.2.6. and 3.1.2.7. will
describe the technical implementation of the MIRL frameworks and the
evaluation study performed, respectively. Finally, sections 3.2 and 3.3 will
illustrate and discuss the obtained results. Supplementary materials
supporting this chapter are reported in Appendix B.

3.1. Methods

3.1.1. Erdafitinib case-study

Erdafitinib is an orally administered inhibitor of the fibroblast growth
factor receptors (FGFR) approved for the treatment of metastatic urothelial
carcinoma [99-103]. [PO4]serum level is the most important efficacy/safety
biomarker for erdafitinib treatment [99,100,105]. Indeed, [PO4lserum
increases as a consequence of the FGFR target engagement [102,106] and a
[PO4]serum level >5.5 mg/dL was found to correlate with a better response
in terms of progression free survival [99]. At the same time,
hyperphosphatemia, i.e., an excessive [PO4]serum level (= 7mg/dL) is the
major cause of drug-related adverse events [99].

Consequently, the FDA-approved erdafitinib protocol is based on an
adaptive dosing strategy (Figure 10) aiming to maintain the [PO4]serum
within the target range, [5.5,7) mg/dL [104]. Briefly, five discrete dose
levels, i.e., 4, 5, 6, 8 and 9 mg/day, are available. Treatment always starts at
a dose of 8 mg/day. After two weeks (14" day) of treatment patients are
monitored and initial dose increased to 9 mg/day in case of insufficient
efficacy, i.e., [PO4lserum < 5.5 mg/dL. After the first evaluation, patient
monitoring typically occurs on a monthly basis. In case of
hyperphosphatemia events, erdafitinib administration is temporarily
interrupted, patient are monitored weekly, and treatment is resumed when
[PO4]serum returns < 5.5 mg/dL (Figure 10, Panel A). The resumption dose
depends on the hyperphosphatemia severity, discretized in three grades, i.e.,
[7,9] mg/dL, (9,10] mg/dL and > 10 mg/dL, and on the duration of the
treatment interruption (Figure 10, Panel B).

A population PK-PD model describing the erdafitinib PK and its effect on
[PO,4]serum is available [99—101]. Model equations and population parameter
values are reported in Appendix B. Based on this PK-PD model, an in silico
evaluation of the FDA-approved adaptive dosing protocol of erdafitinib was
performed [100]. It revealed that, after four months of treatment (i.e., the
median time for assessing treatment efficacy [100]), the 30% of patients was
expected to have [PO,)gerum Within the target range, [5.5,7) mg/dL. 1t is
also highlighted a high IV of pharmacological response [100].
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Figure 10: Flow chart of the FDA approved adaptive-dosing protocol of
erdafitinib. Dose levels are adjusted according to the [PO,]gerum level (Panel
A). In case of treatment interruption, the resuming dose is selected based on
the severity of the hyperphosphatemia event and on the interruption duration
(Panel B).

3.1.2. RL-based precision dosing of erdafitinib

Erdafitinib precision dosing problem was formalized through a finite
MDP (section 2.1.1.). Therefore, the three key elements of a MDP, i.e.,
system states, agent actions and reward function, have to be designed
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coherently with the clinical application. System state, i.e., patient status, is
described by [PO)gerum Which is periodically monitored to guide dose
adjustment (i.e., agent action). As the clinical goal is keeping [PO4]serum
within the target range [5.5,7) mg/dL, thus guaranteeing a phosphate level
above the efficacy threshold and simultaneously avoiding
hyperphosphatemia events, dose adjustments are evaluated by a reward
function depending on the [PO,]gerum level. QL was used as RL algorithm
in the optimization of erdafitinib precision dosing problem. In particular, QL
was integrated with patient digital twin/virtual population depending on the
MIRL framework and the level of treatment personalization (sections 2.2.1.
and 2.2.2.). To this end, the erdafitinib PK-PD model (section B.1. of
Appendix B) linking drug doses with [PO.lserum and individual
characteristics (i.e., both patient’s covariates and PK-PD parameters) were
leveraged. A more detailed description of the RL-based formalization of
erdafitinib precision dosing problem is discussed in sections 3.1.2.1-3.1.2.3.

3.1.2.1. Reward function

The reward function was a RP —» R function of the RP vector,
[PO4)obs = ([PO4lops 1, - [POslopsp), containing D observations of daily
[PO4)serum » Where D depends on the number of days between two
consecutive patient monitoring, i.e., 7, 14 or 28 days. The reward is given by
the sum of two contributes weighted by the coefficients f; and 5, (Eq.17):

ZiDzl h([P04]obs,i)
D

D
Reward([P0O4],ps) = P1 'Zg([PO4]obs,i) + B2 -

=1
(17)
where the expressions of the functions g and h are reported in Eq.18 and

Eq. 19, respectively.

0.5 - exp(—=2z - [=([PO4lobs; — 5:5)])  if [PO4)ops; < 5.5mg/dL
min(1, ([PO4]ops; — 5.5) +0.5) if [PO4)ops; € [5.5,6.25] mg/dL
min(1, ([PO,]osp; — 6.5) + 1) if [PO4)opsi € (6.25,7) mg/dL

9([PO4)obsi) = 10.5 - exp (—/11 - ([PO4)ops,; — 7)) if [PO4]ops,i € [7,9] mg/dL

0.18 - exp (—2 - ([PO4lons — 9) ) if [POslons: > 9mg/dL
/11 = 0.5, /12 = 1.5

(18)

1 [PO4lops; € [5.5,7) mg/dL
0 otherwise

h([P04]obs,i) = {

(19)
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Figure 11: Reward assigned to daily observed [PO4]serum » [PO4lops,i» With
function g (Eq.18).

The first term in Eq.17 accounts for the [PO4]serum l€Vels as transformed
by function g. As illustrated in Figure 11, it assigns higher reward to actions
bringing [PO4lserum close to the efficacy range with the maximum
renumeration for the [6.25,7) mg/dL interval since a higher [PO4]serum 1S
associated with a better response in terms of overall survival and progression
free survival [99]. Conversely, actions leading to hyperphosphatemia or
inefficacy are penalized. The penalty becomes more significant as the
biomarker moves further away from the target window. The second term
assigns an extra reward proportional to the percentage of days in a treatment
cycle in which [PO4]serum 18 maintained in the [5.5,7) mg/dL range. The
coefficients ; and B, were arbitrary fixed to 10 and 5, respectively. In this
way, the first term in Eq. 17, that represents the core of the reward function,
has an higher weight than the second one, that was introduced to stress the
importance of maintaining [POy4]serum in the target range and to increase the
gap, in terms of reward, between actions leading to efficacy and those
bringing [PO4]serum to toxicity or inefficacy.

3.1.2.2. System/Patient health state

The state of the system (patient) is described by a tuple of three elements,
X ={Lpo,, Dp, Lint}. The first, Lpo, accounts for the [PO4]serym Observation
at the monitored day, discretized in six levels, as detailed in Eq.20:
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1 if [POy]serum < 5.5mg/dL (inef ficacy)
2 if [PO4)serum € [5.5,6)mg/dL  (ef ficacy — 1)
Lpo ([P04]serum ) — 3 lf [P04]se'rum € [6:65) mg/dl‘ (effi‘cacy - 2)
* 4 if [POy]serum € [6.5,7) mg/dL (ef ficacy — 3)
5 if [POs)serum € [7,91 mg/dL (moderate hyperphosphatemia)
6 if [POylserum > 9 mg/dL (severe hyperphosphatemia).

(20)

In particular, the efficacy range [5.5,7) mg/dL was subdivided into three
intervals to allow the QL agents to select different actions depending on
whether the [POy4]serum 1S located in the lower ([5.5,6) mg/dL), the middle
([6, 6.5) mg/dL) or the upper ([6.5,7) mg/dL) part of the target window. The
second element of patient state, Dp, codes for the last administered dose.
Only the five clinically available dose levels, i.e., {4,5,6,8,9} mg/day, were
considered. Dose level is coupled with a sign (+/-) that is negative if the
treatment is temporarily interrupted, positive otherwise (Eq. 21). This was
an arbitrary convention adopted to store two pieces of information, i.e., the
temporary interruption and the triggering dose, in a compact form. Indeed,
storing information on the dose leading to an interruption is necessary to
choose the resumption dose. A flag value equal to —1 encodes for the
treatment beginning in which the initial dose must be determined.

-1 for the initial state
Dp =4{—4,—5,—6,—8,—9 for doses provoking a temporary treatment interruption
4.5,6,8,9 otherwise.

(21)

Finally, L;, stores the discretized [PO4]serum level (Eq.22) that caused a
temporary treatment interruption, [POglserum,nt. - As the severity of
hyperphosphatemia event triggering treatment interruption is a key clinical
factor for the choice of restarting the treatment and of the resuming dose,
Lint was defined to distinguish between severe (L, = 6) and moderate
(Lint = 5) conditions. A flag value —1 was arbitrary assigned to states not
associated with a temporary interruption.

5 if [P04]serum,int. € [7:9] mg/dL

Lint([P04]serum) =46 if [P04]serum,int. >9 mg/dl‘
—1 no interruption

(22)

An initial set of 60 couples {Lpo 4,Dp} was defined by combining all the
Lpo, values with each Dp # —1 . Couples associated with treatment

interruption, i.e., with Dp < —1, were combined with all the positive values
of L;;; conversely, the ones with Dp > 0 were combined only with L;,,; =
—1, obtaining 90 different states. Since the temporary treatment interruption
causes a [P0y ]serum decrease, interruption states with a post-discontinuation
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[PO4]serum greater than the before-discontinuation [POy]lserym (i-€., Lpo, >
Lin;) were not considered. Thus, the tuples with Dp < —1, Lpy, = 6 and
Line = 5 were removed, reducing the state number to 85. Since at the
beginning of the treatment all patients have [PO,]serum < 5.5 mg/dL [100],
only one initial state with Lpo, = 1, i.e. X; = {1,—1, -1}, was added to the
states space, thus leading the final number of states to 86.

3.1.2.3. Agent Actions

Actions were designed to give the agent more freedom of choice with
respect to the clinical protocol rules in order to allow the identification of
potentially better personalized treatments. However, safety constraints
derived from the clinical practice, such as gradual dose variation, treatment
interruption due to toxicity or dosage reduction post-interruption, were
considered. Table 1 summarizes all the possible agent actions stratified by
system states. Differently from the clinical protocol (Figure 10), the agent
can select the initial dose among all the possible dose levels and decide to
increase (D+)/decrease (D —) by one level or maintain (D =) the previous
administered dose at each patient monitoring step, in absence of
hyperphosphatemia. Adverse events are differently tackled by the agent
according to their severity. In case of moderate hyperphosphatemia (Lpo, =
3), agent can decide to temporarily interrupt the treatment (Int) or to
continue erdafitinib administration with a dose lower or equal to the previous
one, Dp. In case of severe hyperphosphatemia (Lpo, = 4), the agent is
constrained to interrupt the treatment. After that, treatment can be resumed
with the dosage-rules reported in Table 1 only if Lpg, < Li;, otherwise
interruption is maintained. Conversely, clinical protocol enables treatment
resumption only if [PO4lserym < 5.5 mg/dL (Lpo, = 1).

Table 1: Summary of the agent actions stratified by each system/patient state.

Dp \ Allowed Actions

Initial State

-1 | 4,5,6,8,9 [mg/day]

States without hyperphosphatemia: Lp,, < 4 and L;,, = —1

4 D+,D =

5 D+,D—,D =

6 D+,D—,D =

8 D+,D—-,D =

9 D—,D =

States with moderate hyperphosphatemia: Lpy, = 5and L;,,, = —1
4 Int., 4 [mg/day]

5 Int., 4,5 [mg/day]

6 Int.,4,5,6 [mg/day]

8 Int.,D =,,4,5,6,8[mg/day]
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9 | Int. 4,5,6,8,9 [mg/day]

States with severe hyperphosphatemia: Lpy, = 6 and L;;,, = —1
For each Dp ‘ Int.

States in which treatment can be resumed: Lpg, < L;, and L;;,; > 0
-4 0,4 [mg/day]

-5 0,4,5[mg/day]

-6 0,4,56[mg/day]

-8 0,4,5 6,8 [mg/day]

-9 0,4,5,6,89 [mg/day]

States in which treatment cannot be resumed: Lpg, = Li,,; and Ly, > 0
For each Dp \ 0mg/day

3.1.2.4. Implementation

11
QL Agent
State Reward f
Virtual Patient )
Action

R dataframe Resimulx [Cﬂmﬂeﬂcﬂtﬂem }{ (FOdlserum ]
with simulated i

[PO4]serum L
| Individual Parameters |

Figure 12: Implementation of the Model-Informed Reinforcement Learning
framework to tackle erdafitinib precision dosing problem. In this case, two
different software were integrated. R was used to code Q-Learning algorithm
while Simulx was leveraged to simulate erdafitinib PK-PD response.

Figure 12 illustrates the implemented workflow for the MIRL approaches
described in Chapter 2. In particular, a simulation platform iteratively
predicting the response to adaptive dosing administration of erdafitinib was
embedded within the QL-framework to allow the continuous interaction
between the QL-agent and the virtual patient/population. The algorithm was
coded in R Version 3.4.1 (Comprehensive R Network, http://cran.r-
project.org/). The simulation platform was developed based on the
erdafitinib PK-PD model [100,101] (section B.1. of Appendix B), coded in
Mlixtran and simulated through the R package RsSimulx (Simulx 2021R1,
Lixoft SAS, a Simulations Plus company). At each treatment cycle, the QL-
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agent decided the dose level for the next cycle on the basis of the patient
status, the [PO4lserum response was simulated by the model and the
simulated output used to update the patient status and compute the reward.
From a methodological perspective, this hybrid framework coupling R with
Simulx represents an absolute novelty in the MIRL landscape [39].

The same workflow was used for simulating the FDA -approved protocol.
In this case, the decisional engine is the adaptive dosing rules reported in
Figure 10. All simulations were performed without considering residual
unexplained variability (RUV).

3.1.2.5. Evaluation setup

The MIRL frameworks presented in sections 2.2.1. and 2.2.2. were
integrated with QL algorithm and, then, challenged to personalize a five-
months treatment (i.e., average duration of therapy [107]) in a heterogeneous
population of 141 virtual patients that was generated by the stratified random
sampling strategy described in section B.2. of Appendix B. Individual
parameters and covariates of virtual patients were extracted from erdafitinib
population PK/PD model and the covariates distribution of subjects on which
the model was estimated (sections B.1. and B.2. of Appendix B). As detailed
in section B.2. of Appendix B, a stratified sampling was applied to obtain a
heterogeneous virtual population in terms of treatment response. This
strategy is crucial to guarantee a robust evaluation as it allows to explore the
widest possible range of treatment responses.

In particular, the virtual population includes both completely responsive
subjects (n=96), i.e., subjects for which [PO4]serum level can be within the
target range at treatment end, and partially (n=45) responsive subjects, i.e.,
subjects for which erdafitinib becomes no longer effective before the fifth
month, (see details in section B.2.3. of Appendix B).

In order to obtain personalized adaptive dosing strategies with the MIRL
framework in section 2.2.2., an individual QL-agent (named QLind-agent)
was trained for each virtual patient (algorithm hyperparameters in Table
B.8). The individual QL-based protocols were compared with the FDA-
approved protocol (Figure 10) and with a population QL-based protocol
learned by training a single QL-agent for the entire population (QLpop-
agent) of patients.

3.2. Results

The focus of this section will be on presenting the performances of the
personalized QL-based adaptive dosing protocols. In particular, section
3.2.1. will show the comparison of this MIRL approach with the FDA-
approved dosing rules for erdafitinib. Differently, in section 3.2.2 the
attention will be moved to analyze the differences and the analogies between
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the results obtained by QL-based personalized dosing protocols and the
general QL-based population protocol.

3.2.1. RL-based personalized dosing strategies vs FDA-approved
protocol

For each subject of the virtual population (n=141), an individual QL agent
(QLind-agent) was trained to personalize the erdafitinib adaptive dosing
protocol on a time-window of five months. To obtain a valid evaluation
benchmark for the QL-based individual protocols, a five-months treatment
was simulated on the same virtual population following the FDA -approved
adaptive dosing rules. As reported in Table 2, the two strategies were
compared in terms of percentage of patients with [PO4]serum in the ranges
of inefficacy ( < 5.5mg/dL ), efficacy ( [5.5,7) mg/dL) , moderate
([79]mg/dL ) and severe ( >9mg/dL) hyperphosphatemia. Three
clinically relevant time-points were considered: the second week of
treatment, i.e., first patient evaluation, the end of fourth month, i.e., median

time for assessing erdafitinib efficacy [99,100], and the end of treatment.

Table 2: Comparison between the clinical and QL-based individual protocols
at time-points of interest. Percentages of patients with [PO,]serym Within a
certain range were used as evaluation metric. Results are reported for both

the overall population and the subgroup of responsive patients.

Range of | %patients in the whole | %patients in the subgroup
[PO4lserum | population of completely responsive
[mg /dL] [141 subjects] patients
[96 subjects]
Clinical QL-based Clinical QL-based
Protocol individual Protocol individual
protocols protocols
Evaluation at the second week of treatment
<5.5 1.42 2.13 2.08 3.13
[5.5,7) 34.05 76.59 31.25 77.08
[7,9] 48.93 21.28 50.00 19.79
>9 15.60 0.00 16.67 0.00
Evaluation at the end of the fourth month of treatment
<5.5 17.73 0.00 6.25 0.00
[5.5,7) 70.21 97.87 76.05 96.87
[7,9] 12.06 2.13 17.70 3.13
> 9 0.00 0.00 0.00 0.00
Evaluation at the end of treatment (fifth month)
< 5.5 36.88 31.91 7.29 0.00
[5.5,7) 56.73 68.09 83.33 100
[7,9] 6.39 0.00 9.38 0.00
>9 0.00 0.00 0.00 0.00
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At each of the three time-points, the individual protocols of QLind- agents
resulted in a higher percentage of patients with [PO4]serum in the efficacy
range and in a lower percentage of subjects in hyperphosphatemia than the
clinical one. In particular, at the end of the fourth month, following the QL -
based protocols 98% of patients was in the efficacy window (vs 70.21% for
the clinical protocol). Prolonging the treatment, erdafitinib lost effectiveness
for some patients in the partially responsive group, therefore a drop in the
percentage of subjects having [PO4]serum € [5.5,7) mg/dL was observed
for both the strategies (68.09% vs 56.73% for QL-based and clinical
protocol, respectively). However, in the responsive patient subgroup, this
decrease was not observed, confirming the outperformances of the QLind-
agents in maintaining the [PO4]serum in target.
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Figure 13: Summary of the performances of QL-based individual protocols.
A-C) Paired comparisons of QLind-agents and the clinical protocol on the
entire treatment time period for the percentages of days in which patients
have [PO,lserum < 5.5mg/dL (A), [PO4lserum € [5.5,7) mg/dL (B) and
[PO4)serum = 7 mg/dL (Panel C) . For each of them, a Wilcoxon paired
signed rank test (¢ = 0.05) was performed. D) Paired comparisons of QLind-
agents and the clinical protocol for the number of moderate and severe
hyperphosphatemia events.
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In addition, the efficacy and safety of the individual QL-based protocols
and the clinical one were compared on the entire treatment period. In
particular, paired analyses of the percentages of days in which individuals
have  [PO4lserum < 5.5mg/dL , [PO4lserum € [5.5,7) mg/dL  and
[PO4)serum = 7 mg/dL were performed at patient level applying a Wilcoxon
paired signed rank test (¢ = 0.05, H,= median of the differences between
percentages in the two groups is equal to 0). As illustrated in Figure 13
(Panels A-C), H, was always rejected. Therefore, on a treatment window of
five months, QLind-agents were able to maintain [PO4]serum in the target
range for longer time, minimizing its permanence in both inefficiency and
toxicity ranges. As concerns toxicity, the personal QL-based protocols
completely avoided the onset of severe toxicity events and drastically
reduced the number of moderate hyperphosphatemia occasions (Figure 13,
Panel D). An example is reported in Figure 14.
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Figure 14: An example of how QL-based personalized protocol (left panels)
brings to better [PO4lserum levels avoiding the onset of moderate
hypertension. This MIRL approach outperforms, in that patient, the FDA -
approved clinical protocol (right panels).

The personalization of the initial dose significantly increased QLind-
agents performances. As reported in Figure 15, the clinical initial dose of 8
mg/day was selected by the QLind-agents only in 23.40% of patients, while
lower starting doses were generally preferred.
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Figure 15: Distribution of erdafitinib starting doses selected by the
individual QL-agents (8 mg/day is the clinical starting dose).
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Figure 16: Comparison between erdafitinib dosing strategy of personal QL-
agent (left panels) and that of FDA-approved clinical protocol (right panels).
The QL-based dosing rules were able to optimize [PO4]serum levels with a
gradual up-titration of daily erdafitinib exposure. Differently, the clinical
protocol led to severe hyperphosphatemia.
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Figure 16 reported the example of a completely responsive patient with a
9 mg/day ideal dose: its optimized treatment started with a 4 mg/day dose
(i.e., half of the dose specified by the protocol) that was then gradually
increased up to 9 mg/day. This strategy allowed to circumvent the
hyperphosphatemia events that occurred following the clinical protocol. A
gradually dose increase was mainly adopted by QLind-agents also for
partially responsive patients as it kept [POy4]serum 10 target for longer time,
until erdafitinib lost its effectiveness (Figure 17). These examples also
underlined the strength of allowing QLind-agents to change the dose at each
monitoring step.
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Figure 17: Comparison between the QL-based protocol and the clinical one
for a partially responsive patient. QLind agent is able to keep [PO4lserum
within the normality range for longer time due to a gradual dose increase
strategy.

Differently, for some patients, dose adjustments were not necessary, as
the QLind-agents as they were able to detect the optimal dose from the
beginning of the treatment. As illustrated in Figures 18 and 19, this behavior
was found for patients treatable with either the highest or the lowest dose.
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Figure 18: Example in which QLind-agent is able to discern that the patient
can tolerate only low dosages. Therefore, [PO4lserum 1S normalized by

applying the lowest erdafitinib dosage (4 mg/day) since the beginning of
treatment.
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Figure 19: Example of how a QLind-agent is able to discern a patient for
which [PO4]serum is normalized only by applying the highest erdafitinib
dosage (9 mg/day) from the beginning of treatment.
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Interestingly, QLind-agents were also able to propose strategies based on
a loading dose. For example, as shown in Figure 20, the personal QL-agent
starts erdafitinib treatment with a dose of 8 mg/day. Then, starting from the
second cycle, it is lowered to 6 mg/day. This preventive dose down-titration
is more effective as it avoids moderate hyperphosphatemia. Differently, with
the clinical protocol, hyperphosphatemia occurs as the dose of 8 mg/day is
consecutively administered for the first three cycles.
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Figure 20: Example in which QL-agent selects an optimization strategy for
erdafitinib based on a loading dose.

From the comparison between the adaptive dosing protocols defined by
QLind-agents and the FDA-approved protocol, it emerged that the QL-based
dosing strategies mainly managed moderate hyperphosphatemia adopting the
same strategy of the clinical protocol. Indeed, in almost all the occasions of
moderate hyperphosphatemia, QL-agents confirmed protocol decision of

interrupting treatment rather than continuing with a lower or equal drug level
(Figure 21).
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Figure 21.: Example in which QLind-agent decides to interrupt treatment in
case of moderate hyperphosphatemia (yellow area) accordingly to the clinical
protocol.
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Figure 22: Comparison of the sum of discounted rewards between the
customized dosing protocols administered by individual QL agent and the
clinical dosing rules.

A final comparison between personal QL-based and FDA-approved
protocols was made under the assumption that the reward function (Eqgs.17-
19) is a suitable measurement of the achievement of the therapeutic goal of
erdafitinib therapy. Therefore, the sum of discounted rewards obtained with
the QL-based individual and clinical protocols were compared and, as
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reported in Figure 22, the QL-agents performed better, or at least equal, than
the FDA-approved protocol.

3.2.2. RL general protocol vs individual RL-agents

To comprehensively evaluate the performances of the individual QL-
based adaptive dosing protocols, a further benchmark comparison was
conducted using the MIRL approach presented in section 2.2.1. To this end,
a general erdafitinib adaptive dosing protocol optimized for a population of
patients was derived by single QL-agent (i.e., QLpop-agent). The
formalization of erdafitinib precision dosing problem presented in sections
3.1.2.-3.1.5. was maintained also for the setup of the QLpop-agent.
Furthermore, also the previously introduced virtual population of 141
patients (details in section B.2. of Appendix B) was considered in this
analysis. In particular, this cohort of virtual patients was intentionally used
to train and test the QLpop-agent to allow the comparison between the two
QL-based approaches and to put the QLpop-agent in the most favorable
conditions.

Indeed, by assuming that the training set coincides with the test set, the
generalizability of the QLpop-protocol cannot be evaluated. Therefore, such
approach would be incorrect for comparing the robustness with respect to
inter-individual variability between the QLpop-rules and the erdafitinib
clinical protocol. However, when the focus is on the comparison between the
two QL approaches, evaluating the generalizability of QLpop in presence of
protocols tailored on each patient by individual QL agents is not meaningful.

As showed in Table 3, at each endpoint, the QLpop-agent performed
worser than the individual-based agents. This trend was consistent
considering the percentages of patients in both the efficacy (i.e.,
[PO4lserum € [5.5,7) mg/dL) and toxicity (i.e., hyperphosphatemia defined
as [PO4]serum > 7mg/dL) ranges. Furthermore, differently from individual
QL-agents, the QLpop-agent was unable to completely avoid severe
toxicities (i.e., [PO4lserum > 9 mg/dL) (Panel A of Figure 23). This clearly
shows that the protocol learned by the QLpop-agent works well in average
in the population but is not optimal for some of the patients.
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Table 3: Comparison between QL-based individual protocols and those
based on the QLpop-agent. At each clinically relevant time-point, the
percentages of patients with [PO4]erum Within a certain range were used as
evaluation metric. Results are reported for both the overall population and
the subgroup of responsive patients.

Range of | %patients in the whole | %patients in the subgroup
[PO4lserum | population of completely responsive
[mg /dL] [141 subjects] patients
[96 subjects]
QL-based Population | QL-based Population
individual protocol of | individual protocol of
protocols QLpop- protocols QLpop-
agent agen
Evaluation at the second week of treatment
<55 2.13 6.38 3.13 9.37
[5.5,7) 76.59 56.02 77.08 48.96
[7,9] 21.28 35.46 19.79 38.54
>9 0.00 2.14 0.00 3.13
Evaluation at the end of the fourth month of treatment
<55 0.00 3.54 0.00 2.08
[5.5,7) 97.87 93.61 96.87 93.75
[7,9] 2.13 2.83 3.13 4.17
>9 0.00 0 0.00 0.00
Evaluation at the end of treatment (fifth month)
<55 31.91 31.91 0.00 0.00
[5.5,7) 68.09 63.12 100 92.78
[7,9] 0.00 4.96 0.00 7.22
>9 0.00 0.00 0.00 0.00

The gap between these two RL methodologies is further confirmed by
looking at the entire treatment period. Indeed, the paired distributions of the
percentages of days in which patients have [PO4]serum € [5.5,7) mg/dL and
[PO4)serum = 7 mg/dL (Panels B and C of Figure 23) are in favour of the
individual QL approach. Conversely, there is no statistical difference for
what concerns the time in the inefficacy range (i.e., [PO4lserum <
5.5 mg/dL, Panel D of Figure 23).
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Figure 23: Summary of the comparison between individual QL-based
protocols and those obtained by the QLpop-agent. A) Paired comparisons of
individual QL-agents and the QLpop-agent for the number of moderate and
severe hyperphosphatemia events. B-D) Paired comparisons of individual
QL-agents and the QLpop-agent on the entire treatment time period for the
percentages of days in which patients have [PO4]serum € [5.5,7) mg/dL (B),
[P04]serum =7 mg/dl' (C) and [P04]serum <55 mg/dL (D)
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3.3. Discussions

In this Chapter, a first application of the novel MIRL paradigm (section
2.2.2.) to tailor adaptive dosing strategies on each individual was presented.
In particular, this framework was applied on a relevant case study directly
derived from clinical oncology, i.e., the erdafitinib treatment of metastatic
urothelial carcinoma. An adaptive dosing protocol (Figure 10) in which
erdafitinib dose is adjusted based on [POlserum ,» the efficacy/safety
biomarker of this treatment, has already been approved by FDA. However,
due to the narrow therapeutic window and significant IIV of pharmacological
response [100], erdafitinib therapy could potentially benefit from a
personalization of the adaptive dosing protocol at individual patient level.
To this end, the novel MIRL approach was applied using QL as RL
algorithm, and the obtained results confirmed the potentiality of this
methodology in supporting treatment personalization. This successful result
relies on some fundamental steps that are here discussed.

First, the clinical precision dosing problem must be correctly formalized
in terms of elements composing the RL-framework, that for QL are a
discretized representation of system states, agent actions and reward
function. More in detail, system states must include all the information
relevant to take the right action to perform (dose selection in this study). For
the erdafitinib case study, states included the discretized [PO4]serum level
representing the patient status but also stored information on the previous
administered dose and the hyperphosphatemia level that caused temporary
treatment interruption. In particular, [PO,]serum Was discretized in six levels,
one for inefficacy, three for efficacy, two for moderate and severe toxicity.
Splitting the efficacy [PO4]serum range in multiple sublevels allowed the
QL-agent to select a different action depending on whether the biomarker
lies in the bottom, middle or top of the target window. This was fundamental
to adequately manage the loss of erdafitinib efficacy over time. Regarding
the definition of agent actions, they must account for relevant clinical
constraints, for example due to safety reasons, in order to obtain QL-based
protocols acceptable in the clinical practice

At the same time, agents must have a certain degree of freedom in taking
decisions to allow a treatment customization on individual patients. For
erdafitinib, according to the clinical protocol, QL-agents were imposed to
select only clinically available doses, to gradually increase/decrease the dose
and to temporally interrupt the treatment in case of severe
hyperphosphatemia. Instead, differently from the clinical protocol, QL
agents were allowed to select a personalized initial dose potentially different
from 8 mg/day, to gradually adjust erdafitinib dose at each monitoring
occasion, to decrease the dose without interrupting the treatment in presence
of moderate toxicities, and to resume treatment after interruption if the
hyperphosphatemia severity is decreased at least by one level. The set of
actions that the agent can perform was designed with the aim of obtaining
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clinically acceptable protocols. However, their choice was arbitrary, and it
could be of interest to train QL-agents with a different degree of freedom.

Finally, the reward function (Eqgs. 17-19) must suitably encode the
therapeutic scope of the treatment to correctly score the different actions and
optimize the adaptive dosing protocol. For erdafitinib, the goal was to
maintain [PO,]gerum Within its efficacy range (i.e., [5.5,7) mg/dL) as long as
possible, avoiding hyperphosphatemia events. The reward function was
designed to faithfully summarize the expert knowledge on erdafitinib
treatment available from the literature [99-101,104,107]. Its form was
selected based on other case studies that will be discussed in the next
chapters and it does not simply describe the difference from a target value
[83,86,88]. As the adopted reward function led to satisfactory results, a fine-
tuning process was not performed. However, in view of an actual clinical
application, the design of the reward function, as well as the entire
formalization of the proposed RL-framework, should be carefully reviewed
with clinicians to ensure that all the key aspects of the erdafitinib treatment
are correctly considered and formalized. Furthermore, as will be discussed
in the next chapters, in presence of a richer modelling framework the reward
could be further expanded. For example, terms linked to the probability of
survival or of adverse reactions can be included, thus leading to a multi-
objective treatment optimization (e.g., joint model of multiple treatment
biomarkers and overall survival [108]).

Once the RL-based precision dosing framework has been defined, it must
be tested on a heterogeneous virtual population, in terms of pharmacological
response. Indeed, evaluating the RL performances on very different
scenarios is fundamental to assess its flexibility with respect to the IIV, a
central feature in precision dosing whose goal is finding the right dosage
rules for every patient. In this explorative analysis, a heterogenous virtual
population (n=141) was ad hoc constructed equally sampling patients from
both completely (n=96) and partially (n=45) responsive groups further
stratified by their ideal dose levels (further details on its generation are
reported in section B.2. of Appendix B). This strategy allowed to design a
virtual population including a wide range of different patients, maintaining
a limited sample size.

When the novel MIRL approach was applied on each individual of the
virtual population, the individual QL-based protocols outperformed the
FDA-approved one in terms of both efficacy and safety. They were able to
lead [PO4]serum in the target range in a higher patient percentage and to
maintain the biomarker in target for a longer time-period respect to the
clinical protocol. In addition, the severe hyperphosphatemia events were
completely avoided, and the moderate ones drastically reduced (Figure 13
and Table 2). The personalization of the starting dose was fundamental for
the nice performances of the individual QL-agents (QLind-agents) that were
able to detect patients tolerating the highest dose as well as those requiring
a low initial drug amount or a loading dose (Figures 15 and 20). These
findings suggested the individualization of erdafitinib starting dose could
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significantly contribute to reduce toxicity events, especially at the beginning
of the treatment (Figures 17 and 18). Further, also a gradual dose variation
at each monitoring step, even when the biomarker falls in the target window,
was a further key feature of QLind-agents that allowed a better and more far-
sighted control of [PO4]serum- This was a deviation from the clinical strategy
which is based on pushing high doses and then lowering them if toxicity
events occur (Figures 14, 16 and 17). Differently, in almost moderate
hyperphosphatemia events, QLind-agents followed the protocol decision of
interrupting treatment rather than continuing with a lower or equal dose
(Figure 21).

Overall, the obtained finding demonstrated that the erdafitinib treatment
could significantly benefit from a precision dosing strategy in which dose
adjustment rules are individually tailored on each individual patient. This
conclusion was further confirmed by comparing the individual QL-based
protocols here identified by training a QLind-agent for each patient with an
optimal QL-based adaptive protocol obtained by training a single QL-agent
on the entire patient population (QLpop-agent). The protocol learned by the
QLpop-agent performed worser than the QLind-agents (Figure 23 and Table
3). Indeed, the output of the QLpop-agent is a general dosing strategy that is
not individually tailored on each subject but provides individualized dosing
indications learned by evaluating their effect on a group of patients rather
than on a single one. Therefore, it can work well for the majority of the
population but cannot be the optimal solution for some of the patients. This
limitation is not imputable to the RL approach itself, but it is intrinsic to
every dosing strategy designed for a whole population.

Despite the promising results on erdafitinib case study, this novel patient-
centric MIRL method relies on some relevant assumptions that partially
hinder its immediate clinical applicability. Therefore, these aspects that have
to be accurately addressed before the presented findings could successfully
translate into an actual clinical application.

First of all, it was hypothesized that the PK-PD model perfectly described
the erdafitinib pharmacological response and RUV was not considered in the
simulations. Neglection of RUV is a strong simplification that was necessary
for a preliminary comprehensible evaluation of the proposed novel MIRL
methodology. Indeed, it is known that effectiveness of RL algorithms
potentially decreases when RUV is introduced [73]. Consequently, RUV
must be adequately managed, with solutions that must depend on what RUV
represents, e.g., measurement errors or model misspecification. In the first
case, moving from MDP to Partially Observable MDP [109] could be a
possible strategy to formally describe the uncertainty of system state, due to
RUV. Model misspecification should be addressed differently, as will be
discussed in Chapter 6. In this case, the reward function would be no longer
deterministic, and it could be necessary to switch from classical RL
algorithms (e.g., QL) to different version that properly handles this
stochastic framework [76,93].
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Furthermore, it was assumed that digital patient twins were well-
characterized since the beginning of the treatment (i.e., the individual PK-
PD model parameters were known). However, individual parameter
estimation requires the availability of individual data and, consequently,
needs to be performed during the monitoring of the treatment. As will be
discussed in Chapter 6, the integration of the QL-based treatment
optimization within a Bayesian paradigm allowing a continuous learning of
model parameters from the monitoring observations [63,80,98], could
definitively cope with this issue. In this scenario, at each monitoring step,
the individual model used as specific patient digital twin, and the personal
RL-agent should be updated accounting for new patient data. This means that
the personal RL-agent has to be continuously re-trained accordingly on the
new available patient knowledge. As this process makes a massive usage of
model simulations, it can be very time-consuming in presence of a complex
modelling framework. The duration of the retraining process, depending on
the clinical workflow, has to fall within the time frame spanning from patient
observation to clinical decision in order to leverage RL-based suggestion.
Consequently, an efficient implementation of the algorithm and the
modelling framework on a powerful computing architecture are needed.

In conclusion, the novel MIRL approach to support patient-tailored
adaptive dosing strategies showed promising results. Simulations
demonstrated that the RL-based personalized strategies were superior to the
FDA-approved dosing protocol. The next chapters will cover additional
applications of this methodology in more complex precision dosing
scenarios, as well as new strategies to overcome the limitations highlighted
in this section.
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Chapter 4

Joint optimization of multiple
treatment biomarkers. Application of
the RL/PK-PD framework to
givinostat therapy in polycythemia
vera patients 3

Most of the literature applications of MIRL for precision dosing are
focused on deriving a general administration protocol for an entire
population. In particular, the majority of these studies consider only a single
biomarker of treatment efficacy and/or toxicity [39,73,75,83,85-89,92].
However, real clinical settings are generally more complicated due to
multiple efficacy/toxicity biomarkers to simultaneously optimize during
pharmacotherapy [39,74]. For example, although tumor shrinkage is the
primary goal of chemotherapy, also the alteration of haematopoietic and
renal/hepatic functions are monitored and considered for dose adjustments
to avoid abnormal values resulting harmful for patients.

The aim of this chapter is to apply MIRL to multi-objective precision
dosing, with the dual goal of deriving a clinically acceptable general adaptive
dosing protocol for a population of patients and individually tailored
strategies. Furthermore, here for the first time, the potentialities of RL-based
dose personalization are investigated to optimize the drug development
process. Finally, this study explores a novel hybrid MIRL implementation
framework, offering a methodological alternative to those discussed in
section 3.1.2.4.

3 The content of this chapter is under review for a publication on Clinical Pharmacology
and Therapeutics.
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To this end, the multi-objective precision dosing problem of givinostat
(Italfarmaco, 1TF2357), a compound under clinical development for the
treatment of polycythemia vera (PV), was considered as case study [110].
Givinostat treatment inhibits the uncontrolled myeloproliferation of bone
marrow cells in PV patients, and the monitoring of platelets (PLT),
neutrophils (or white blood cells, WBC) and haematocrit (HCT) is used to
assess both therapy efficacy and toxicity as well as to guide dose
adjustments.

This chapter is structured as follows. First, givinostat and its adaptive
dosing protocol will be presented in section 4.1.1. Then, the attention will be
shifted to translating givinostat clinical setup within RL, and in particular
QL. Therefore, section 4.1.2 will provide a description of the implemented
QL setup and its evaluation framework. Finally, sections 4.2 and 4.3 will
present and discuss the obtained results. Supplementary information of this
chapter is reported in Appendix C.

4.1. Methods

4.1.1. Givinostat treatment of polycythemia vera

Givinostat is a drug under clinical evaluation for the treatment of PV
[110], a chronic life-threatening neoplasm characterized by an
overproduction of blood cells which increases the levels PLT, WBC and
HCT [111-113]. The goal of givinostat treatment is to contrast the
uncontrolled myeloproliferation and, consequently, to simultaneously induce
and maintain the three haematological parameters within an acceptable range
(i.e., PLT € [150,400] x 10°/L , WBC € [4,10] X 10°/L , HCT < 45% )
[45]. PLT, WBC and HCT are key endpoints for both efficacy and safety of
givinostat treatment. Indeed, the treatment results ineffective if the
haematological parameters are above the upper limits, instead, it induces
some toxicity (i.e., thrombocytopenia and/or neutropenia) if they decrease
below the lower limits. Toxicities can be of Grade 1 (i.e., moderate) if PLT €
[75,150) x 10°/L and/or WBC € [3,4) x 10°/L, or Grade 2 (i.e., severe)
if PLT <75x%10°/L and/or WBC <3 x10°/L . To maintain the
hematological parameters within the efficacy range, a dose-adaptive
administration protocol based on the monitoring of PLT, WBC and HCT was
proposed for the planned Phase III trial on givinostat [39]. Givinostat can be
administered at {50,75,100,125,150,175,200} mg/day dose level. For each
patient, the treatment starts with a fixed dose of 100 mg/day. Only patients
with a baseline HCT = 45% receive a preliminary phlebotomy to normalize
this haematological parameter. Then, at the end of each 28-day cycle the dose
is adjusted (i.e., confirmed or increased/decreased by 25 mg/day) based on
the measured PLT, WBC, and HCT values following rules schematized in
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Figure 24. In particular, the treatment is interrupted for 14 days (Figure 24,
panels C-D) if severe toxicities occur.

A fnefticacy. B Efficacy:
W 10 A PLT € [150,400] x 10°/L and
HCT > 45% WBC € [4,10] x 10%°/L and

l HCT < 45%

Yes Doseiqs No

200 mg /day?

Dose,,, = Dosejqq

Dosepeyy = Doseyey =
200 mg/day Dosejqs; + 25mg/day

[ J
1 Monitor after 28 days

Monitor after 28 days

C Grade | Toxicity:
PLT € [75,150) x 10°/L or
WBC € [3,4) x 10°/L

Yes Doseygq

50 mg/day?

Stop
Treatment for
14 days

Dosepey, =
Doseyqe — 25mgfday

| Monitor after 28 days |

PLT = 150 10°/L
and
WBC = 4 x 10%/L

Doseyey = .
el Treatment
Interruption =
4 weeks ?
Monitor after 28 days |

Stop
Stop Treatment Treatment for
Permanently 14 days
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D Grade Il Toxicity:

PLT < 75 x 10°/L or
WBC < 3 x 10°/L

Stop
Treatment for
14 days

PLT = 7510%/L No

and
WBC >3 x 10°/L

Duration of
Treatment
Interruption =
4 weeks ?

Yes Dosejgq

50 mg/day?

Stop Treatment Stop

P Treatment for
ermanently 14 days
Doseyen = Doseyeyy =
50 mg/day Dosejzqr — 25mg/day

Monitor after 28 days

Figure 24: Givinostat adaptive-dose protocol flow charts. Panel A illustrates
the rules in case of inefficacy, Panel B in presence of efficacy. Panels C and
D report the decisional steps made in presence of Grade I and Grade II
toxicity, respectively.

4.1.2. Setup of QL algorithm for givinostat precision dosing

An essential preliminary step to apply the MIRL framework is to
formalize givinostat precision dosing problem as a MDP (section 2.1.1).
Therefore, the key elements of an MDP, that is, system states, agent actions
and reward function, were defined in accordance with givinostat clinical
setting described in section 4.1.1. Since QL was used as RL algorithm to
optimize givinostat adaptive dosing protocol at both single patient and
population levels, the finite MDP framework (section 2.1.1) was adopted.

In particular, system/patient state are based on the PLT, WBC and HCT
levels which are periodically monitored to guide dose adjustment (i.e., QL-
agents action). As the clinical goal is to achieve and maintain a Complete
Haematological Response (CHR), which corresponds to simultaneously have
PLT € [150,400] x 10°/L, WBC € [4,10] X 10°/L and HCT < 45% [45],
dose adjustments are evaluated by a reward function accounting for all the
three hematological parameters. QL algorithm was integrated with either a
virtual patient or a population of patients, depending on whether the task was
to derive individually tailored adaptive dosing protocols or a general
protocol.

The following subsections will provide a comprehensive description of
the QL setup adopted for givinostat precision dosing problem and its
implementation.
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4.1.2.1. Reward function

Treatment goal is to induce and maintain the three haematological
parameters within their target ranges, in particular avoiding severe toxicities
(i.e., PLT < 75 x 10%/L and/or WBC < 3 x 10°/L). Therefore, in presence
of severe myelosuppression, the reward function returns 0 (i.e., the lowest
reward value), otherwise it is given by the sum of three terms (Rewardp,r,
Rewardygc, Rewardyr), one for each hematological parameter.

if PLTyps < 75 X 10°/L and/or WBCpps < 3 X 10%/L

0
Reward = | |
ewar Rewardp;r + Rewardy gc + Rewardyc.r otherwise,

(23)

Each of the three terms in Eq. 23 is given, in turn, by a weighted sum of
three functions that take values in the range [0,1]:

( Rewardp,r = By - Rewardpyr ops + B2 - Rewardp,r range + B3 - Rewardp,r per

J Rewardypc = By - Rewardypgc ops + B2 - Rewardy pc range + B3 - Rewardypc per
Rewardycr = By - Rewardycrops + B2 - Rewardycr range + B3 - Rewardycr per
Lwith p1 =10, B, =7and f; =5.

(24

The weighting strategy is the same for the three haematological
parameters. The highest importance is given to the term Reward s (Eqs.25-
27) which scores the haematological parameter level (i.e., PLTyps, WBCpps,
HCTyps) at the end of each treatment cycle with respect to the therapeutic
window. Actions bringing the haematological parameter as close as possible
to the middle of the normal range are more remunerated.

a - e OOIPLTops=1501 4 ¢ if PLT,s € [75,150) x 10°/L
0.5 (1 — e 006(PLTobs=150) 4 05 if PLT,, € [150,275) X 10°/L
Rewardp,r,ops =1 0.5 - (1 — e~ 006 1PLTobs=1501) 4 0.5 if PLT,,, € [275,400) x 10°/L

0.5 - e 001 (PLTops=400) §f pIT > 400 x 10°/L
a = 0.643 c=-0.143

(25)
a- e 00LI37SWECops—150] 4 ¢ if WBCops € [3,4) X 10°/L
0.5 (1 — e 006B75WECops=150)) 4+ 0.5 if WBCy)s € [4,7) X 10°/L
Rewardypc,ops = 0.5 - (1 — e~006140WBCobs=1501) 4 0.5 if WBC, € [7,10) X 10°/L
0.5 - =001 (40WBCops=400)  if B(C,, - > 10 x 10°/L

a = 0.643 c=-0.143
(26)
0.5 (1 — e 006:B89HCTops=150)) 4 0.5 if HCTyps < 22.5%
Rewardycr,ops = 0.5 - (1 — e™0061889HCTops=4001) 1 0.5 if HCTyys € [22.5,45)%
0.5 . ¢0-01:(8.89-HCTgps—400) if HCTyps = 45%

(27)
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The second term, Rewardgqnge, Weighted by B,, considers the proportion
of days in a treatment cycle in which the haematological parameter is within
its target range (Eqgs. 28-30). This contribution captures the need of
normalizing the haematological parameter as long as possible and not only
at the end of the treatment cycle.

( ZiPLTcycle,i
. 4 B length(cycle)
ewardp;r range = PLTcycre; =1 if PLT,ycre; € [150,400] X 10°/L
PLT,ycre; =0 if PLT,ycpe; € [150,400] X 10°/L
(28)
( Zi WB Ccycle,i
. 4 3 J length(cycle)
ewardwpc,range = WBCeycle; =1 if WBCeyee,; € [4,10] X 10°/L
WBCycre; =0 i WBCeyere; € [4,10] X 10°/L
(29)
Zi HCTcycle,i
_ length(cycle)
Rewardycr range = HCT¢yere; =1 ifHCTeycre; < 45%
HCT;yre; = 0 i HCTycrei = 45%
(30)

The last term, Rewardp,.,, weighted by B;, is a function of the
derivative, y ', of the corresponding haematological parameters, where y' is
approximated trough difference between the two last values of a treatment
cycle. Within the target range, this function (Eqs. 31-33 and Figures C.1-3
of Appendix C) gives higher remuneration to stable trend (i.e., y’ close to 0).
Conversely, in presence of toxicity or inefficacy, it returns a higher reward
if y' is positive or negative, respectively. In this way, also actions driving
the haematological parameters to their target range are fostered.

( 0.2
o .
o 1Y S 0and PLT,ps < 150 X 10°/L
1
- ify’ > 0and PLT,,s < 150 x 10°/L
1+eY Y Obs /

PN ) ¥
Rewardpirper(VeLr) =\ ¢¥, 1 =1/In(5) ifPLTyy, € [150,400] x 10°/L

1
. ' 9
1+ e__|y’| ify’ < 0and PLTyps > 400 x 10°/L
0.2
TS 9
\ 1 + e_y/ lfy = 0 and PLTObS > 4'00 X 10 /L

(31)
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( 0.2 o, .
Tt ify’ < 0and WBC,,s < 4 x 10°/L
T3 ify’ > 0and WBCyps < 4 X 10°/L

, _) ¥
RewardwpcperGwsc) =%, =1/In(5) ifWBCyp, € [4,10] X 10%/L

ify’ < 0and WBCpps > 10 X 10°/L

1+ eVl
02 if y’ > 0 and WBC, 10 x 10°/L
L m 1Ty = 0an Obs = X /
(32)
y2
fe? Y =1/In(5) if HCTyps < 45%
Rewardycr per Whcr) = T3 ify’ < 0and HCTyps = 45%
0.2
— ify'> > 450
Tt ify’ > 0and HCTyps = 45%
(33)

4.1.2.2. System/Patient states

The system (i.e., patient) state is described by a tuple of four elements,
X = {PLTpiscr» WBCpiser, HCTpjscr, PrevDose}.

PLTpiser, WBCpiser, HCTpiser. (Egs. 34-36) are the observations of PLT,
WBC and HCT at the monitored day (PLT¢ps, WBCops, HCTyps) categorized
according to the inefficacy, efficacy and toxicity definition suggested by the
clinico-hematological European Leukemia Network criteria [114].

1 if PLT,,s < 75 X 10°/L (Severe Thrombocytopenia)

2 if PLT,,s € [75,150) x 10°/L (Moderate Thrombocytopenia)
3 if PLT,,, € [150,400] x 10°/L (Ef ficacy)
4

PLTpiser (PLTpps) =
if PLT,,,s > 400 X 10°/L (Unefficacy)

(34)
1 if WBCpps < 3 X 10°/L (Severe Neutropenia)
2 ifWBCyps € [3,4) X 10°/L (Moderate Neutropenia)

WBCpiserr (WBC, =
piser (WBCops) = 1 5 if WBCpps € [4,10] x 10°/L (Ef ficacy)

4 ifWBCqs > 10 X 10°/L (Unefficacy)

(35)

_ (1 ifHCTy,s < 45% (Ef ficacy)
HCTpiser (HCTops) = {2 if HCTyy,s = 45% (Unef ficacy)
(36)

PrevDose contains the information on the last administered givinostat
dose. Possible values of PrevDose are the clinically available dose levels,
i.e., {50,75,100,125,150,175,200} mg/day, combined with a sign that is

65



Application of the RL/PK-PD framework to givinostat precision dosing
problem

negative if the treatment is interrupted due to severe toxicity and positive
otherwise (Eq. 37). Instead, PrevDose = 0 codes the treatment interruption
due to moderate toxicities ( PLT € [75,150) x 10°/L and/or WBC €
[3,4) x 10%/L and dose triggering interruption=50mg/day, Figure 24, Panel
C). This coding strategy allows to compactly store all the information about
temporary interruption (i.e., triggering dose and toxicity severity) that is
necessary to correctly select the resumption dose (Figure 24, panels C-D).
Furthermore, PrevDose = —1 was a flag for the treatment start, when the
initial dose has to be selected by the agent.

0 (Treatment Interruption due to moderate tox.)

-1 (Initial State)
{—50, —75,—100,—125,-150,—175,—200 (Treatment Interruption due to severe tox.)
PrevDose =
50,75,100,125,150,175,200 (Treatment not Interrupted)

(37)

Combining all the values of PLTpscr, WBCpiser, HCTpiser. and each
PrevDose +# —1, 480 states were defined. Then, combining PrevDose =
—1 with all PLTpiscr. = 3, WBC = 3,HCT = 1, 8 initial states were added.
However, as all PV patients have at least one haematological parameter
above the target range at the baseline [45] , the tuple {PLTpiscr =
3, WBCpiser. = 3, HCTpiser. = 1, PrevDose = —1} was discarded, obtaining
4877 states.

4.1.2.3. QL-Agent actions

Actions were designed accounting for some safety constraints, coherently
with the clinical protocol. In particular, gradual dose changes (i.e., 1 level
with respect to the current amount) and safety treatment interruption criteria
were imposed. However, the agent has a higher degree of freedom in making
decisions with respect to the clinical rules (Figure 24), in order to explore
and identify potentially better personalized treatments. As schematized in
Table 4, QL-agent was allowed to select alternative starting doses to the
standard one (i.e., 100 mg/day). Further, in absence of severe toxicity (i.e.,
efficacy or inefficacy), agent was not forced to maintain the current dose
level (i.e., D =) but could perform stepwise changes (i.e. increase/decrease
by one level, D +/D —). Finally, a higher flexibility was given to the
selection of the treatment resumption dose after severe toxicity events.

Table 4: Possible agent actions stratified by system/patient state.

PrevDose \ QL-Agent Actions

Initial State

-1 \ 50,75,100,125,150,175,200 [mg/day]
States without severe toxicities: PLT p;s., = 3, WBC > 3, HCT > 1
50 D=D+

75 D =,D+,D —
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100 D =D+,D —
125 D=D+,D —
150 D =D+,D —
175 D =D+,D —
200 D =D -
States with moderate/grade 1 Toxicity: PLTp;s.,, = 2 and/or WBC =
2,HCT > 1
50 0 mg/day for 14 days (temporary treatment
interruption) *
75 D =D+,D —
100 D=D+,D —
125 D=D+,D —
150 D =,D+,D —
175 D =D+,D —
200 D=D—

States in which treatment can be resumed following temporary
interruption due to moderate/grade 2 toxicity:

PLTp;ser. = 3 and WBC =

3,HCT = 1

0 |

0, 50 [mg/day]

States with Severe/Grade 2 Toxicity: PLTpis.,, =1 and/or WBC =

1,HCT =1

Y PrevDose

0 mg/day for 14 days (temporary treatment
interruption) *

States in which treatment can be resumed following temporary
interruption due to severe/grade 2 toxicity:

PLTp;ser. = 2 and WBC =

2,HCT =1

-50

0, 50 [mg/day]

-75 0, 50,75 [mg/day]

-100 0, 50,75, 100 [mg/day]

-125 0, 50,75, 100, 125 [mg/day]

-150 0, 50,75, 100, 125, 150 [mg/day]

-175 0, 50,75, 100, 125, 150, 175 [mg/day]
-200 0, 50,75, 100, 125, 150, 175, 200 [mg/day]

a: safety constraint of givinostat phase III clinical protocol
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4.1.2.4. Implementation

Action AR
>
‘\ Update dataset NONMEM?7

@® °
QL fdgorlthm n ﬂ
Simulation of
pharmacological
Reward response

Patient observation
- B

Read NONMEM output file

Figure 25: Schematical representation of the implemented MIRL framework
to optimize givinostat precision dosing problem. In this case study,
MATLAB and NONMEM were coupled to train QL algorithm and simulate
patient pharmacological response, respectively.

Analogously to the erdafitinib case study presented in Chapter 2, this
section introduces a novel implementation framework for MIRL [39].
Indeed, MATLAB [115] and NONMEM version 7.3.0 (ICON plc) were
combined for the first time to obtain RL-based adaptive dosing strategies for
givinostat. This hybrid framework was developed starting from an already
available simulation platform developed to evaluate givinostat adaptive
dosing protocol for the planned phase III clinical trial [45].

As illustrated in Figure 25, a simulation engine based on the available
givinostat PK-PD model was embedded in the QL-framework to predict the
outcome and the reward of each dosing strategy for each patient (model
details in section C.2 of Appendix C). In particular, the QL algorithm is
coded with MATLAB and continuously interacts with the NONMEM
implementation of givinostat PK-PD model. Therefore, following QL dose
selection, its PK-PD effects are inferred by running a NONMEM simulation.
Then, its output file is imported in MATLAB and used to compute the reward
and update patient health state.

Also in this case study, RUV was not considered in simulations, thus
assuming that the status evolution of PV patient is fully described by its PK-
PD model.
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4.1.2.5. Learning a unique adaptive dosing protocol for the
whole population with QL

The MIRL framework described in section 2.2.1 was applied to derive a
set of adaptive dosing rules for givinostat suitable for all the PV patients. To
this end, a unique QL-agent (QLpop-agent) was trained on a heterogeneous
pool of 98 virtual PV patients (Figure 26) considering a treatment duration
of 8 months, i.e., the average time to achieve a stable haematological
response [45]. Then, the QLpop-agent performances were evaluated on 10
test sets, each composed by 98 virtual individuals, and benchmarked against
the clinical protocol proposed for givinostat phase III study. This analysis
allows to compare the robustness and the generalizability of these dosing
strategies with respect to patient IIV. Both training and test sets were
generated through a stratified random sampling strategy (section C.3 of
Appendix C) to obtain heterogeneous virtual populations in terms of
treatment response. Individual parameters and covariates of virtual patients
were extracted from the parameter distributions of the givinostat population
PK-PD model and the covariate distributions of subjects on which the model
was originally estimated (sections C.2 and C.3 of Appendix C).

LT

£ s single  : Simulate 8 months of

YY) Population QL Agent 3 YT treatment following
W H m Population QL Protocol
Extraction of a heterogeneous H Extraction of a heterogeneous test -

population of PV patients (n=98) population of PV patients (n=98)

Simulate 8 months of treatment E
following Givinostat Clinical H
Protocol

Figure 26: Schematical representation of the framework used to assess the
performances of a general QL protocol (QLpop). Its robustness against inter-
individual variability was compared with givinostat Phase I1I protocol on 10
external test sets.

4.1.2.6. Learning patient-specific adaptive dosing strategies with
QL

The MIRL framework presented in section 2.2.2 was applied to tailor the
adaptive dosing rules of givinostat on each specific individual by leveraging
QL. Consequently, for each patient, a personal QL-agent (QLind-agent) was
trained over an eight-months period and an optimal personalized dosing
policy was derived. The performances of the QLind-agents were assessed on
a heterogeneous population of 98 virtual patients, generated with the
stratified random sampling technique detailed in section C.3 of Appendix C.
Givinostat clinical protocol was used as benchmark. Furthermore, to measure
the potentialities of this deeper treatment personalization, QLind-agents
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were also compared with the QLpop approach. Similarly to erdafitinib case
study (section 3.2.2), the comparison between QLpop and QLind agents was
intentionally performed on the patient population used to train the QLpop-
agent (Figure 27) to consider its most favorable conditions. As described in
section 4.2.3, this framework will be extended also to use QL for deriving
patient-specific adaptive dosing strategies aiming to maximize the outcome
of givinostat phase III study.

a: Train an Individual

e0 00 . QL Agent
Simulate 8 months of
. — - — == treatment following the
Extraction of a heterogeneous Virtual personalized QL-based
population of PV patients (n=98) Patient Protocol

l

Train a single
Populallon QL Agent

ey Simulate 8 months of
treatment following
Population QL Protocol

Simulate 8 months of treatment
following Givinostat Clinical
Protocol

Figure 27: Schematical representation of the evaluation framework used for
personal QL agents (QLind). In this case, the comparison was performed
against the clinical and the QLpop agent protocols.

4.2. Results

In this section the results of the different MIRL approaches to optimized
givinostat administration in PV patients will be presented. Section 4.2.1 will
show the comparison between the general QL-based protocol (QLpop-agent)
and the adaptive dosing rules approved for givinostat phase III trial (Figure
26). Differently, sections 4.2.2 and 4.2.3 will be focused on the results
obtained with the individual-oriented QL-based workflow. In particular, the
comparison between the individual QL-agents (QLind) against QLpop and
the clinical protocol will be shown in section 4.2.2. Finally, in section 4.2.3
the application of individual agents to maximize the outcomes of givinostat
phase III study through personalized adaptive dosing protocols will be
discussed.

4.2.1. Learning a unique adaptive protocol for the whole
population with QL

The QLpop-agent was trained on a virtual population of 98 PV patients
(algorithm hyperparameters Table C.5 of Appendix C) with high
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heterogeneity in treatment response to learn a dosing protocol suitable for
the widest possible range of subjects. As detailed in section C.5 of Appendix
C, the learned policy achieved low CHR rates, even in the training
population. Indeed, as severe myelosuppression events were strongly
penalized in the reward function (reward=0 as reported in Eq. 23), the QLpop
dosing policy was biased to prefer lower doses which are unlikely to provoke
severe toxicities but also enable to normalize the three hematological
parameters (Figure C.6 and Figure C.7). Therefore, to increase the efficacy
rate of the QL-based general protocol, the previous definition of reward
function was revised. In particular, the too strong penalty for severe
toxicities was smoothed by replacing Eq. 23 with Eq. 38, and consequently,
Eqgs. 25-26 with Eqs.39-40 (Figures 28 and 29).

Reward = Rewardp;r + Rewardy, g + Rewardycr

(38)

a - e 00LIPLTops=1501 4 ¢ if PLTyps < 150 x 10°/L
0.5 (1 — e 006(PLTops=150) 4 05 if PLT,,. € [150,275) x 10°/L
Rewardp,r,ops =1 0.5 - (1 — e~ 0061PLTobs=1501) + 0.5 if PLT,,, € [275,400) x 10°/L

| 0.5 - e~ 0-01(PLT0ps~400) if PLT,,s = 400 x 10°/L
a=0643 c=-0.143
(39)
a - e 0OVSTSWECops=1501 4 ¢ if WBCops < 4% 10°/L

0.5 (1 — e~006-B375WBCops=150)) + 0.5 if WBCops € [4,7) X 10°/L
Rewardypcops =4 0.5 - (1 — 006 140WBCops=1501) 4 0.5 if WBCpp € [7,10) x 10%/L
0.5 - ~001-(40-WBCops—400) if WBCpps =10 x 10°/L
a=0643 c=-0.143

(40)
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Figure 28: Plot of the smoothed version of the Rewardp| 1 ops function
introduced to improve the performances of QLpop-agent. This function
evaluates the monitored values of PLT and uses an exponential decay of the
reward as the observed values of PLT go below 75 X 10°/L. Values are
reported in the [0,10] scale accordingly to weights in Eq. 24.
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Figure 29: Plot of the smoothed version of the Rewardy, gc ops function
introduced to improve the performances of QLpop-agent. This function
evaluates the monitored values of WBC and uses an exponential decay of the
reward as the observed values of WBC go below 3 X 10°/L. Values are
reported in the [0,10] scale accordingly to weights in Eq. 24.
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As shown in section C.5 in Appendix C, with the new reward function,
the CHR rate achieved by the QLpop-agent on the training population
significantly increased. Then, its performances were further evaluated on 10
different test-sets and benchmarked against the phase III protocol. After 8
months of treatment, the QLpop-agent and the clinical rules induced similar
rates of both single haematological parameter responses and CHR (Figure
30). The time necessary to achieve a stable CHR was comparable for the two
protocols (Table 5), too. Conversely, QLpop-agent showed lower safety
performances with respect to the clinical protocols as a higher percentage of
severe toxicity events was observed in the 10 test sets (Table 5).

PLT WBC HCT CHR

[ Ciinical Protocol
[ERlPopulation QL Agent (QLpop)
I 95%C.L.

-
D N 0 © o
o o o o ©o

= N W B
o o o o

% of Response on 8 months of treatment
(4]
o

o

Figure 30: Comparison between givinostat Phase III protocol and QLpop
dosing strategy (10 test sets) in terms of CHR and response rate for the single
haematological parameter.

Table 5: Comparison between QLpop-agent and the clinical protocol
proposed for givinostat Phase III study on 10 test sets composed by 98 virtual
patients. Median and 95% C.I. were computed for each metric within each
test set. The median of the 10 medians values, the 2.5° percentile of the 10
2.5° percentiles and the 97.5° percentile of the 97.5° percentiles are reported.

QLpop-agent \ Clinical Protocol

Days until stable CHR [95% C.1.]

116 110

[35,211] [41, 214]

% of patients with at least one severe toxicity event [95% CI]?
40.30 14.28

[37.75,44.89] [11.22,17.34]

% of Days on 8-months treatment with severe Toxicity
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17.33 14.67

[3.63,46.77] [5.5,29.11]

% of Days on 8-months treatment with PLT € [150,400] x 10°/L
68.44 76.44

[24.34,100] [32.23,100]

% of Days on 8-months treatment with WBCE [4,10] x 10°/L
82.22 80.67

[38.57,100] [37.80,100]

% of Days on 8-months treatment with HCT <45%

92.22 90.55

[22.14,100] [44.38,100]

% of Days on 8-months treatment with CHR

45.33 52.55

[4.18,83.62] [9.70,80.80]

Notes: a) 95% C.I. computed only across the 10 test sets, as for each of
them it is obtained a single value

4.2.2. Learning patient-specific adaptive dosing strategies with
QL

The individual-oriented QL approach was applied to the same 98-patient
virtual population used to train the QLpop-agent (Figure 27). For each
patient, a personal QLind-agent, characterized by the reward function
described in Eqs. 23-33, was trained to specifically optimize the givinostat
treatment on an 8-months period in the given subject (details on training
hyperparameters in Table C.6). Then, on the same population, the
performances of the QLind-agents were compared with the ones of the
clinical protocol and of the previously developed QLpop-agent. As shown in
Figure 31 and Table 6, the QLind-agents outperformed both the clinical and
QLpop-based protocols. Indeed, after 8 months of treatment the QLind-based
protocols achieved the highest rates for the single haematological parameter
responses as well as for CHR (93% vs 79% and 75%). In addition,
considering the whole treatment period, the QLind protocols were able to
simultaneously maintain PLT, WBC and HCT in the corresponding target
ranges for a higher percentage of days. QLind-agents dramatically reduced
the time needed to reach a stable CHR with respect to clinical and QLpop-
based rules (i.e., 47 days vs 105 and 99 days, respectively). This result is
mainly due to the ability of QLind-agents in correctly selecting the
highest/lowest dose (Figure 32 Figure 33) from the first cycle or in detecting
patients tolerating a loading dose (Figure 34). As regards treatment safety,
the individual QL-approach outperforms the two benchmarks by totally
avoiding severe toxicities (Table 6 and Figure 35).
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Figure 31: Comparison in terms of CHR and response rate for the single
haematological parameter between QLind-agents, QLpop general dosing
rules and the clinical protocol for givinostat Phase II trial. The indivudally-
tailored adaptive dosing strategies used by QLind-agents outperformed the
other strategies.

Table 6: Comparison between performances of QLind-agents, QLpop-agent
and clinical protocol on the same virtual population of 98 PV patients. For
each metric, median and 95% C.I. in the population are reported.

QLpop agent | QLind agents | Clinical Protocol
Days until stable CHR [95% C.1.]

99 47 105

[35,211] [25,147] [41,214]

% of patients with at least one severe toxicity event

43.88 1 0.00 | 12.24

% of Days on 8-months treatment with severe Toxicity

13.78 0 17.78
[2.03,54.25] [0,0] [10.67,28.44]
% of Days on 8-months treatment with PLT € [150,400] x 10°/L
71.78 79.78 91.56
[24.87,100] [28.62,100] [41.67,100]

% of Days on 8-months treatment with WBCe [4,10] x 10°/L
85.33 88.44 81.33
[20.11,100] [64.8,100] [34.98,100]

% of Days on 8-months treatment with HCT <45%

96.22 94.00 92.44
[20.11,100] [46.13,100] [44.38,100]

% of Days on 8-months treatment with CHR

50.89 75.56 53.33

[7.51, 88.00] [33.44,88.89] [11.82,81.38]
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Figure 32: Example of virtual PV patient on which the individual and
population QL-agent outperform the clinical protocol by choosing the
maximum givinostat dose from the beginning of the treatment. This strategy
allows to quickly reach the CHR. Yellow, green, orange and red shaded areas,
represents inefficacy, efficacy, moderate and severe toxicity ranges of each
haematological parameter.
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Figure 33: Example of virtual PV patient on which the QLind-agent
outperforms both the QLpop-agent and clinical protocols by choosing the
minimum givinostat dose from the beginning of the treatment. This strategy
allows to reach the CHR avoiding toxicity events. Yellow, green, orange and
red shaded areas, represents inefficacy, efficacy, moderate and severe
toxicity ranges of each haematological parameter.
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Figure 34: Example of virtual PV patient on which the QLind-agent
outperforms both the QLpop-agent and clinical protocols by correctly
choosing a loading dose which allows a quicker CHR. Yellow, green, orange
and red shaded areas, represents inefficacy, efficacy, moderate and severe
toxicity ranges of each haematological parameter
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Example of virtual PV patient on which the QLind-agent
outperforms both the QLpop-agent and clinical protocols with a dosing

strategy which avoids the onset of severe toxicities. Yellow

Figure 35
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4.2.3. Adapting patient-specific QL-based protocols to optimize
givinostat phase lll trial

To evaluate MIRL strategies within the drug development process, the
individual-oriented QL approach was challenged to derive personalized
adaptive dosing strategies maximizing the CHR rate at the eighth month of
treatment. This task, in fact, represents one of the primary endpoints of the
planned givinostat phase III clinical study.

The formalization of the givinostat precision dosing problem described in
sections 4.1.2.1-4.1.2.3 was adopted also in this case. However, the reward
function (Eqs. 23-33) adopted for QLind-agents, was properly modified to
emphasize the need of achieving a CHR at the end of the treatment (i.e., 8"
month). In particular, as shown in Egs. 41 and 41, an additive bonus term
was included to the reward function to renumerate more dosing actions able
to induce a CHR at the end of the eighth month of treatment.

0 if PLTyps <75 % 10%/Land/or WBCyps < 3 x 10°/L
Reward = .
Rewardp;r + Rewardy g + Rewardycr + Bonus otherwise
(41)
{100 if month = 8 and CHR is achieved
Bonus = .
0 otherwise.
(42)

Individual QL-agents with bonus term (QLind-bonus agents) were
evaluated on the same virtual population used for the QLind -agents (i.e.,
those without bonus in the reward function). As shown in Table 7, QLind-
bonus agents were able to achieve the desired result, that is inducing a CHR
in all the patients at the end of the treatment period. However, to ensure a
CHR at that specific endpoint (i.e., end of eight month), QLind-bonus agents
slightly reduced treatment efficacy in the other months. Indeed, the QLind-
bonus agent policies led to a shorter permanence of PLT, WBC and HCT in
the efficacy ranges than the QLind-agents. Figure 36 better clarifies this
difference between QLind (Panel A) and QLind-bonus (Panel B) agents. In
particular, for this patient, QLind-bonus agent preferred a dosing strategy
leading to a longer PLT moderate toxicity (orange shaded area) in order to
obtain CHR at the eighth month. Conversely, QLind-agent, maximized the
permanence in the target range (green shaded area) though CHR was not
achieved at the eighth month.
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Figure 36: An example of how the introduction of bonus term in the reward
function affects QL treatment personalization. For the same patient, Panel A
shows the dosing strategy of QLind-agent (i.e., without bonus), conversely,
Panel B illustrates the strategy proposed by QLind-bonus agent. Yellow,
green, orange and red shaded areas, represents inefficacy, efficacy, moderate
and severe toxicity ranges of each haematological parameter.

Table 7: Comparison between QLind-agents and QLind-bonus-agents on the
same virtual population of 98 patients. For each metric, the median and 95%
C.I. in the population are reported.

Dose [mg]

Dose [mg]

QLind-agents

\ QLind-bonus agents

% of Response on 8 months of treatment — PLT

96.90

| 100

% of Response on 8§ months of treatment — WBC

100

| 100

% of Response on 8 months of treatment — HCT

95.90

| 100

% of Response on 8 months of treatment — CHR

93.80

| 100
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% of Days on 8-months treatment with severe Toxicity

0 0

[0,0] [0,0]

% of Days on 8-months treatment with PLT € [150,400] x 10°/L [95%
C.j

91.56 90.44

[41.67,100] [43.97,100]

% of Days on 8-months treatment with WBCE€ [4,10] x 10°/L [95%

C.1]

88.44 87.33

[64.8,100] [61.04,100]

% of Days on 8-months treatment with HCT <45% [95% C.I]
94.00 93.11

[46.13,100] [50.49,100]

% of Days on 8-months treatment with CHR [95% C.I]

75.56

73.33

[33.44,88.89]

[27.09,88.89]

4.3. Discussions

In this chapter, the potentialities of MIRL approaches to optimize multi-
objective treatments were explored on the clinically-derived precision
dosing scenario of PV treatment with givinostat. In particular, it represents
an interesting and not trivial clinical example of dose-adaptive regimen
(Figure 24), for which dose adjustments depend on multiple key parameters
(i.e., PLT, WBC and HCT), that are jointly considered as efficacy and safety
endpoints. In addition, the high IIV affecting the haematological parameters
dynamics and the givinostat response [45] further challenges the
identification of a treatment regimen that can be adequate for all PV patients.
Indeed, dosing rules effective for some patients could not be optimal for
other individuals exhibiting not typical behaviours. These aspects make the
givinostat precision dosing problem appealing for evaluating MIRL
strategies, as there is a lack of knowledge on how such a framework performs
in the joint optimization of multiple biomarkers.

Therefore, the sequential decision-making process relating to givinostat
treatment was formalized as MDP in order to leverage RL, more specifically
QL, for its optimization. System/patient states were defined including all the
relevant information to inform the action choice (i.e., dose selection).
Previously administered dose and a categorization of the three biomarker
levels (Eqgs. 34-46) were encapsulated in the state definition. QL-agent
actions were defined to allow the exploration of different dosing strategies
potentially better than the clinical protocol and, simultaneously, to obtain
clinically acceptable rules. To this regard, only clinically available dose
levels were considered, and some safety constrains (i.e., gradual dose
variation, interruption due to severe toxicities) were imposed to the QL-
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agents. Differently from the clinical protocol, QL-agents had more degrees
of freedom in the selection of both initial and resumption doses as well as in
dose-adjustments in absence of severe toxicity. Finally, the goal of givinostat
treatment was formalized in the reward function described by Eqgs. 23-33,
integrating the literature available clinical knowledge [45,110]. Due to the
multi-objective optimization problems, three equally weighted terms, one for
each hematological parameter, were introduced in the reward function.

The developed QL-framework was first applied to derive a dose-adaptive
protocol for givinostat suitable for all the PV patients. To this end, as detailed
in section 2.2.1, a unique QL-agent (QLpop-agent) was trained on a
heterogeneous population of 98 virtual patients. This training set was
generated through a stratified random sampling strategy (section C.3 of
Appendix C) to fully assess QL flexibility against IIV of treatment response,
a central feature in precision dosing. During the training phase, the designed
reward function (Eqs.23-33) was refined by introducing smoothed penalties
for severe toxicities (Eqs. 38-40 and Figures 28 and 29) to increase the
efficacy of QLpop-agent dosing protocol. QLpop-agent was benchmarked
against the givinostat clinical protocol on 10 test-sets, each composed by a
population of 98 virtual PV patients (Figure 26). The QLpop-agent and
givinostat clinical protocol showed similar efficacy, even if the QL Lpop-agent
had a bit more difficulties than the clinical protocol in avoiding severe
toxicity events (Table 5 and Figure 30). This nontrivial result is a
confirmation of the powerfulness of RL algorithms that are able to learn from
scratch a set of reasonable rules close to those formulated on the basis of the
clinical knowledge.

However, population QL-agent as well as the clinical protocol struggled
to manage the presence of three endpoint to be simultaneously optimized and
the high IIV, as both strategies are not tailored on each subject. endpoint to
be simultaneously optimized and the high IIV, as both strategies are not
tailored on each subject. These findings suggested that givinostat treatment
can benefit from a deeper personalization of its dose-adaptive protocol and
that RL can be exploited for this aim. Therefore, a set of personal QL-agents
(QLind-agents), one for each patient, was trained and compared with the
clinical and QLpop-agent protocol. The QLind-agents were able to optimize
the efficacy/safety balance of givinostat treatment, to simultaneously
manage the presence of multiple endpoints as well as of the high II'V, thus
outperforming both population dosing strategies (Figure 31 and Table 6).

The excellent performances demonstrated by the QLind-agents confirmed
the potential benefits of adopting an individual-oriented RL-approach to
delivery precision dosing in a clinical setting. However, an RL-based
personalization of the treatment could potentially improve also the drug
development process, by avoiding attrition due to wrong dosage [72]. As
described in section 4.2.3, QLind-agents were adapted to optimize the
percentage of CHR achieved at the eight months of treatment, which is one
of the primary endpoints of a planned phase III study [45]. To this aim, the
reward function was modified to inform the RL algorithm of this specific
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goal. In particular, a bonus term which renumerates actions leading the
patient to CHR at the eighth month (Eqs. 41 and 42) was introduced in the
reward function. These novel QLind-agents (QLind-bonus agents), were able
to induce a CHR after 8 months of treatment in the entire patient population,
thus maximizing the success rate of the clinical study. This simple example
underlines also the flexibility of RL algorithm, which can be adapted to
optimize different aspects of a pharmacological treatment, if the goal is
correctly formalized through a suitable reward function.

Although the promising results in delivering precision dosing, there are
some limitations. First, from an implementation perspective, the hybrid
framework coupling MATLAB and NONMEM required long computational
times, at least in the implementation here proposed. In particular, the
adoption of NONMEM as simulation tool for patient pharmacological
response (Panel B of Figure 1) coupled with MATLAB is suboptimal. The
simultaneous training of 98 QLind-agents and of a QLpop-agent took 26 and
52 days on a Linux machine with 8 i7 Intel® cores (3.6 GHz of clock
frequency), respectively.

Second, the limitations already discussed for the erdafitinib case study
(section 3.3) are present also here. Briefly, it was hypothesized that the PK-
PD model is the digital-twin of the patient and that it well describes the
givinostat pharmacological response (RUV was not considered in
simulations). Moreover, it was hypothesized that the digital twin of each
patient PV patients was known from the beginning of the treatment (i.e., all
the individual parameter of the model are known without uncertainty).
Actually, individual parameter estimation requires individual data, thereby
necessitating real-time monitoring during the treatment. The simplification
of the real word scenario done by these assumptions was necessary to obtain
comprehensible results in presence of a complex scenario with three
biomarkers to control. Novel strategies to address these issues will be
illustrated in Chapter 6.

In conclusion, this works highlights the powerfulness of the novel patient-
centric MIRL approach also in a complicated scenario with a joint
optimization of different efficacy/toxicity biomarkers. Further investigation
on more complicated case studies derived from clinical practice will be
performed in the next chapter.
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Chapter 5

Optimization of short- and long-term
outcomes of co-administered drugs.
Application of the RL/PK-PD
framework to axitinib/anti-
hypertensive treatment in advanced
renal cancer

Most of the literature applications of MIRL for precision dosing are
focused on the optimization of efficacy/safety biomarkers in the setting of
monotherapies [39,73,75,83,85-89,92]. However, especially in oncology,
the real clinical scenario is more complicated as several drugs can be
simultaneously administered to both increase the anticancer effect and
compensate for the onset of treatment-related adverse events (AEs).
Therefore, there is a lack of knowledge on how MIRL can perform in case
of co-administrations [74]. Furthermore, although adaptive dosing strategies
of anticancer drugs are generally based on the monitoring of short-term
biomarkers, long-term outcomes such as overall survival (OS) or progression
free survival (PFS) remain the primary endpoints [74]. Consequently, it
could be of great value investigating the potentialities of MIRL paradigm to
directly optimize both short- and long-term treatment outcomes.

The goal of this chapter is to explore and evaluate the performances of the
personalized MIRL-based strategy on a precision dosing problem involving
the co-administration of two drugs. In particular, MIRL is used to tailor an
adaptive dosing strategy at patient level by optimizing first only short-term
outcomes and then, short- and long-term outcomes together. Therefore, this
study, for the first time, provides a comparison of these two approaches.
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To this end, the challenging precision dosing problem relating to the
axitinib/anti-hypertensive co-administration in advanced renal cell cancer
(RCC) was used as case-study. Axitinib (AX) administration follows an
adaptive dosing protocol based on the monitoring of blood pressure (BP)
which represents the main efficacy/toxicity biomarker. Hypertension is the
most frequent AX-induced AE and, consequently, anti-hypertensive (AH)
medications are often co-administered to control an excessive BP increase.
Treatment goals are pushing AX dose up to increase tumor shrinkage and,
simultaneously, maintaining BP in a target range. Despite an adaptive dosing
protocol is already approved, AX pharmacological response showed a
considerable IIV in both exposure and efficacy/safety endpoints,
analogously to other tyrosine kinase inhibitor compounds (TKI).
Consequently, MIRL can be evaluated to optimize the clinical therapeutic
goals of AX-AH co-administration [116,117].

This chapter is structured as follows. First, the precision dosing workflow
of AX-AH co-administration will be presented in section 51.1. Then, the
attention will be shifted to its mapping within RL, and in particular QL,
framework Therefore, section 5.1.2 will provide a description of the
implemented QL setup and its evaluation framework. Finally, sections 5.2
and 5.3 will present and discuss the obtained results. Supplementary
information of this chapter is reported in Appendix D.

5.1. Methods

5.1.1. Axitinib /anti-hypertensive treatment in advanced renal
cancer

Advanced RCC is one of the most common forms of kidney cancer
[118,119] and it is characterized by an overexpression of vascular
endothelial growth factors receptors (VEGFR), which are involved in the
tumor progression, metastasis and angiogenesis [119]. Although several
first-line therapies are reported in the guidelines, they can become ineffective
due to the onset of a biological resistance to treatment and a second-line
treatment is necessary [120,121].

AX in monotherapy has been approved in several countries for the
treatment of advanced RCC after the failure of one prior systemic therapy
[122]. AX is an orally administered TKI of the VEGFR and, consequently,
induces vasoconstriction (Figure 37) [123]. Therefore, BP represents a
biomarker for both its efficacy and toxicity [122—124].

Indeed, several works quantitatively described the relationship between
AX-induced increase of BP and efficacy endpoints. For example, in [125] it
was found that patients with an increase of baseline diastolic BP (dBP)
greater than 10 mmHg during the treatment, had a significantly better
progression-free survival (PFS). This result on PFS was confirmed and
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extended on the overall survival OS through the Cox models developed in
[126].

Moreover, previous phase II and III clinical studies showed that
hypertension is the most common AX-related severe adverse event (AE)
[125,127,128]. Hence, a normotensive condition, defined as BP< 140/90
mmHg without the use of more than two anti-hypertensive medications, is
required before starting the treatment [117,122,125,127,128].

-

VEGFR-1 VEGFR-2 VEGFR-3

Vasoconstriction

.y, |

\ — }‘u | ANTI-HYPERTENSIVE

Epitelial cell
membrane

Figure 37: Schematical representation of axitinib action mechanism. AX
inhibits VEGFR on the epithelial cell membrane of vascular cells.
Consequently, vasoconstriction in induced and blood pression increases.
Excessive BP levels are contrasted by administering anti-hypertensive
medications.

AX administration follows an adaptive-dose protocol with 4-weeks cycles
in which dose is adjusted based on the monitoring of BP along with other
AEs [122]. In particular, the available drug levels are 2, 3, 5, 7 and 10 mg
b.i.d. Treatment starts for each patient with a dose of 5 mg b.i.d. and, at the
end of each cycle, the amount can be increased/decreased stepwise by one
level or maintained according to criteria reported in Table 8 [122]. As
concerns safety criteria, in presence of grade 4 AEs or two readings of
BP>150/100 mmHg, the protocol prescribes a safety temporary interruption
of the treatment until AEs improve to grade <2 and BP<150/100 mmHg. In
that case, the resuming dose is one level lower than that provoking treatment
interruption [122]. Only in presence of hypertensive crisis (BP > 180/120
mmHg) the treatment is permanently interrupted. Otherwise, it is continued
until disease progression [122,125,127,128].
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Table 8: Criteria for adjusting AX dose in the approved clinical protocol.

Changes in treatment schedule | Criteria

Dose increase No AEs with grade >2, BP <
140/90 mmHg without any anti-
hypertensive medication

Dose decrease AEs with grade >3 or two readings
of BP> 150/100 mmHg despite
maximal anti-hypertensive
medication.

Although the presence of this adaptive dosing protocol, AX showed a
considerable IIV in both exposure and efficacy/safety endpoints,
analogously to other TKI compounds [116,117]. Therefore, it could be of
interest to explore MIRL-based strategies in this context, which is furtherly
challenging due to the concomitant AH medications.

Despite AHs are often prescribed to contrast the onset of AX-induced
hypertension [125,129,130], no standardized protocol or consensus
currently exists to guide the administration of AHs in this context [130].
Clinical studies have shown that various classes of AH drugs are suitable to
manage AX-induced hypertension, and these medications can be tailored to
the patient needs, either as monotherapy or in combination with other AHs
[130]. Therefore, when prescribed during AX treatment, both the dosage and
the number of AHs can be adjusted to control hypertension. The lack of a
standardized clinical protocol led to introduce some assumptions on AH
treatment within the RL formalization that will be discussed in sections 5.1.2
and in D.1 of Appendix D.

5.1.2. Set up of QL algorithm for axitinib/anti-hypertensive co-
administration

First, the precision dosing of AX-AH co-administration was described as
an MDP (see section 2.1.1). To this end, the essential components of MDP
1.e., system states, agent actions and reward function, were defined based on
the clinical scenario described on section 5.1.1. Given the lack of standard
guidelines in AH administration, some assumptions were necessary. As
detailed in sections D.1.3 and D.1.7 of Appendix D, the amount of
administered AH medications was represented using the daily dose
equivalent (DDE) formulation. This approach allows to express the quantity
of administered AHs without the need to specify their exact number. In
particular, the set of {0, 1, 2, 3, 4} represented the available levels of AH
DDE (further details in section D.1.7 of Appendix D).

Since QL was used also in this case-study as RL algorithm, states and
actions were defined in a discrete fashion. In particular, system/patient state
are based on the dBP levels which are periodically monitored to guide the
simultaneous dose adjustment of both AX and AHs (QL-agents actions).
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Two different reward functions were developed and evaluated to optimize
short- and long-term outcomes of this co-administration. In optimizing short-
term outcomes, the reward function was defined to give higher remuneration
to the dosing strategies that bring and maintain dBP in the efficacy range of
[90,100) mmHg and, simultaneously, maximizing AX exposure and limiting
AHs. Differently, for optimizing also long-term outcomes, the reward
function was extended by adding a term that evaluates the effect of a dosing
strategy on patient survival probability.

The empirical AX-AH PK-PD-OS model presented in section D.1 of
Appendix D was embedded within QL algorithm to simulate the PK-PD-OS
response of each virtual patient to individual QL-agent (QLind-agent) dosing
strategies. Briefly, the available modeling framework describes AX-AH
effects on dBP and directly links the antitumoral effect on the soluble form
of VGEFR (sVEGFR) in plasma. Tumor growth inhibition, quantified by the
lesions sum of the longest diameters (SLD), is linked to sVEGFR coherently
with the AX mechanism of action (Figure 37). Finally, OS is regulated by
the SLD time course.

Since AX treatment is continued until disease progression or unacceptable
toxicities (i.e., hypertensive crisis) [122], a 2 years timeframe was
considered for the treatment simulations in the QL setup.

From an implementation perspective, the workflow integrating R and
Simulx presented in section 3.1.2.4 was adopted for this case study.

The following subsections will provide a comprehensive description of
the QL setup adopted for AX-AH co-administration precision dosing
problem and its evaluation setup.

5.1.2.1. Short-term reward function

The AX-AH co-administration aims to simultaneously achieve multiple
short-term therapeutic goals: 1) AX exposure has to be maximized in order
to shrink tumor size; ii) the onset of hypertension has to be avoided and dBP
needs to be maintained in the [90,100) mmHg range and i11) AH drugs should
be administered only to compensate AX-induced hypertension. To account
for all these aspects, the short-term reward (ST-Reward) function was
defined as the sum of three different terms (Eq. 43):

ST-Reward = Rewardgp + Reward,x + Reward,y.

(43)

The contributes with higher weight are Reward;gp and Reward,x.The
first evaluates the value of dBP observed at the end of each treatment cycle,
dBP,,s, as described in Eq. 44.
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0.1 if dBPpps < 60 mmHg
5. e k1ldBPobs=90l  jf dBPp,, . € [60,90)mmHg
1.2 - dBPyps — 101 if dBPy)s € [90,92.5)mmHg
10 if dBPyy, € [92.5,97.5]mmHg
Rewardgp(dBPops) =4 —1.2 - dBPyys + 127  if dBPyps € (97.5,100)mmHg

—k,-(dBPgps—100
5- e ke (@PPonsTI00 e 1B Py, € (100,105]mmHg

ot if dBPyy, > 105 mmHg
k= =55 1n0.02 ky, =—0.2-1n0.02

(44)

As illustrated in Figure 38, Reward,gp returns a higher reward (=10) to
those dosing strategies bringing dBP in the middle of the target range (i.e.,
[92.5,97.5] mmHg interval). As dBP moves away from the center of this
range in either direction (toward 90 mmHg or 100 mmHg), the reward
decreases linearly until it reaches a value of 7. AX-AHs combinations that
result in inefficacy or moderate toxicities are penalized with a reward <5,
which decreases exponentially as dBP approaches 60 or 105 mmHg. Finally,
the minimum reward (=0.1) is assigned when severe hypertension (dBP>105
mmHg) or hypotension (dBP<60 mmHg) is reached.
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Figure 38: Graphical representation of Reward,gp function.
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Differently, Reward,y (Eq. 45) is a function taking as input both the
administered AX dose and the observed dBP value, dBPy,,. It adds to the
reward function a positive term proportional to AX dose whether dBPy;s <
100 mmHg. The choice of assigning a Reward,yx >0 also in presence of
dBPy,s < 90mmHg, was made after observing a significant percentage of
patients in the virtual population that cannot reach the range [90,100]
mmHg even with the highest AX dose (details in section D.2 of Appendix
D). Conversely, when dBPyps = 100 mmHg, Reward,yx = 0.

0 ifdBPgpps =100 mmHg
ifdBPgps < 100 mmHg A Dosegyitinip = 10 mg b.i.d
ifdBPyps < 100 mmHg A Dosegyitinip = 7 mg b.i.d
ifdBPgps < 100 mmHg A Dosegyitinip = 5mg b.i.d
ifdBPyps < 100 mmHg A Dosegyitinip = 3mg b.i.d
ifdBPgps < 100 mmHg A Dosegyitinip = 2 mg b.i.d

Rewardyy (dBPyys, Doseyx) =

N S O 0 O

(45)

Finally, Bonus,y has a lower contribute which gives a higher
remuneration if lower doses of AH medications are administered when dBP
is in the target range. As described in Eq. 46, this term has a significant
additive contribute to the reward function only if dBPy,s € [90,100)
mmHg.

ifdBPyy,s ¢ [90,100)mmHg
ifdBPyys € [90,100)mmHg A Doseyy = 0
ifdBPyys € [90,100)mmHg A Doseyy = 1
ifdBPyys € [90,100)mmHg A Doseyy = 2
ifdBPgyys € [90,100)mmHg A Doseyy = 3
ifdBPyys € [90,100)mmHg A Doseyy = 4

Bonus,y (dBPops, Doseyyitinin) = 3

RN WS 1O

(46)

5.1.2.2. Short- and long-term reward function

The reward previously presented was extended to explore the
potentialities of directly integrating the optimization of patient long-term
outcomes into the MIRL framework.

To this end, a new reward function, called short- and long-term reward
function, (S&LT-Reward), was developed to optimize not only short-term
outcomes but also patient survival probability. In particular, the proposed
strategy leverages the personalization of the reward function for each patient
according to individual characteristics. Therefore, each patient has an ad-hoc
S&LT-Reward function, S&LT-Reward;, representing the balance between
short-term outcomes and the individual survival probability.

As reported in Eq. 47, the individually tailored S&LT-Reward; functions
were defined from Eq. 43 by replacing the contribute of Reward,y with the
patient-specific Rewardpg_,x; term.

91



Application of the RL/PK-PD framework to AX-AH precision dosing
problem

S&LT-Reward; = Reward,gp + Rewardps_,x; + Reward,y

(47)
The Rewards_,x,; functions were designed to weight the effect of each
AX dose level dj in D = {2,3,5,7,10} mg b.i.d. on the patient-specific

survival probability. Assuming that the patient parameters of AX-AHs PK-
PD-OS model, 8;, are known, for each AX dose d;, patient survival

probability at the end of a fixed-dose treatment, S (tend|AX = dj, 0,-), can be

computed. As motivated in section 5.1.2, t,,4 Was set equal to 2 years in this
study. The Rewardys_,x,; was then computed for each d; by normalizing

S(tend|AX =d;, Bi) between 0 and 10 as reported in Eq. 48.

S(tenalAX = d;, ;) — S(tenalAX = 0,6))
S(tenalAX = 10,0;) — S(tenglAX = 0,6))

Rewardos_AX,i(dj) =10

(48)

In particular, the normalization uses as reference the survival probability
in absence of treatment, S(t.,4|AX = 0, 8;), and those obtained fixing AX to
the highest dose (10 mg b.i.d.), S(tenqlAX = 10,0;). Consequently,
Rewardps_,x,(d;) considers the ratio of the gains of survival probability
with respect to the absence of treatment between d; and the maximum AX
dose of 10 mg b.i.d. Capping Eq. 48 to 10, i.e., the maximum value of
Reward gp (Figure 38), is a design choice that was made to give the same
importance to both maintaining dBP in its target range (short-term outcome)
and optimizing OS through AX dose levels (long-term outcome).

Moreover, with Eq. 48, an excessive AX dosage should be avoided.
Indeed, the highest AX doses are expected to be administered only when they
can substantially bring a high gain in terms of patient survival probability.

5.1.2.3. System/patient states

Patient state was described by a tuple of four elements, X =
{dBPg;scr, Doseyx, Dose,y, FlagInterr.}. In  particular, dBPyjs. is the
discretized dBP level observed at the end of each treatment cycle (Eq. 49).
The definition of the dBPy;s., values were based on the dBP ranges adopted
by the clinical protocol described in section 5.1.1.

1 ifdBP €[0,90)mmHg
2 ifdBP €[90,100)mmHg
dBP,iser =13 ifdBP €[100,105lmmHg
4 ifdBP € (105,120lmmHg

5 ifdBP > 120mmHg

(49)
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Dose,x contains the information on the previous administered AX dose
and its value can be {0, 2, 3, 5, 7, 10} mg b.i.d. Analogously,
Dose,y represents the previous administered DDE of AH medications and,
as detailed in section D.1.3, its value can be {0, 1, 2, 3, 4}. Finally,
FlagInterr. is a flag value which is set to 1 whether Axitinib treatment is
temporary interrupted following a severe hypertension episode, 0 otherwise.
This information allows to discern the states in which the anticancer therapy
can be resumed after treatment interruption.

Moreover, three different initial states, Syq,Sg2, So3, representing patient
condition before treatment (Eq. 49) were considered.

So1 ifBasey € [0,70)mmHg
IntialState =4Sy, ifBase, € [70,80)mmHg
So3 Basey € [80,90)mmHg

(50)

The definition of these different and mutually exclusive initial states is
based on the baseline value (i.e., pre-AX treatment) of dBP and which has a
relevant impact on dBP steady-state level (see section D.1.7 of Appendix D).

5.1.2.4. QL Agent actions

Differently from the case studies presented in Chapters 3 and 4, here, QL
actions are referred to a simultaneous change of both AX and AH
medications. As concerns AX dosing, the set of clinical doses, {0, 2, 3, 5, 7,
10} mg b.i.d., was maintained and the actions available to QL-agents were
defined accounting for specific safety constraints derived from the AX
clinical protocol (section 5.1.1). In particular, gradual dose changes (i.e., 1
level with respect to the current amount) and safety treatment interruption
criteria for severe hypertension episodes were imposed for AX. However,
the agent has a higher degree of freedom in making decisions with respect to
the clinical rules, in order to explore and identify potentially better
personalized treatments. Indeed, following a temporary treatment
interruption due to moderate hypertension, AX can be restarted at any
possible dose instead of administering a 1 level lowering of the dose
triggering the interruption. Furthermore, QLind-agents could start AX
treatment at any dose level instead of using 5 mg b.i.d. Differently, due to
the absence of a consensus/standardized administration protocol during AX
treatment for AHs, QL-agents were allowed to select an AH level from {0,
1,2, 3,4} DDE at each treatment cycle, excluding the first one. Indeed, since
all patients are supposed to be normotensive before starting the anticancer
therapy, the QL-agents do not have to decide an initial dose for AH
medications.

Table 9 summarizes, for each system/patient state, the actions available
to QL-agents.
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Table 9: Summary of the actions available to QL-agents.

System/Patient State Possible Actions

For each state having dBP,;s.r = 5 Stop treatment
permanently.

For each state having dBPy;s.r = 4 and | Stop Axitinib for at

FlagInterr.= 0 least one cycle and

choose a dose for AH
medications  between

{0,1,2,3,4}.
For each state having dBP;;s.r < 2 and | Resume Axitinib
FlagInterr.= 1 treatment with a dose in

the set {2,3,5,7,10} mg
b.i.d.. AH medication
can be changed with a
dose  belonging to

{0,1,2,3,4}.
For each state having dBPy., € [3,4] | Axitinib remains
and FlagInterr.=1 interrupted, only AH

dose can be changed
with a level belonging

to {0,1,2,3,4}.

For each state having dBPyiscr < 3 and | The previous

FlagInterr.= 0 administered dose of
Axtinib can be
increased/decreased
stepwise by one level or
maintained. AH
medication can be
selected between
{0,1,2,3,4}.

5.1.2.5. Evaluation framework

The QL algorithm was integrated with the MIRL framework presented in
section 2.2.2 to derive personalized adaptive dosing protocols for the AX-
AHs co-administration. The empirical AX-AH PK-PD-OS model described
in section D.1 of Appendix D was embedded in the MIRL workflow as
simulation engine. A perfect model representation of the reality was
assumed, consequently RUV was neglected in simulations.

In particular, individual QL-agents (QLind-agents) were trained to learn
individually tailored dosing strategies with both ST and S&LT reward
functions (sections 5.1.2.1-2) considering two years of treatment duration.
Their performances were evaluated on the same virtual patient population in
order to perform a paired comparison (i.e., the same patient treated with both
dosing strategies). To this end, a heterogeneous population of 75 virtual
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patients was generated by applying the stratified random sampling strategy
described in section D.2. of Appendix D. Individual parameters of virtual
patients were extracted from parameter distributions of the AX-AHs
population PK-PD-OS model and the covariates from the distribution of
subjects on which the model was estimated (sections D.l1 and D.2 of
Appendix D). As detailed in section D.2 of Appendix D, the adopted
stratified random strategy allowed to obtain a heterogeneous virtual
population in terms dBP, tumor growth and survival probability following
AX-AHs treatment. Consequently, ST and S&LT reward functions were
robustly evaluated with respect to IIV as a broad spectrum of treatment
responses was considered. Indeed, as detailed in Table D.6 of Appendix D,
the virtual population combines different levels of tumor resistance in terms
of time at which AX is no longer effective with different dBP response
patterns.

5.2. Results

In this section, the results of QL-based personalized adaptive dosing
strategies obtained with the two rewards function previously introduced will
be presented. In particular, section 5.2.1 will show the performances of
QLind-agents on the virtual population when the ST-Reward function is used
in the training stage. Differently, section 5.2.2 will be dedicated to a
comparison between the individually tailored adaptive dosing strategies
obtained by QLind-agents with both ST and S&LT reward functions.

5.2.1. Treatment personalization based on short-term reward
function

The individual-oriented QL approach was first applied to the 75-patient
virtual population with the ST-Reward function (Eqs. 43-45). For each
subject, a personal QLind-agent was trained to individually optimize AX-
AHs co-administration treatment on a 2-years period (details on training
hyperparameters in Table D.7). QLind-agents were able to bring dBP in its
target range for all the patients and, as shown in Figure 39, AX dose was
pushed to its maximum value (10 mg b.i.d.) in all subjects starting from the
5™ treatment cycle. Furthermore, for some individuals well tolerating the
highest AX dose level, QLind-agents were able to administer 10 mg b.i.d
since the first cycle (Figure 40).
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Figure 39: Distribution of AX doses administered per cycle by QLind-agents
with ST-Reward function.
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Figure 40: Example in which QLind-agent trained with ST-Reward is able
to detect patient well tolerating the highest AX dose since the beginning of
treatment.
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Such increase of the administered AX dose did not lead to a high rate of
severe hypertensions. Indeed, only one episode occurred in all the test
population (1%), and it was related to a patient that would experience such
severe AE for all the available AX doses, including the lowest of 2 mg b.i.d.
In this scenario (Figure 42), the QLind agent started with 10 mg b.i.d. of AX,
then, due to the severe toxicity, temporary interrupted the treatment (cycle
2). Following the restoration of patient normotensive condition, the
treatment was continued with AX=10 mg b.i.d. and AH=3 to prevent
hypertensions.
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Figure 41: Example of adaptive dosing protocol learnt by QLind-agent with
ST-Reward function for a patient experiencing severe toxicities for each Ax
dose level.

Although AX was pushed to 10 mg b.i.d, the administered AH dosages
were kept low by QLind-agents. As illustrated in Figure 42, the highest DDE
of AH (=4) was never given by QLind-agents and more than the 30% of the
population did not receive any AHs. When administered, AHs were mostly
given with a medium dosage of 2 (30%) or 3(23%).
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Figure 42: Distribution of AH doses administered by QLind-agents for each
treatment cycle with ST-Reward function.
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Figure 43: Example of QLind-agent trained with ST-Reward personalizing
AX-AH co-administration with a joint up-titration strategy.

Interestingly, the administration frequency of 1 dose of AH was very high
at the 2" cycle (34%), then, its rate decreased. This aspect was due to dosing
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strategies based on a joint up-titration of AH and AHs as for example
reported in Figure 43. This patient remained in the target dBP range only
with 2 mg b.i.d of AX, higher doses would provoke moderate hypertensions
(details in section D.2 of Appendix D). In this scenario, QLind-agent started
with the lowest AX doses and then gradually increased both the antitumoral
and AHs until the minimum AH dose level compatible with 10 mg b.i.d of
AX is reached.

5.2.2. Integrating long-term outcomes in the reward function

For each of the 75 patients in the virtual population, a personal QLind-
agent was trained adopting the S&LT-Reward function (Egs. 47 and 48).
This approach was applied to derive individually tailored adaptive dosing
strategies that optimize both short- and long-term (patient survival
probability) outcomes considering 2 years of duration for AX-AHs co-
treatment.

When QLind-agents trained with S&LT-Reward function were applied in
the virtual population, short-term treatment outcomes were still optimized.
Indeed, also in this case, severe hypertension occurred only in 1 patient (1%),
the same discussed for the ST-Reward function (Figure 41). However, as
illustrated in Figures 44 and 45, these results were achieved with lower AX
and AH dose levels in patients. In particular, the paired AX and AH
cumulative exposures over 2 years of treatment were compared in each
patient. A Wilcoxon paired signed rank test (« = 0.05, Hy= median of the
differences between exposures in the two groups is equal to 0) was then
performed, and statistically significant paired differences in terms of
exposure at patient levels were found.

Comparing Figures 39 and 46 and Figures 42 and 47, it emerges that the
QLind-agents trained with the S&LT-Reward function significantly reduced
the administration frequency of both AX =10 mg b.i.d. (from 100% to 67%)
and AHs=3 (from 22% to 13%). With the S&LT-Reward strategy, QLind-
agents administered in some patients 7, 5, 3 mg b.i.d. of AX (10%, 9% and
8% respectively) as maintenance dose instead of pushing it to 10 mg b.i.d.
Interestingly, in this scenario, also the lowest AX dose 2 of mg b.i.d. was
maintained in the 5% of the patients.
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Figure 44: Paired difference of cumulative AX dose between ST and S&LT
reward functions. Red dashed line represents the cumulative AX exposure
with a dose of AX=10 mg b.i.d. for each cycle (=240 mg b.i.d).
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Figure 45: Paired difference of cumulative AX dose between ST and S&LT
reward functions. Red dashed line represents the cumulative AX exposure
(=69) with a dose of AH=3 from the second to the last cycle (24™).
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Figure 46: Distribution of AX doses per cycle administered by QLind agents
with S&LT-Reward function.
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Figure 47: Distribution of AH doses per cycle administered by QLind agents
with S&LT-Reward function.

Although the administered AX dose was reduced by QLind-agents trained
with S&LT-Reward function, patient OS resulted similar to those obtained
with the ST-Reward (Figure 48).
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Figure 48: Comparison between OS profiles obtained with S&LT and ST
reward strategies within the 75-patients virtual population

Results shown in Figures 44-48 confirm that the S&LT-Reward function
allowed to define individually tailored adaptive dosing protocols that found
the lowest dose of AX-AH combination able to optimize the survival at 2
years. To further demonstrate this result, some examples will be discussed
below.

Figure 49 compares the profiles of dBP, tumor size (SLD) and survival
probability obtained in the same patient with ST (red dashed line) and S&LT
(black solid line) Reward functions.
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Figure 49: Comparison between the effects of the dosing strategies of
QLind-agent trained with ST-Reward function (red dashed line) and S&LT-
Reward function (black solid line) on dBP, tumor size (SLD) .In this patient
the strategy adopted by the individual QL-agent trained with S&LT reward
function limits AX to 5 mg b.i.d. instead of pushing it to 10 mg b.i.d as done
when ST Reward is used.

The adaptive dosing strategy of the QLind-agent with S&LT-Reward
function can be qualitatively justified by considering the weights of each AX
dose assigned by Rewardps_,x; (Eq. 48) according to their impact on the
survival probability of this patient at 2 years from treatment beginning (Table
10). In particular, survival probability associated with AX=5 mg b.i.d is very
close to those with AX=7 or 10 mg b.i.d. (gap lower than 0.01). Therefore,
from a qualitative point of view, it is reasonable that administering more than
5 mg b.i.d. would not dramatically impact patient survival probability.

Table 10: Weights assigned by Rewardys_,x ; for each AX dose according
to their impact on the survival probability at two years for the patient in
Figure 49.

AX dose S(tena = 2years|AX dose, 8;) | Rewardps_,x
0 0.626 0

2 0.804 8.33

3 0.817 8.97

5 0.830 9.56

7 0.836 9.83

10 0.839 10

However, by evaluating the ST Reward-based dosing strategy with
S&LT-Reward, it is possible to better understand why this approach is
considered suboptimal when QLind-agent is trained with the S&LT-Reward

103



Application of the RL/PK-PD framework to AX-AH precision dosing
problem

function. The sum of discounted reward obtained by the ST-based dosing
strategy was 290, three points lower than the S&LT-based one (=293). Figure
50 illustrates the differences, stratified for each of the S&LT-Reward
components (i.e., AX, AH and dBP contributes, see Eq. 47), between S&LT -
based and ST-based dosing strategies, when S&LT-Reward function is used
to evaluate them. In particular, since both strategies give the same amount of
AHs at each cycle, the difference for this component is always null. At the
first cycle, the S&LT-based dosing strategy has a lower reward as it leads to
a stronger moderate hypertension than the ST-based. However, starting from
the second cycle, the QLind-agent trained with S&LT-Reward receives a
higher remuneration for the dBP levels as they are closer to the middle of the
target range [90,100) mmHg. This gain in terms of dBP is higher than the
loss due to administering AX=5 mg b.i.d. instead of 10 mg b.i.d. Therefore,
in presence of similar values of Rewardys_ax; for AX=10 mg b.i.d and its
lower doses, QLind-agents trained with S&LT-Reward are more prone to
select lower doses.
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Figure 50: Stratified differences for each of the S&LT-Reward components
(i.e., AX, AH, and dBP contributions, as defined in Eq. 47) between the
S&LT-based and ST-based dosing strategies for the patient in Figure 49,
when evaluated using the S&LT-Reward function.

Differently, when the gap between AX =10 mg b.i.d. and the lower doses
is larger, the S&LT-based dosing strategy is suboptimal. To demonstrate
this, the previously described analysis was repeated using the ST Reward
function as matric to compare ST-based and S&LT-based adaptive dosing
protocol (Figure 51). In this scenario, S&LT-based dosing strategy is no
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longer the optimal one as the loss in terms of reward between administering
5 mg b.i.d. of AX instead of 10 is larger (from -0.44 to -4).
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Figure 51: Stratified differences for each of the S&LT Reward components
(i.e., AX, AH, and dBP contributions, as defined in Eq. 47) between the
S&LT-based and ST-based dosing strategies for the patient in Figure 49,
when evaluated using the ST Reward function.

A more extreme scenario in which QLind-agents with S&LT-Reward
dramatically lowered AX dose is reported in Figure 52. It represents a case
in which a dose of 2 mg b.i.d. is preferred instead of 10 mg b.i.d. as occurred
with ST Reward function. Analogously to the previous case, the weights
assigned by Rewardps_,x; at each AX dose allows to qualitatively
understand why this dosing strategy resulted optimal with the S&LT-Reward
function. As reported in Table 11, all AX doses have almost the same impact
on patient survival probability after 2 years of treatment, with a difference
of 0.011 between AX=2 mg b.i.d. and AX=10 mg b.i.d.
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Table 11: Weights assigned by Rewardys_,x ; for each AX dose according
to their impact on the survival probability at two years for the patient in
Figure 52.

AX dose S(teng = 2years|AX dose, 8;) | Rewardps_x ;i
0 0.197 0

2 0.862 9.33

3 0.869 9.93

5 0.872 9.97

7 0.873 9.99

10 0.873 10
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Figure 52: Comparison between the effects of the dosing strategies of
QLind-agent trained with ST Reward function (red dashed line) and S&LT-
Reward function (black solid line) on dBP, tumor size (SLD). In this patient
the strategy adopted by the individual QL-agent trained with S&LT-Reward
function limits AX to 2 mg b.i.d. instead of pushing it to 10 mg b.i.d as done
when ST Reward is used.
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Figure 53: Stratified differences for each of the S&LT-Reward components
(i.e., AX, AH, and dBP contributions, as defined in Eq. 47) between the
S&LT-based and ST-based dosing strategies for the patient in Figure 52,
when evaluated using the S&LT-Reward function.

When the differences for each component of the S&LT-Reward function
are computed for S&LT-based and ST-based dosing strategies, the effect of
having Rewardps_,x; (2mgb.i.d) = Rewardps_,x; (10 mgb.i.d) is
more evident (Figure 53). Indeed, by using the S&LT-Reward function,
administering AX=2 mg b.i.d. is better than giving AX=10 mg b.i.d., because
dBP is closer to the center of the target range and, consequently, AHs are not
necessary. These aspects provide a reward gain that is much higher than the
reward loss due to the use of the lowest AX dose.

Analogously to the case in Figure 49, with ST Reward the S&LT-based
dosing strategy is no longer optimal due to larger reward differences between
AX doses (Figure 54). Indeed, the gains in term of dBP and low AH doses
are annihilated by the administration of AX=2 mg b.i.d.
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Figure 54: Stratified differences for each of the S&LT-Reward components
(i.e., AX, AH, and dBP contributions, as defined in Eq. 47) between the
S&LT-based and ST-based dosing strategies for the patient in Figure 52,
when evaluated using the ST Reward function.

5.3. Discussions

This chapter presented the first application of the personalized MIRL
framework introduced in this thesis to optimize both short- and long-term
outcomes for a joint administration of drugs. To this end, AX-AH co-
administration in advanced RCC patients was used as case study. In this
clinical setting, AX dosage is dynamically adjusted based on the monitoring
of BP which represents the primary biomarker of both AX efficacy and
toxicity [116,125,127-129]. In particular, phase II and III clinical trials
showed that higher AX exposure brought to higher BP increase and better
survival rates. The same studies highlighted also high IIV in AX response
and severe hypertensions as most common AE [117,125,127,128]. In
particular, different types of AHs are often administered in monotherapy
and/or combination to contrast AX-induced hypertensions [130]. Their
administration does not follow a standardized protocol but they are tailored,
in quantity and number, on the specific patient based on individual
characteristic [130]. Consequently, despite the existence of an adaptive dose
protocol for AX, it could be of interest to explore the MIRL approach to
tailor simultaneously tailor AX and AH co-treatment on each single patient.

A modelling framework describing patient response, and survival
probability, is central for implementing the individual oriented MIRL
framework described in section 2.2.2. An already available PK-PD-OS
model for AX was integrated with a PK-PD model describing the effect of
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AHs on dBP during the concomitant treatment with levatinib, another
anticancer compound, (see section D.l1 of Appendix D) [131]. Thus, an
empirical and not validated model was used in the MIRL framework to
describe the AX-AH PK-PD-OS mechanisms. Although this choice
represents a strong approximation, it was necessary to simulate the
therapeutic problem optimization in a more realistic scenario, as AH are
often administered during AX treatment [130]. Furthermore, the integration
of the two modelling frameworks was supported by the fact that the
introduced AH effect model was estimated on data coming from the co-
administration with a compound belonging to TKI family, as AX [131].

After this preliminary step, the sequential decision-making process
relating to AX-AHs precision dosing was formalized as MDP to leverage
RL, more specifically QL, for its optimization. System/patient states were
defined including all the relevant information necessary to inform QL-agents
in jointly selecting the best AX-AH levels (i.e., agent’s action). To this end,
previously administered AX-AH doses and a categorization of the dBP were
included in the state definition as well as a flag value representing temporary
treatment interruptions.

QL-agents actions were described to represent simultaneous changes of
both AX and AH medications. In particular, the available AX clinical doses,
{0, 2, 3,5, 7,10} mg b.i.d., were used in the QL formalization. Following
AX clinical protocol, safety constraints were imposed to QL-agents, such as
gradual dose changes (i.e., £1 level with respect to the current amount) and
safety treatment interruption criteria for severe hypertension episodes. On
the other end, QL-agents had more degrees of freedom with respect to the
clinical protocol to explore and identify potentially better personalized
treatments. Indeed, QL-based protocols could customize both the initial AX
dose instead of fixing it to 5 mg b.i.d. and the resumption strategies following
severe hypertension. As concerns AHs, following the model calibration step
described in section D.1.7, five possible daily dose equivalent (DDE) levels
were defined, {0, 1, 2, 3, 4}. This approach circumvents the absence of a
clinical consensus/standardized protocols as it allows to express the quantity
of administered AHs without the need to specify their exact number.
Moreover, at each treatment cycle QL-agents could select among all possible
AH levels. Only at the beginning of treatment, the QL-based strategies were
forced to start with AH=0 as AX can be started only in normotensive patients
[116,117,125-129].

Finally, two different reward functions were defined and evaluated in this
scenario. ST-Reward function was defined to optimize only short-term
outcomes of the treatment, i.e., bringing the dBP in the [90,100) mmHg range
simultaneously maximizing the AX exposure and minimizing AH
administration. Similarly to what presented in Chapter 4 for givinostat
treatment, this reward function was given by the sum of three components,
one for each treatment goals. In particular, both dBP- and AX-related
components have higher weight (0-10 reward scale) than the one related to
AH (0-5 reward scale). The second reward function, S&LT-Reward, was
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defined to optimize both short- and long-term (i.e., patient survival
probability) outcomes. This strategy leverages the personalization of the
reward function for each patient according to the individual characteristics.
Therefore, an ad-hoc S&LT-Reward function, S&LT - Reward;, was
customized on each patient to represent the balance between short-term
outcomes and the individual survival probability. In particular, each S&LT-
Reward; inherits the dBP and AH components but uses individualized
weights for AX dose levels according to their impact on patient survival
probability (Eq. 48). This weighting strategy was designed so that the QL-
based protocol increases the AX dosage only when a higher exposure can
significantly improve the patient's survival probability.

To evaluate the performances of the patient-centric MIRL approach on
AX-AH co-administration precision dosing problem, a heterogeneous virtual
population of 75 patients was generated. To this end, the stratified random
sampling strategy described in section D.2 of Appendix D was leveraged.
Therefore, for each virtual patient, both an individual QL-agent (QLind-
agent) with ST-Reward and a QLind-agent with S&LT-Reward were trained
to personalize AX-AH co-administration for 2 years. This strategy was
adopted to perform a robust and paired comparison between ST and S&LT
reward functions.

The obtained results confirmed that, also in this co-administration
precision dosing scenario, the patient-tailored MIRL approach can optimize
treatment outcomes with personalized adaptive dosing protocols. Individual
QL-agents (QLind) successfully achieved the treatment goals on dBP with
both reward functions, as all patients had this biomarker within the [90,100)
mmHg target range, and severe hypertensions were dramatically reduced.
Only only one episode occurred in all the test population (1%), and it was
related to a patient that would experience such severe AE for all the available
AX doses, including the lowest of 2 mg b.i.d. (Figure 42). The customization
of the starting dose and the gradual adjustment of AX levels during each
treatment played a central role in the optimization of personal dBP levels.
Indeed, both reward functions were effective in identifying patients who
could tolerate the highest AX dose from the beginning (Figure 40 and Figure
D.3 of Appendix D), as well as those who required a gradual AX-AH up-
titration to avoid severe toxicities (Figure 43 and Figure D.4 of Appendix
D). Although both reward strategies obtained the same OS was obtained in
the population (Figure 48), they mainly differed for the administered AX-
AH dose levels, as emerged from the paired comparison of cumulative AX
and AH exposures (Figures 44 and 45).

In particular, QLind-agents trained with the S&LT-Reward significantly
reduced the administration frequency of the maximum AX dose (10 mg
b.i.d.) compared to agents trained with the ST-Reward (67% vs 100%).
Therefore, with the S&LT-Reward strategy, QLind-agents administered in
some patients 7, 5, 3 mg b.i.d. of AX (10%, 9% and 8% respectively) as
maintenance dose instead of pushing it to 10 mg b.i.d. Interestingly, in this
scenario, also the lowest AX dose of 2 mg b.i.d. was maintained in the 5%
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of the patients. As concerns AHs, both reward strategies avoided
administering the highest AH level of 4 DDE. However, due to the lower AH
exposure, S&LT-based strategies avoided the introduction of AH in more
patients and lowered the administration frequency of AH=3 from 22% to
13%.

This result is due to the weighting strategy of AX doses in S&LT-Reward
function and can be explained by considering the two examples described in
Figures 49-54 and in Tables 10-11. In particular, the Rewardys_ax; (Eq. 48)
within S&LT-Reward function evaluates the impact of each AX dose
according to patient survival probability after 2 years from treatment
beginning. When the gain of survival probability between 10 mg b.i.d. and
lower doses is small (e.g., 0.01), QLind-agents trained with S&LT-Reward
are more likely to select a lower AX exposure. Although this results in a
lower AX-related reward, this reward-loss is compensated by higher
remunerations from the dBP (i.e., dBP closer to the middle of the target
range) and AH (i.e., lower dose) components, which would not be achievable
if the maximum AX dose of 10 mg b.i.d. were administered.

In particular, the example in Figure 52 and Table 11 highlights that a
lower AX dose can achieve the same survival probability as 10 mg b.i.d.
following 2 years of treatment, meaning that, in this case, increasing the AX
dose does not offer a benefit for survival. However, if the goal is to quickly
shrink tumor size, administering the maximum dose is more effective and
this information should be encoded in the reward function.

These results remark again the centrality of the reward function in QL
and, more generally, in RL. Indeed, RL algorithms blindly optimize the sum
of the scores collected by the agent and returned by the reward function
provided as input. Therefore, if the reward function does not accurately
represent the clinical goal, an ineffective and potentially dangerous dosing
strategy can be achieved. In this explorative case study, the reward function
was designed based on the available clinical knowledge on AX-AH co-
administration to present the possible advantages of integrating long-term
outcomes (patient survival probability). However, in view of an actual
clinical application, different reward functions and RL setups could be
explored and designed with the aid of clinicians to ensure that all the key
aspects of the AX-AH co-administration are correctly considered and
formalized. Consequently, the aim of this analysis is not to establish whether
S&LT-Reward is better than ST-Reward or vice versa, but rather to highlight
the positive and negative aspects of these two strategies and showing how to
efficiently evaluate it in the development of a MIRL framework.

Although the individual-oriented MIRL paradigm showed promising
results in the optimization of both short- and long-term outcomes for
multiple drug co-administrations, there are still some limitations. First, as
mentioned before, the PK-PD-OS modelling framework adopted for AX-AH
co-administration relies on some reasonable but not confirmed assumptions.
Consequently, the obtained results cannot be properly compared to the real
clinical practice. Secondly, the technical limitations already discussed for
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givinostat and erdafitinib case studies (see sections 3.3 and 4.3) are still
present here. Briefly, it was hypothesized that PK-PD-OS modelling
framework perfectly described patient digital twin and RUV was neglected.
Additionally, it was assumed that the digital twin of each patient was fully
known from the start of treatment, meaning that all model parameters were
considered known with no uncertainty. Under this assumption, the weights
in S&LT-Reward function were computed. However, in real clinical setting,
individual parameters should be estimated from patient-specific data which
are collected during the monitoring performed throughout the treatment.
Therefore, to practically implement S&LT-based scenario, at each
monitoring step, the new patient observation should be used to update both
the digital twin (i.e., patient PK-PD-OS parameters) and the weight of each
AX dose in S&LT-Reward function.

However, these assumptions were made to simplify the complex scenario
investigated in this Chapter and to obtain more comprehensible results.
Chapter 6 will address these issues and introduce some methodological
innovations to overcome them.

In conclusion, this works highlights the powerfulness of the MIRL
approach to customize adaptive dosing protocols also for jointly
administered drugs. It was also shown that this hybrid framework can be
applied, in general, to optimize not only short-term but also short-and long-
term treatment outcomes together. Further investigations will be performed
to address the remaining technical issues of the framework.
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Chapter 6

Overcoming Key Challenges in RL/PK-
PD Framework for Clinical Integration

The applications of the MIRL approaches presented in Chapters 3-5 share
some strict methodological assumptions which limit their actual
implementation to support real clinical precision dosing problems.

First, it was supposed that patient digital twins used in the individually
tailored MIRL paradigm (section 2.2.2) were well-characterized since the
beginning of the treatment. This hypothesis translates into fully and
completely knowing the individual PK-PD model parameters before the
treatment starts. However, knowing individual parameters requires their
estimation on patient data that generally become available during treatment
monitoring.

Second, in all case studies presented so far, it was assumed that patient
virtual twin is a perfect representation of the reality. Consequently, random
(i.e., not mechanistically explained by the model) shifts between model
predictions and real-world observations embedded in the RUV were not
considered in the simulations.

The aim of this chapter is to present possible solutions to address these
two issues by refining the MIRL workflow presented in section 2.2.2. To this
end, two case studies derived from real precision dosing problems are
leveraged.

In particular, starting from some seminal literature works [63,80,98], a
Bayesian paradigm was developed to deal with the need of estimating
individual PK-PD parameters. This workflow was integrated with MIRL to
allow a continuous learning of model parameters from the monitored
observations. As will be shown in section 3.1, this novel methodology was
evaluated on a simplified version of givinostat precision dosing problem
already presented in Chapter 4.

In addition, a novel extension of MIRL paradigm exploiting QL was
developed to handle the stochasticity of reward function and states

113



Overcoming Key Challenges in RL/PK-PD Framework for Clinical
Integration

transitions due to the presence of RUV representing model misspecifications.
This new framework will be discussed in section 3.2 and its performances
are evaluated on the precision dosing problem of vancomycin continuous
infusions in intensive care unit (ICU) patients. All supplementary
information to this Chapter can be found in Appendix E.

6.1. Integration of RL/PK-PD framework with
Bayesian estimation

Bayesian estimation techniques are leveraged in MIPD workflow to tailor
adaptive dosing protocols as schematized in Figure 2. Patient history and
characteristics (e.g., covariates) and Pop-PK-PD models previously
developed on large populations are used as prior information to guide the
selection of the starting dose. Then, efficacy/toxicity biomarkers are
monitored during treatment and observations are merged with prior
information to update patient PK-PD model parameters with Bayesian
estimation. Once the model is updated, it can be leveraged to perform
simulations of different dosing scenarios for the next treatment cycles. Thus,
the most likely dosage for the next cycle able to maintain the biomarkers in
the target range is identified and used to inform dose adjustment.

This framework, starting from the seminal works in [63,80], was extended
to the MIRL paradigm as illustrated in Figure 55.
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Figure 55: Extension of the MIPD precision dosing by integrating MIRL
techniques.
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In particular, in the MIRL context, combining a priori knowledge on
patient population with the observed individual characteristics was translated
into using a general RL-based set of rules for the selection of the initial dose
(e.g., a QLpop-agent).

Then, data collected from the specific patient at each monitoring step
(e.g., treatment cycle) are used to perform a Bayesian update of the
individual set of PK-PD parameters. Once patient virtual replica is updated,
the individual RL-agent (e.g., QLind-agent) for that specific patient can be
trained to derive an individually tailored adaptive dosing protocol by using
model simulations based on the latest parameter estimation. Finally, the
updated RL-agent is leveraged to inform the dose selection for the next
treatment cycle. This process of updating both individual PK-PD model
parameters and the personalized RL-based dosing strategy repeats at each
monitoring step, when further patient information is collected.

Section 6.1.1 will present an application of this Bayesian MIRL
methodology on a simplified version of the givinostat case-study presented
in Chapter 3.

6.1.1. Application of the Bayesian RL/PK-PD to givinostat case-
stdy

The general Bayesian MIRL framework illustrated in Figure 55 was
adapted as shown in Figure 56 to a simplified version of the givinostat case
study presented in section 4.1.1 (details in section E.1 of Appendix E).
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Figure 56: Schematical representation of the Bayesian MIRL workflow
implemented on a simplified version of givinostat precision dosing problem.

Also in this application, QL was used as RL algorithm to personalize
givinostat adaptive dosing protocol. Before treatment starts, when only
baseline conditions are available, patient pre-treatment levels of PLT, WBC
and HCT were fed as input to a general QL-based set of rules (QLpop-agent)
to select the starting dose of the treatment. This QLpop-agent represents
prior knowledge on givinostat precision dosing in PV patients and was
trained on a virtual population different from the one on which the Bayesian
MIRL framework was evaluated (training details on section E.3 of Appendix
E).

Then, the monitored values of PLT, WBC and HCT at the 28" day (i.e.,
end of the first treatment cycle) were observed and used to estimate the PK -

PD parameters of each patient digital twin, ail, where superscript indicates
the treatment cycle. To this end, Bayesian maximum a posteriori (MAP) [63]
estimation was performed to integrate the prior information of givinostat
Pop-PK-PD model parameters with the current observations of PLT, WBC

and HCT. Finally, ailis given as input to the givinostat PK-PD model to train
an individual QL-agent (QLind-bay agent) which is leveraged to select the
dose for the second treatment cycle.

Therefore, at each treatment cycle j, @i]_lis updated through Bayesian
MAP estimation by integrating the latest PLT, WBC and HCT observations,
all the previously collected ones and the givinostat Pop-PK-PD model as
prior information. This updated PK-PD parameter set of patient digital twin,
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gi], is then used to refine the patient-specific adaptive dosing protocol by
retraining the QLind-bay agent. In this process, the patient optimal dosing
policy obtained at the previous treatment cycle is used as initial point for the
new estimation. For the first training of QLind-bay agent, QLpop-agent is
used as starting point. Using the QLpop-agent as a decisional set of rules for
the first cycle can be considered equivalent of fixing the QLind-bay agent
dosing policy to that of QLpop-agent.

This framework was evaluated to personalize the adaptive dosing protocol
of givinostat on a heterogeneous cohort of 112 patients generated with the
stratified random sampling strategy described in section E.2 of appendix E.
Patient treatment response as well as the observed PLT, WBC and HCT
values were simulated by using givinostat PK-PD model and their real PK-
PD parameters, 0;.

Extraction of a heterogeneous test
population of PV patients (n=112)
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Figure 57: Evaluation framework for the proposed Bayesian MIRL
approach.

As illustrated in Figure 57, the performances of the QLind-bay agent
characterizing the Bayesian MIRL approach were benchmarked against both
the QLpop-agent and the QLind-agents on the same virtual population. The
QLpop-agent (section 2.2.1) represents the case in which a general RL-based
protocol optimized for an entire patient population is used to guide patient
dosing without performing individually tailored dosing strategies.
Differently, the QLind-agents reflect the less realistic scenario applied in the
Chapters 3, in which 6; are fully known before the treatment begins.
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From an implementation perspective, the framework integrating
MATLAB and NONMEM that was applied in Chapter 3, was extended and
applied also here. More specifically, Bayesian MAP estimation as well as
the simulation of givinostat PK-PD model were performed in NONMEM,
differently the QL algorithm was coded in MATLAB. To better understand
the performances of the Bayesian MIRL approach and to avoid the
simultaneous introduction of two layers of complexity in the MIRL
framework, RUV was not considered in the simulations.

6.1.2. Results

Before applying the Bayesian MIRL approach, a QLpop-agent was trained
to identify a set of rules for selecting givinostat initial dose according to
patient baseline characteristics. QLpop-based adaptive dosing protocols
reached performances similar to the ones of givinostat clinical protocol
(details in section E.3 of Appendix E).

All individual QLind-bay agents were initialized to QLpop-dosing rules
before treatment begins in order to use the general QL-based rules to select
the starting dose. Table 12 contains the dosing rules derived by QLpop-agent
and used by QLind-bay agents in the Bayesian MIRL to select the initial dose
for each patient according on individual baseline characteristics.

Table 12: Optimal givinostat starting doses selected by QLpop-agent
according to patient baseline levels of PLT, WBC and HCT. This set of rules
was applied within Bayesian MIRL framework to personalize givinostat
initial dose levels according to pre-treatment individual characteristics.

Baseline characteristic within normality range | QLpop-agent
(Yes/No) initial dose level
PLT WBC HCT

No No No 150 mg/day

Yes No No 150 mg/day

Yes Yes No 150 mg/day

No Yes No 150 mg/day

No Yes Yes 50 mg/day

No No Yes 150 mg/day

Yes No Yes 200 mg/day

Following the selection of the starting doses, the workflow in Figure 56
was applied for each of the 112 virtual patients in the virtual population. At

each treatment cycle j, an individual set of parameters @i’ was estimated
through Bayesian MAP by leveraging both actual and past patient

observations. Then, ﬁij was leveraged to update the individualized adaptive
dosing strategies by retraining the QLind-bay agent. As illustrated in Figure
57, QLpop-agents and individual QLind-agents were used as benchmarks to
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evaluate QLind-bay agents. QLind-agents represent in this comparison the
ideal scenario in which all patients PK-PD parameters are known before
treatment begins.

Figure 58 and Figure 59 illustrate the response rates achieved by these
three strategies at the end of each treatment cycle until the last one (8™ cycle)
and the distribution of virtual patient PLT, WBC and HCT profiles generated
by each strategy, respectively.
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Figure 58: Response rate of PLT, WBC, HCT and CHR for QLpop, QLind
and QLind-bay agents in the 8 cycles of treatment.
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Figure 59: Comparison among QLind, QLind-bay and QLpop agents on the
same 112-pateints virtual population. Results are summarized in terms of
median (black line) and 90% C.I. of individual profiles within the population
(blue shaded areas). Yellow, green, orange and red shaded areas, represents
inefficacy, efficacy, moderate and severe toxicity ranges of each
haematological parameter according to givinostat clinical protocol described
in section 4.1.1.

In particular, as all QLind-bay agents are initialized to QLpop-agent for
the first dose selection, their performances are equal after the first cycle
(month 1). Differently from QLind-agents, QLpop and consequently also
QLind-bay agents use a general set of dosing rules for the first administration
thus provoking a higher number of toxicities (i.e., severe thrombocytopenia
and/or neutropenia) as highlighted in Figure 59. In the subsequent treatment
cycles, QLind-bay agents achieve higher response than those of QLpop-
agent as their dose adjustments become more customized due to the paired
update of both patient PK-PD parameters though Bayesian MAP and QL-
based personal protocols. Consequently, the gap between QLind-bay agents
and QLind agents, which hold the top position at each cycle, narrows and,
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from the 4™ cycle, their performances become very close. At the end of the
8t treatment cycle, QLind and QLind-bay reached very similar CHR rates
(97.2% vs 93.4%) and outperformed the 74.7% of QLpop-based protocol.
The Bayesian MIRL strongly reduced the gap with the ideal scenario of
QLind-agents starting from the 4" treatment cycle, when at least 4 monitored
data points and the baseline values of PLT, WBC and HCT were available
for each patient. To investigate the impact of MAP estimations on this result,
the following retrospective analysis was performed. Given the dosing
schedule administered in the i — th patient by the Bayesian MIRL approach,
D;, its effects were simulated with the real patient parameters, 6; , and with
all the eight sets of individual parameters estimated with the Bayesian MAP

at each treatment cycle j, §,j. For each PLT, WBC and, HCT profiles
simulated with BA,], f (t, BA,], DL-), the root mean squared error (RMSE; j, Eq.
51) with respect to the values obtained using 6;, f(t, 8;, D;), was computed.

2

T
2 1 i
RMSELJ = ? . Z (f (t: 01]: Dl) _f(t, ei’Di))
t
(51)
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Figure 60: Distribution of the RMSE obtained by simulating givinostat PK-
PD model with each cycle-specific estimated parameter set with respect to
profile computed with patient original parameters.

Figure 60 reports the distribution of the patients RMSE stratified by
treatment cycle for PLT, WBC and HCT. This result shows that from the 4
treatment cycle, the available information was sufficient to obtain good
predictions of patients PK-PD response as RMSE become very small for all
the three hematological parameters. A further demonstration that four
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months are sufficient for the convergence of QLind-bay agents dosing
policies to those of QLind-agents is provided by the distributions of the
rewards collected by these individual agents at each treatment cycle (Figure
61). At the beginning, as QLind-bay agents were fixed to QLpop agent, their
reward distributions are identical. Then, by integrating the information of
patient monitoring data in QLind-bay, its dose selections are better
remunerated. Starting from the 5™ month, their distributions are almost
identical. This means that QLind-bay adaptive dosing protocols are very
similar to those of QLind-agents.
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Figure 61: Comparison among the pdf of the reward collected by QLpop,
QLind-bay and QLind at each treatment cycle.

6.2. Extending the RL/PK-PD framework to a
stochastic treatment response

The second assumption characterizing the MIRL applications in Chapters
3-5 1s that the PK-PD model perfectly described the pharmacological
response and, consequently, RUV was not considered in the simulations.
Neglection of RUV is a simplification and it was demonstrated that the
effectiveness of RL algorithms potentially decreases when it is introduced
[73]. Consequently, RUV must be adequately managed, with solutions that
must depend on what RUV represents, e.g., measurement errors or model
misspecification. In the first case, replacing the MDP with a Partially
Observable MDP (POMDP) [109] can be a possible solution to formally
account for the wuncertainty in system state knowledge caused by
measurement error. Conversely, this section presents an extension of the
MIRL framework, based on QL algorithm (sections 2.1.3 and 2.2.2), suitable
in presence of model misspecification.
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In a PK-PD modelling framework, the presence of model misspecification
is accounted for by defining the observations, z, as a function of the model
prediction f(t, 8;,x;,d), where t is the time, 8; patient parameters, x; the
individual covariates and d the administered dose, and of a stochastic
variable, €. Several RUV models can be adopted and their description can be
found in [56-59]. Eq. 52 reports one of the most common RUV model which
consists of adding a normally distributed random term proportional to model
prediction.

z=f(t,0;x;,d) - (1+¢€),withe~N(0,0?).

(52)

Eq. 52 states that, in presence of model misspecification, the
administration of a drug dose d can result in different observations z, which
are distributed as a N(f(t, 8;, x;,d), a2 f(t, 0;, x;, d)?), whose coefficient of
variation (CV) is 0.

In the MIRL based on QL, the finite set of system/patient states, S =
{s1,..., Sy}, i1s a discretization of the continuous values of z. Each s;
corresponds to a range in which multiple values of z fall within. As seen in
the previous MIRL applications, the reward function, p, typically depends
on the continuous value of the patient state (p(z)) rather than on its
discretization. Consequently, when an action a in A = {ay,..,ay} is
performed (i.e., a dose level is selected among, d4, .., dy,), different possible
next states, s’, can occur due to the stochasticity of z. This also implies that,
for the same next state s’, different rewards, r = p(z), can be observed.

Therefore the conditional probability of observing a next-state, s’, and a
reward, r, given the previous state-action couple, (s,a), p(s’,r|s,a) =
P{S;11 = s, Riy1 = 1|S; = s,A; = a} must be considered (Eq. 2).

QL algorithm leverages a sample update strategy during the training
phase (Eq. 14) which is based on updating the score of a state-action couple,
Q(s, a), with the observed transition < s’,r,s,a > (Algorithm 1). However,
< s',r,s,a > is only a sample extracted from p(s’, r|s, a) and refers to only
one possible next-state-reward couple originating from the s,a couple.
Moreover, in the sample update strategy, given a state-action couple, all
possible next-states and rewards have the same weight, including those less
probable. Consequently, this strategy can lead to a biased estimation of the
optimal dosing policy [76].

As suggested in [76], in presence of a stochastic system, a more robust
update for Q(s, a) is obtained by computing the expected value over all the
possible next states and rewards that can be obtained when action a is taken
in state s (Eq. 53). This strategy is known as expected or exact update [76]
and, since exact computations are leveraged, learning rate a is not used.
Thus, although performing exact updates might be computationally more
expensive as all possible next states and rewards should be computed, the
number of hyperparameters is reduced with respect to QL.
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0(5,@) « Zg,p(s',ls,@) - [r +v - maxQ(s',a)]

(53)
By using the probability properties, Eq. 53 can be written as in Eq. 54,

0(5,@) « Lo, p(rls’,a,8) - p(s'la,s) - [r +y - maxQ(s',a)].

(54

The general approach in Eqgs. 53 and 54 can be adapted to the stochastic
PK-PD framework due to model misspecifications by considering that
rewards depend by z, r = p(z), and each z € R belongs to a discrete interval
s; € S. Therefore, the exact update formula can be expressed as reported in
Eq. 55.

0(5,@) < Zyrze s PO@Is' 0,5) - p(s'la,s) - [p() +y - max Q(s',a)]

(55)

During the training of the QL algorithm, p(p(z)|s’, a,s) and p(s'|a, s)
can be easily computed by assuming a full knowledge of RUV model as well
as both patient covariates, x;, and PK-PD parameters, 0;. Indeed, given the
current action (i.e., dose level d), the time of the next monitoring step, t’,
and the RUV model (e.g., Eq. 52), the distribution of
z~N(f(t',0;,x;,d),c% - f(t',0;,x;,d)?) can easily characterized. Since all
values of z can be mapped to an element in S, the p(s’|a, s) can be computed
for each possible s’ € S. By leveraging PK-PD Monte Carlo simulations, the
samples of z can be extracted to characterize the distribution of the reward
by applying p(z). All these reward values can be stratified following the
discrete state in which each z falls, thus p(p(2)|s’, a, s) is obtained.

When Eq. 55 is used to update Q(s,a), its robustness depends on the
correctness of max Q(s',a") [76]. To face system stochasticity and improve

Q(s, a) estimation with respect to max Q(s’,a’), several extensions of QL
a’

have been proposed, including Prioritized Sweeping QL which introduces a
priority mechanism to update more frequently s, a pairs very impactful on
the optimal policy learning (details in section E.5 of appendix E).

In this explorative analysis, a modified version of Prioritized Sweeping
QL was combined with the exact update strategy (EQL) of Eq. 55 to address
a MIRL precision dosing problem in presence of model misspecification
modeled as RUV. The proposed EQL algorithm (section 6.2.1) was directly
evaluated on the precision dosing problem of continuous vancomycin
infusion in ICU patients (sections 6.2.2-3).
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6.2.1. EQL algorithm

The Prioritized Sweeping QL algorithm presented in Algorithm E.1 of
Appendix E, was modified by integrating the exact update of Eq.55 (EQL)
as reported in Algorithm 4. Its formalization was defined directly
considering its integration with PK-PD models and Monte Carlo simulations
necessary to characterize p(p(z)|s’, a, s). By performing exact updates, it is
not necessary to define a learning rate, a, as in classic QL. However, two
memories, E and D, are introduced to selectively store patient states s’ to re-
update and the encountered transitions, respectively. In particular, E contains
all s/ for which max Q(sj , a) has changed following the application of Eq.

55. In EQL algorithm, transitions stored in D are tuples composed by five
elements < S;, Ay, SK. 1, uX, 1, ¥, >. Current state-action couple (S;, 4;) and
the k — th possible next state (S¥,,) are stored analogously to the transitions
of other RL algorithms (section 2.1.3 and Appendix A). The two additional
saved elements, @¥ , and uF,,, are related to S, and contain the
information necessary to re-update a given state. Their definition is obtained
from Eq. 55 by considering, for each next state s'y, only the summation over
z € s’ (Eq. 56).

D pe@lsiua,s) p(sila,s) - [p(2) +v - maxQ(si,a)] =

zE sy,

= Z p(p(Dls;, a,s) - p(sila,s) - p(z) +

14
ze Sk

+ Z p(p(Dlsk,a,5) - p(sila,s) -y - maxQ(sp,a') =

zE sy,
_ kK k
= Utr1 T Pryr - n;:;le(s,'(,a').
(56)

Algorithm 4: pseudocode of EQL algorithm.

Given: set of N states, set of M actions, discount factor y, a probability ¢,
a maximum number of training iterations I, selective memory E,
transition memory D, patient with a set of covariates x; and of PK-PD
parameters 8;, PK-PD model f (¢, X, 8), probability €

init Q matrix arbitrarily, empty E
loop for each episode (I times):
Set the current system state to S,
loop for each decisional time step t:
p < uniform random number € [0,1]
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if p<e
Select action A; randomly
else
A « argmax, Q(S¢,a)
Perform A; on the system (dose d;)
Monte Carlo simulation with f(t, x;, 0;,d;)
loop for each of the possible next states S¥, ;:
store if absent < S;, A;, SK. 1, uk. 1, ¥, >inD
Q"(S¢) = max Q(S;, @)
update Q(S;, A¢) with Eq.55
ifQ(Ss, Ap)> Q" (5S¢, a)
store S;in E
loop for each S/in E (] times):
loop for each S}, A leading to S} contained in D(H
times):
remove S/ form E
Q*(s) = max Q(S¢t, a)
compute U; the new contribute of S/ on
S, A" with Eq.56
search in D other possible next states of
S AR, SH 1, with SY, # S/
Compute U, for each S}
update Q(S{, A}) with U; + X, Uy,
if Q(S¢, A)> Q*(St):
store S} in E
randomly set current system state to S;,; according to

D(Se+1|St Ar)

6.2.2. Continuous vancomycin infusion regime in ICU patients

Vancomycin is a glycopeptide antibiotic used to treat and prevent various
bacterial infections caused by gram-positive bacteria, including methicillin-
resistant Staphylococcus aureus (MRSA) [132]. This drug can be given
either orally or intravenously, and, for both administration routes, an
adaptive dosing protocol based on the monitoring of plasma concentrations
is followed [34,133]. Indeed, vancomycin dosing is challenging due to its
large IV in PK response, the narrow therapeutic window and the severe AEs
induced by excessive exposures such as nephrotoxicity, hypotension, and
hypersensitivity reactions [134]. Since critically ill patients require stable
exposure, higher target attainment and lower rate of nephrotoxicity [135],
Vancomycin is administered through a continuous 24-hours infusion
regimen adjusted based on daily monitoring of PK concentrations. The target
concentration range is 15-25 mg/L; values <15 mg/L are considered
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ineffective while concentrations >25 mg/L can lead to moderate (25-30
mg/L) and severe toxicities (>30 mg/L). Vancomycin precision dosing in
ICU patients can be subdivided into three stages. First, a loading dose based
on patient weight with a rate of 10 mg/minute is applied. Then, the initial
vancomycin dose to be infused on 24 hours is selected following the
evaluation of patient renal functions. Finally, the maintenance stage is based
on the adaptive dosing rules summarized in Table 13. In the protocol reported
in [136], the available doses of vancomycin are {250, 500, 1000, 1500, 2000,
2500, 3000, 3500} mg and PK monitoring starts after the initial 24-hours
vancomycin infusion.

Table 13: Clinical indications for adjusting daily vancomycin doses.

Vancomycin concentration Dose adjustment

<15 mg/L Increase the dose of 500 mg.

[15-25] mg/L Maintain current dose level.

(25-30] mg/L Decrease the dose of 500 mg. If the
current dose is 500 mg, decrease to
250 mg.

>30 mg/L Stop the infusion for 6 hours and
then restart with a lower dose level
(dose decrease is arbitrarily
established by clinicians at ward
round without any restriction).

6.2.3. Formalization of vancomycin precision dosing problem
within MDP framework

Before applying the implemented EQL, the precision dosing problem
relating to the vancomycin case study was formalized as a MDP (section
2.1.1). Therefore, the components of MDP i.e., system states, agent actions
and reward function, were defined based on the clinical scenario described
on section 6.2.2. However, to test the proposed EQL algorithm in a more
challenging scenario, it was hypothesized that vancomycin PK monitoring
begins immediately after the administration of the loading dose, rather than
collecting the first sample after the initial 24-hours infusion.

Both state and action sets were defined in a discrete fashion, according to
EQL framework. System/patient state are based on serum vancomycin
concentration levels which are periodically monitored to guide dose
adjustments. Reward function was designed to define patient specific
adaptive dosing protocol bringing and maintaining vancomycin serum
concentration levels within the target range of [15-25] mg/L. The available
actions to EQL-agent were defined in accordance with the vancomycin
clinical protocol documented in [136] and summarized in section 6.2.2.

A literature Pop-PK model of vancomycin developed on ICU patients
receiving a continuous infusion treatment regimen was integrated within
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EQL framework to simulate patient response to different dosing schedules
(further details in section E.6 of Appendix E). Differently from the original
RUV model (EQ. E.6), a simpler proportional RUV model (Eq. 52) was
adopted to better understand the obtained results.

Furthermore, a 15-days treatment duration was assumed for the analysis
based on previous findings from studies on continuous vancomycin
treatment in ICU patients [137,138].

From an implementation perspective, in this investigation both
vancomycin Pop-PK model and EQL algorithm were coded in MATLAB
[115].

6.2.3.1. Reward function

The reward function was defined according to the daily monitored
vancomycin serum concentration level, [Vanco]q4i1,, Which is a stochastic
variable due to RUV. As reported in Eq. 57 and illustrated in Figure 62, the
function gives the highest remuneration to dosing strategies leading to the
middle of the efficacy range (i.e., [17.5,22.5] mg/L interval). Then, reward
values linearly decrease as [Vanco]gq,, moves away from the [17.5,22.5]
mg/L range, though they remain within the efficacy concentration window.
Conversely, an exponential decay of the reward values occurs if
[Vancolgaiy < 15mg/L  (inefficacy) or  [Vanco]gqy, > 25mg/L
(threshold of moderate toxicity). Values returned by the reward function
become close to 0 in presence of very low effective concentrations
([Vancolgqiy < 10 mg/L) or severe toxicities ([Vancolgqiy > 30 mg/L).

4-exp(a- |15 - [Vancoda,-ly“) if [Vancodai,y] <15mg/L
( 1.6 - [Vancoda”y] —18 if [Vancogaiy| € [15,17.5) mg/L
10 if [Vancogairy| € [17.5,22.5lmg/L

Reward([Vancol gairy) = {
“ t ~1.6 - [Vancogany] — 46 if [Vancogauy] € (22.5,25]mg/L

4-exp(a- ([Vancodauy] - 25)) if [Vancodauy] >25mg/L
a =0.2-1n0.025

(57)
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Figure 62: Reward function for vancomycin precision dosing problem based
on its serum concentration levels. Yellow shaded area represents inefficacy
range, the green and the red ones, efficacy and toxicity (both moderate and
severe), respectively.

6.2.3.2. System/Patient states

Patient health status was described by a tuple of three elements, X =
{Vancopscr, PrevDose, Stopsag}. The first, Vancop;sc,, accounts for the
[Vanco] 441y observation which is discretized in the eight levels, as detailed
in Eq. 58. In particular, the ranges are defined according to the subdivision
proposed by the clinical protocol (Table 13), and a +/— sign is added to
distinguish between the monitoring after the loading dose (i.e., selection of
the first vancomycin infusion over 24 hours) and the maintenance stage.

—1 [Vanco]gqiiy < 15mg/L (post — loading dose monitoring)
=2 [Vancolgauy € [15,25]mg/L (post — loading dose monitoring)
=3 [Vanco]gqiy € (25,30lmg/L (post — loading dose monitoring)

—4 [Vanco]gqiy > 30 mg/L (post — loading dose monitoring)
1 [Vanco] ey < 15 mg/L (maintenance stage)
2 [Vancol gqiy € [15,25]mg/L (maintenance stage)
3 [Vancolgaiy € (25,30lmg/L (maintenance stage)
4 [Vanco]gqiy > 30 mg/L (maintenance stage)

Vancopiser = 3

(58)

Differently, PrevDose assumes values in {250, 500, 1000, 1500, 2000,
2500, 3000, 3500} mg and represents the previous administered dose of
vancomycin. Its definition was made according to the clinical protocol
described in section 6.2.2 [136]. Finally, Stops,, is a flag which is 1
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whether treatment was temporary stopped for 6 hours, 0 otherwise. All
negative values of Vancop;s, were combined with all elements in
PrevDose, obtaining an initial set of 32 states. Then, the other states were
obtained by considering all possible combinations between Vancop;s.=>0,
PrevDose and Stops,g (n=64). Finally, a state coding for treatment
beginning, S,, was added. Overall, a 97-dimensional states space was
obtained.

6.2.3.3. EQL Agent actions

Actions of EQL agent were designed considering the clinical available
vancomycin dose levels reported in [136] (section 6.2.2). Table 14
summarizes the constraints in dose selection that could be explored by the
algorithm during the training stage. EQL agent could select both the loading
dose, and the initial 24-hours infused amount from all the available
vancomycin dosages, {250, 500, 1000, 1500, 2000, 2500, 3000, 3500} mg.
For the loading dose, the infusion rate of 10 mg/minutes was maintained
accordingly to the original protocol. Then, at each decisional step of the
maintenance stage, EQL could choose between maintaining the current dose
level (D =) or performing stepwise changes (i.e. increase/decrease by one
level, D +/D —), independently form the currently observed vancomycin
concentration.

Differently from the case studies in Chapters 3-5, strict safety constraints
were not imposed in presence of moderate/severe toxicities. Indeed, the EQL
agent was allowed to decide whether to temporarily interrupt (6 hours of
stop) treatment and then resume at a lower dose level, or not. The resumption
dose was constrained to a drug level lower than that administered prior to the
interruption.

The choice of performing a temporary interruption was allowed even
when vancomycin concentrations were within the effective range, but not
when concentrations were too low and ineffective.

Table 14: Summary of the actions available to EQL agent for each patient
state.

Patient state EQL Agent available actions
Loading dose selection i.e., initial | 250, 500, 1000, 1500, 2000, 2500,
state S, 3000, 3500 mg with a 10 min/hours

rate of infusion

Initial 24-hours vancomycin | 250, 500, 1000, 1500, 2000, 2500,
infusion, i.e., for each state with | 3000, 3500 mg

Vancopiser < —1
In presence of treatment inefficacy | D+, D-, D=
during the maintenance stage, i.e.,
for each state with Vancopser = 1
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In presence of efficacy, | D+, D-, D=, stop treatment for 6
moderate/severe toxicities during | hours and resume for 18 hours with

the maintenance stage a dose level in {250, 500, 1000,
1500, 2000, 2500, 3000, 3500} mg
<PrevDose

6.2.3.4. Evaluation Framework of EQL agent

The performances of the EQL algorithm were evaluated on a typical
patient whose vancomycin PK model parameters were fixed to the
population ones (8., and 8y,,; reported in Table E.7). To this end, the EQL-
agent was tested with three different scenarios of stochasticity,
corresponding to three different CVs for the proportional RUV model. Low
(CV=10%), moderate (CV=20%) and high (CV=30%) RUV impact on
vancomycin PK were used in the analysis. To account for the stochasticity
of the process, the 15-days treatment scenario on the typical patient was
repeated 10000 times and the distribution of the cumulative discounted
rewards computed for each replica was considered in as evaluation metric.

Furthermore, to obtain a robust assessment, EQL-agent was benchmarked
by a 1) QL-agent, named QLc-agent, which is trained by considering RUV
with classic QL algorithm (section 2.1.3) and ii) a QL-agent, named QLdet-
agent, trained neglecting RUV. The comparison between EQL-agent and
QLc-agent allows the evaluation of the algorithm robustness when RUV is
properly handled with respect to the standard method. Differently, the
comparison between EQL-agent and QLdet-agent, which represents the
MIRL framework adopted in Chapters 3-5 where RUV was neglected, allows
to assess the drawbacks of ignoring the stochasticity due to model
misspecifications. Finally, by comparing QLdet and QLc, it is possible to
assess the effect of neglecting RUV in QL training in presence of a wrong
modelling framework.

A further analysis was conducted to evaluate the impact of a
misspecification in the RUV model on EQL-agent performances. To this end,
the EQL-agent was trained using a CV in {10%, 20%, 30%} for the
proportional RUV model (Eq. 52), then the remaining two were used as real
proportional RUV to simulate the effects of agent optimal dosing policy on
the typical patient. This strategy allows to assess the effect of both
overestimating and underestimating the RUV CV. As reported in Table 15,
for each of these assessments, the adopted benchmark was the scenario in
which training and test shared the same CV of RUV model (i.e., perfect
estimation of the CV).
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Table 15: Summary of the scenarios considered to assess the effect of
misspecifications of RUV model on EQL performances.

RUV CV of | RUV CV of EQL Test

EQL Training | Underestimation/Overestimation | Benchmark
10% -/20%,30% 10%
20% 10%/30% 20%
30% 10%, 20% / - 30%

6.2.3.5. Results

EQL, QLc, and QLdet agents were compared in customizing the treatment
for the typical patient by leveraging the distribution of the total discounted
rewards obtained for each replica of the treatment scenario. Results are
presented in Figure 63 stratified for each RUV CV scenario. Algorithm
hyperparameters are reported in section E.7 of Appendix E.
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Figure 63: Comparison between QLdet, QLc and EQL agents in the
personalization of the typical patient by considering the sum of the
discounted reward collected within 15 days of treatment. Each panel
corresponds to a RUV CV scenario (A=10%, B=20%, C=30%).

In particular, in each RUV scenario the EQL-agent obtained higher
cumulative discounted rewards with lower variance than the QLc and QLdet
agents. This result confirms that the novel introduced approach is more
robust in presence of stochasticity due to model misspecifications.

In case of high CVs (20 and 30%, panels B and C of Figure 63), classical
QL performed better when RUV is considered during the training, i.e., QLc,
than when RUV is neglected, i.e., QLdet. Indeed, neglecting the stochasticity
in patient response (i.e., RUV) avoids the QLdet to consider some state-
action couples thus provoking a lack of dose suggestions for some patient
conditions. In the simulation study, in these cases, dose was randomly
selected.

QLc advantage over QLdet is not consistently observed across all cases.
Interestingly, in presence of low RUV (CV=10%, panel A of Figure 63)
neglecting the stochasticity due to model misspecifications does not
dramatically lowers QLdet performances as it reached a distribution of the
total discounted rewards close to that of EQL-agent and higher than QLc-
agent. The comparison of dose suggestions in the three algorithms with RUV
CV=10% (Figure 64) explains why QLdet and EQL agents perform better
than QLc-base one. Indeed, it shows that QLc-agent generally adopts lower
dose levels than QLdet and EQL ones. Consequently, this lower exposure is
not effective for bringing vancomycin concentration in the target range and
maximizing the total discounted reward. This behaviour of the QLc-agent is
provoked by the bias due to the sampling update. Indeed, although the
observation of a toxicity provoked by high doses is rare, it was encountered
during the training and the low reward obtained prevent their selection. This
more conservative approach of QLc-agent occurred also with higher rewards
(Figure 65 and Figure 66) but it is less penalizing in presence of higher RUV
CVs.
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These results highlight that considering RUV in MIRL framework is
important to avoid suboptimal dosing policies, especially when its impact is
moderate or high not. At the same time, it should be properly handled,
otherwise suboptimal policies can be still to estimated, with worse
performances than the case in which it is neglected.
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Figure 64: Distribution of dose suggestions for QLdet, QLc and EQL agents
with a RUV CV of 10%.

50, mQLdet
=QLc
=EQL

- 40 —
©

In

o 30}
o))

o

S

(Vp)] 20+
Yy

o

2
710t}

0

’If)g c)QQ '\QQQ *\‘JQQ 7,060 ’f)go '5066 *5‘300
Vacnomycin Dose [mg]

Figure 65: Distribution of dose suggestions for QLdet, QLc and EQL agents
with a RUV CV of 20%.
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Figure 66: Distribution of dose suggestions for QLdet, QLc
and EQL agents with a RUV CV of 30%.

To assess the robustness of EQL-agent in presence of wrong RUV
quantification with the proportional error model (Eq. 52), the simulation
scenarios on the typical patient summarized in Table 15 were considered.
Figure 67 shows the obtained results by stratifying the distributions of the
total discounted rewards for underestimation (panels A and B of CV=20%
and CV=30%, respectively) or overestimation cases (panels C and D of
CV=10% and CV=20%, respectively).
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Figure 67: Effects of a wrong RUV CV estimation of the total discounted
rewards. Panels A and B show the scenarios of underestimating CVs of 20%
and 30%, respectively. Panels C and D are focused on the overestimation of
CVs of 10% and 20%, respectively.

In particular, this analysis shows that extreme overestimations (actual
CV=10%, estimated CV=30%) or underestimations (actual CV=30%,
estimated CV=10%) can dramatically alter EQL-agents performances by
decreasing the median sum of total rewards and increasing their variance.
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Differently moderate underestimations/overestimations preserve the EQL-
agent performances.

6.3. Discussions

In this Chapter, two extensions of the proposed individual-oriented MIRL
approach presented in section 2.2.2 were developed to address the limitations
of its originally formalization, which actually prevent the implementation of
the RL/PK-PD paradigm in clinical practice.

First, starting from the seminal works in [63,80], a Bayesian MIRL
framework was developed to overcome the assumption made for the case
studies in Chapters 3-5 that patient digital twins were well-characterized
since the beginning of the treatment (i.e., the individual PK-PD model
parameters were known). Indeed, this hypothesis does not always hold, as
individual parameter estimation requires the availability of individual data
and, consequently, needs to be performed during the monitoring of the
treatment.

The introduced Bayesian MIRL leverages RL techniques within the MIPD
framework. In this case, the prior knowledge on patient pharmacological
response includes individual covariates and a Pop-PK-PD model, as in
MIPD, and also a general RL-based dosing protocol already derived on a
population of patients. Before treatment begins, individual RL-agents cannot
be defined as patient-specific PK-PD model parameters are unknown and,
consequently, the personalized RL-based dosing strategies are fixed to the
general one to select the initial treatment dose for each patient. Then, at each
monitoring step, PK-PD samples collected from the patient are used to
update the estimation of both the patient-specific model parameters
characterizing the digital twin and the individual RL-agent. The
performances of this novel Bayesian MIRL framework were evaluated on a
simulation study using a simplified version of the givinostat precision dosing
problem presented in section 4.1.1. QL was used as RL algorithm also in this
explorative analysis.

In particular, the simpler version of givinostat precision dosing problem
consisted in a reduced number of drug dose levels accordingly to early
clinical trials [45]. Consequently, as detailed in section E.1 of Appendix E,
the formalization of givinostat case study within MDP framework was
different from that reported in section 4.1.2. Indeed, less system/patient
states and constraints in action selection were adopted in this case.

A heterogeneous 112-patients virtual population generated with the
stratified random sampling strategy described in section E.2 of Appendix E
was used to evaluate the individual QL-agents of the Bayesian MIRL
paradigm (QLind-bay agents). In particular, before treatment begin, all
QLind-bay agents were fixed to the general adaptive dosing strategy of a
QLpop-agent already trained on another virtual patient population (details in
section E.4 of Appendix E). Consequently, the initial treatment dose was
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determined for each virtual patient according to general dosing rules based
on individual baseline PLT, WBC and HCT levels. Then, at each monitoring
step, the currently observed values of the haematological parameters as well
as their previous ones, were used to update patient PK-PD model parameters
by performing Bayesian MAP estimation. The updated patient digital twin
was then used to train the QLind-bay agent thus refining the current patient
optimal policy and informing the next-dose selection coherently to the latest
individual characterization.

The performances of the QLind-bay agents were benchmarked against
both the QLpop-agent and the QLind-agents on the same virtual population.
The QLpop-agent (section 2.2.1) represents the case in which a general RL-
based protocol optimized for an entire patient population is used to guide
patient dosing without performing individually tailored dosing strategies.
Differently, the QLind-agents reflect the less realistic RL-based scenario in
which it is assumed that patient PK-PD parameter are fully known before the
treatment begins.

From an implementation perspective the Bayesian MIRL approach was
developed extending the hybrid MATLAB-NOMEM framework presented
in section 4.1.2.4. Specifically, MATLAB was still used to code QL
algorithm, differently, NONMEM was leveraged to perform both PK-PD
simulations and Bayesian MAP. All simulations were made in absence of
RUYV to have a clearer depiction of how this novel approach perform.

From the comparison among QLind-bay, QLind and QLpop agents, the
ideal scenario in which perfect patient knowledge is assumed from treatment
begin obviously obtained the best results. However, QLind-bay was able to
reach interesting performances very close to those of the QLind-agent. In
particular, as QLind-bay agents were initialized to the dosing policy of
QLpop-agent for the first dose selection, their performances after the first
treatment cycle coincided and were lower than QLind-agent. From the 2™
cycle onward, QLind-bay agents begin to outperform QLpop as their dosing
strategies become more personalized through Bayesian updates of patient
PK-PD parameters By the 4th treatment cycle, QLind-bay agents nearly
match the performance of the ideal QLind-agents and, at the 8" treatment
cycle (last monitoring step), both strategies achieved a similar CHR rate
(QLind-bay=93.4%, QLind=97.2%, respectively) and outperformed QLpop
(74.7%).

The retrospective analysis on Bayesian MAP estimations performed
before each QLind-bay update and dose suggestion revealed that from the
4th cycle, sufficient data was available to make accurate predictions of the
real patient PK-PD response. Therefore, as patient characterization
improves, also QLind-bay adaptive dosing protocols become better over time
converging to those of QLind-agents. This result is confirmed by the
comparison of rewards collected at each treatment cycle by Qlind-bay,
QLind, and QLpop agents. In particular, starting from the 5th cycle, QLind-
bay agents dosing strategies receive almost the same rewards of QLind-
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agents, indicating that the Bayesian RL/PK-PD framework effectively adapts
its dosing strategies over time to approach the ideal scenario.

Overall, the developed Bayesian MIRL framework showed interesting
results thus providing a valid solution to the issue of estimating patient PK -
PD parameters during treatment monitoring to robustly train personal RL-
agents. Despite the good performances, some refinements could be
investigated to further improve the robustness and the assessment of this
methodology. In the performed explorative analysis, RUV was neglected to
improve the clarity of the obtained results, therefore another investigation is
required. Moreover, another possible investigation is related to the Bayesian
estimation techniques. The implemented Bayesian MIRL approach
leveraged Bayesian MAP estimation which returns the most likely patient
PK-PD parameters set [139-141]. However, this strategy neglects the
uncertainty on the estimated parameters, due to, for example, the sparsity of
the monitored PK-PD dynamics. Consequently, the RL-based adaptive
dosing rules might be suboptimal in presence of high parameter uncertainty.
Therefore, an interesting extension of the introduced Bayesian-MAP-based
MIRL is the integration of RL/PK-PD with full Bayesian techniques which
estimates the distributions of patients PK-PD parameters rather than a single
values and, consequently, to estimate dosing rules accounting for parameters
uncertainty [80,142]. Finally, from an implementation perspective, an
alternative framework to the MATLAB-NONMEM combination could be
explored as it showed high computational times for the RL training, similarly
to those discussed in section 4.3. This aspect becomes central when moving
toward a real-world application of this methodology. As the re-training of
RL-agent occurs at each patient monitoring before the subsequent dose
adjustment, the updated RL dosing rules should be available within the time
frame spanning from patient observation to clinical decision in order to
leverage the RL-based suggestion.

A second novel approach was developed to address the presence of RUV
representing model misspecifications. To this end a novel extension of MIRL
paradigm exploiting QL was developed to handle the stochasticity of reward
function and states transitions. In particular, this method leverages PK-PD
models and Monte Carlo simulations to characterize the probabilities of all
possible next patient states and rewards following a dose selection and
perform an exact updated of the estimated optimal dosing policy.

To allow a robust estimation of the patient optimal dosing strategy in
presence of model misspecifications, an extension of Prioritized Sweeping
QL based on exact updates of the Q-function, Q(s, a), (EQL algorithm) was
developed.

The developed EQL algorithm was then evaluated on the clinically
relevant precision dosing problem of vancomycin continuous infusion in
ICU patients. This glycopeptide antibiotic is effective against gram-positive
bacteria, including MRSA, and is administered in ICU patients through a
continuous infusion regimen to obtain stable drug exposure and reduce
nephrotoxicity. Due to its narrow therapeutic window, significant IIV in PK
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response and the high risk of severe adverse effects in such fragile
population, the continuous infusion of vancomycin follows an adaptive
dosing protocol. Drug serum concentration is monitored and dose adjusted
to maintain Vancomycin levels within the efficacy range of [15,25] mg/L.
Vancomycin levels below 15 mg/L result ineffective while concentrations
above 25 mg/L are associated with toxicity. Vancomycin precision dosing in
ICU patients involves three phases: an initial loading dose based on weight,
the selection of the first 24-hour infusion dose considering renal function,
and maintenance dosing based on daily monitoring of the serum
concentration.

Before applying the EQL algorithm to the vancomycin precision dosing
problem, it was first formalized as an MDP. Therefore, system states, agent
actions, and reward function were defined accordingly to the clinical
scenario [136]. In particular, the reward function was designed to guide
dosing adjustments to maintain serum vancomycin levels within the target
range of 15-25 mg/L. To create a more challenging test for the EQL
algorithm, it was hypothesized that PK monitoring would begin immediately
after the loading dose rather than following the initial 24-hour infusion [136].

A literature-based Pop-PK model specific to ICU patients was integrated
into the EQL framework to simulate responses to different dosing schedules
[137]. The original RUV model was replaced by a simpler proportional RUV
model to obtain clearer results. The analysis assumed a 15-days treatment
duration, aligning with previous studies on continuous vancomycin
treatment in ICU patients [137,138].

The EQL-agent performances were evaluated on a typical patient using
fixed population vancomycin PK parameters (values in Table E.7 of
Appendix E) testing three levels of stochasticity (low, moderate, and high)
corresponding to three different CVs in the proportional RUV model (10%,
20% and 30%). The 15-day treatment was simulated 10,000 times to account
for stochasticity, with the cumulative discounted rewards analyzed.

The EQL-agent was compared to two benchmarks: the QLc-agent, which
considers RUV in the classic QL algorithm, and the QLdet-agent, which
ignores RUV during training. These comparisons were introduced to 1) assess
the robustness of EQL-agent in handling RUV with respect to standard
approach (QLc) 11) quantify the consequences of neglecting RUV due to
model misspecifications (QLdet-agent) vs using framework that implicitly
manage this stochasticity (EQL-agent) iii) evaluate the impact of neglecting
a wrong modelling framework (represented by RUV) in QL training (QLdet
vs QLc).

EQL-agent outperformed both QLc and Qldet agents in all RUV CV
scenarios by achieving higher total discounted rewards, thus confirming that
the novel introduced approach is more robust in presence of stochasticity due
to model misspecifications. QLc-based dosing strategies resulted suboptimal
in all three cases with respect to EQL-agent. In particular, QLc-agent
typically administers lower doses compared to the EQL-agent. As a result,
QLc-based dosing strategies provoke lower exposures often failing to
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achieve both the target vancomycin concentration range and high sum of the
discounted rewards. This conservative dosing behavior in the QLc-agent is
due to the sampling bias of the QL algorithm (sections 2.1.3 and 6.2.1) in the
update process. Indeed, such algorithm does not give a lower weight to rare
high-dose-related toxicities and, consequently, their selection is strongly
penalized. This characteristic leads the QLc-agent to obtain lower
performances than the QLdet one in presence of the CV=10% scenario.
Interestingly, in this scenario Qldet-agent performed similarly to EQL, thus
remarking that in presence of low RUV due to model misspecifications, the
stochasticity of patient response can be neglected. These results highlight
that, considering RUV in MIRL framework is important to avoid suboptimal
dosing policies, especially when its impact is moderate or high not. At the
same time, it should be properly handled, otherwise suboptimal policies can
be still to estimated, with worse performances than the case in which it is
neglected

Additionally, the impact of RUV model misspecification on EQL-agent
performances was analyzed by training the algorithm with one CV level and
testing it against the others, evaluating the effects of overestimating or
underestimating RUV. The benchmark for each assessment was the scenario
where the training and testing CVs matched perfectly. The obtained results
showed that extreme errors in RUV model estimation can significantly
impact EQL-agent performance. Specifically, overestimating the real CV of
10% as 30% or underestimating the real CV of 30% as 10% could
substantially decrease the median total rewards and increase their variance.
In contrast, moderate errors in RUV estimation, whether underestimations or
overestimations, had a lower impact and generally preserved EQL-agent
performance.

Overall, EQL algorithm performed very well in presence of RUV due to
model misspecifications. Further step forward could be expanding this
framework to account for other sources of uncertainties, for example those
coming from PK-PD parameter estimation during patient monitoring as in
the full Bayesian approach.

In conclusion, although it is of interest to investigate some small
refinements, both the methodologies presented in this chapter address the
current limitations of the individual oriented MIRL paradigm (section 2.2.2)
showed promising results. Therefore, the next step is to integrate the EQL
within Bayesian MIRL to simultaneously address model misspecifications
and the estimation of patient PK-PD parameters during the treatment with
their respective uncertainties.
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Chapter 7

Overall Conclusions

Precision dosing is currently at the core of the debate within the precision
medicine revolution, as this approach can definitively overcome all the
limitations of the classical one-size-fits-all paradigm. Indeed, this patient-
centric workflow raised the attention of both clinical community and
regulatory agencies, and it has been recommended for several classes of
compounds showing a narrow therapeutic window, significant [TV, severe or
irreversible AEs due to overdosing and/or for diseases with serious
consequences of undertreatment. Precision dosing can address all these
issues by tailoring drug administration in a specific patient at a given time
according to individual factors that influence treatment response. Adaptive
dosing strategies are central in this workflow as they perform dose
adjustments customized at patient level based on the monitoring of efficacy
and/or toxicity treatment biomarkers in the individual.

Pharmacometrics modelling supports precision dosing tasks and the
MIPD approach rapidly gained momentum. The recent outbreak of AI/ML
in pharmacometrics represents an opportunity to explore novel hybrid
methodologies coupling PK-PD modelling with AI/ML to further improve
MIPD in the context of adaptive dosing strategies. Among them, RL, a ML
subfield encompassing different algorithms to solve sequential decision-
making processes, naturally fits to precision dosing problems based on
periodic patient monitoring and adaptive dosing strategies. Therefore, there
is great interest within the pharmacometrics community in exploring the
integration of PK-PD modelling and RL, i.e., the MIRL paradigm, to support
precision dosing. Although different works have already been published
[30,39,73,79,80,83-86,88,89,89,91,92], several open questions on MIRL
approaches are still unsolved [74].

The MIRL approach presented in the literature generally performs well in
populations with low to moderate IV but can be suboptimal when it becomes
high. Furthermore, available studies often considered simplified and
unrealistic precision dosing problems. They were mostly focused only on a
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single efficacy or toxicity endpoint and neglected other relevant biomarkers
or constraints in dose selection. Additionally, the effectiveness of MIRL in
optimizing long-term outcomes and managing concomitant drugs is still not
well understood.

The aim of this thesis was to further investigate the integration of RL with
PK-PD models to deliver precision dosing, addressing the limitations of the
works currently available in the literature. In particular, following the
seminal work of Maier et al. (2021) [80], a novel MIRL framework to learn
clinically acceptable adaptive dosing strategies tailored on each patient was
presented and evaluated on real precision dosing problems regarding both
already approved and under development drugs. In this dissertation, the
literature MIRL framework [39,71-74,78] was also adapted to derive a set
of general clinically acceptable adaptive dosing rules (i.e., a single RL-based
controller for all the patient population) on some of the proposed precision
dosing scenarios to better understand its potentialities and challenges.

The novel MIRL framework implemented in this thesis relies on QL as
RL algorithm and introduces a personal QL-agent (QLind) trained on each
specific patient. Therefore, each patient is treated following an individually
tailored RL-based adaptive dosing protocol. The central feature of this
hybrid RL/PK-PD approach is the use of patient digital twin to provide the
experience necessary to train the personal QL-agent. This virtual replica of
the patient is represented by a PK-PD model with an individual set of
parameters and covariates describing the pharmacological response for that
specific individual. Such methodology allows a deeper personalization level
than the literature MIRL workflow which relies on training a single RL-agent
(here named QLpop-agent given the use of QL as main RL algorithm) on an
entire population of patients thus learning a general adaptive dosing protocol.

Although QL is not the most recent RL algorithm (see Appendix A for a
detailed description of more advanced RL techniques used for MIRL), it led
to satisfactory results in all the considered case studies, thus making
unnecessary to use more advanced RL methods.

Specifically, implemented QL-based patient-centric MIRL workflow was
evaluated on three real precision dosing problems of increasing complexity
(chapters 3-5). This assessment was characterised by some simplifications
(i.e., neglection of RUV and complete knowledge of individual PK-PD
model parameters) necessary to have a first clear understanding of the
potentialities of the novel technique bridging RL and PK-PD modelling.

Following these assumptions, QLind-agents were first tested on the
erdafitinib precision dosing problem in metastatic urothelial cancer patients
(Chapter 3). This case-study was directly derived from clinical oncology
where erdafitinib is administered through an adaptive dosing protocol based
on the monitoring of the [PO4]serum. acting as efficacy/safety biomarker.
The narrow therapeutic window and significant IIV of pharmacological
response make erdafitinib therapy suitable to test the personalized MIRL
approach. From an in silico evaluation on a population of 141 virtual
patients, it emerged that QLind-agents outperformed both erdafitinib FDA -
approved clinical protocol and the general adaptive dosing rules obtained by
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QLpop-agent. Key step to obtain such results was the formalization of the
clinical setup within the RL framework, including patient state
representation, action selection coherent to clinical treatment management,
and reward functions describing the therapeutic goal. These aspects allowed
QLind agents to derive patient-specific adaptive dosing protocols
maximizing treatment efficacy and avoiding severe toxicities.

Then the MIRL framework was, for the first time, evaluated on a multi-
objective precision dosing scenario in which different efficacy/toxicity
biomarkers have to be simultaneously optimized during pharmacotherapy
(Chapter 4). In this exploration MIRL paradigm was applied with the dual
goal of deriving a clinically acceptable general adaptive dosing protocol for
a population of patients and individually tailored strategies. In particular,
patient specific protocols were wused to optimize both clinical
pharmacotherapy and the drug development process by maximizing the
outcomes of a clinical study. To this end, the multi-objective precision
dosing problem of givinostat, a compound under clinical development for
the treatment of PV, was considered as case study. Givinostat treatment
inhibits the uncontrolled myeloproliferation of bone marrow cells in PV
patients, and the monitoring of PLT, WBC and HCT is used to assess both
therapy efficacy and toxicity as well as to guide dose adjustments. The high
IV characterizing this clinical setup makes the joint optimization of the three
haematological parameters very challenging. This investigation highlighted
that QLpop-agent learnt a general dosing strategy that reached similar
performances to the clinical protocol approved for givinostat phase III trial.
Such results confirmed the optimality of the clinical rules and highlighted
the challenges of managing multiple endpoints and high IIV in a non-
personalized RL-based approach. Differently, the QLind-agents successfully
managed the complexity of the multiple biomarker optimization and high
IIV, thus outperforming both the clinical protocol and the QLpop-agent.
Thus, this analysis highlighted that, in contrast to other studies [73,79,80],
in complex scenarios with multiple outcomes to simultaneously optimize,
the gap between QLpop-based rules and QLind ones increases. Interestingly,
this case study also remarked the flexibility of the RL framework. Indeed,
by performing a simple change in the reward function, QLind-agents were
able to successfully optimize the endpoints of givinostat phase III trial
through patient-tailored adaptive dosing strategies.

Further, the personalized MIRL-based adaptive dosing strategy was also
evaluated in the context of concomitant drug administrations to optimize first
only short-term outcomes and then, short- and long-term outcomes together
(Chapter 5). In particular, the complex precision dosing challenge provided
by the AX-AH co-administration in advanced RCC was used to test the
individual oriented MIRL approach. AX dosing is adapted based on BP
monitoring, the primary efficacy/toxicity biomarker, with hypertension
being a common AX-induced side effect. Treatment goal is to maximize AX
dose for tumor shrinkage (SLD) and simultaneously to maintain BP within a
safe range. This precision dosing problem is particularly challenging due to
the significant IIV in AX response. A modeling framework describing (i) the
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direct effect of AX on dBP and sVEGEFR, (ii) SLD inhibition mediated by
the AX-induced reduction of sVEGEFR levels and (iii) SLD effect on patient
survival probability was integrated with the MIRL framework. The
sequential decision-making process characterizing the co-administration was
formalized as a MDP and two different reward functions were employed. In
particular, the ST-Reward was used to drive dose adjustment by focusing on
short-term outcomes like BP control, increase AX exposure and limit AH
usage. Conversely, the S&LT-Reward considered also long-term outcomes
such as patient survival probability in the estimation of the individualized
optimal dosing policy. The obtained results demonstrated that the MIRL
framework was able to achieve the treatment goals also in this co-
administration setting, thus confirming the powerfulness of the
methodology. Although both reward functions achieved similar overall
survival rates, the S&LT-based QLind agents reduced the exposure to AX as
it was pushed only when a significant improvement of patient survival
probability was achieved.

The results on these three challenging precision dosing problems
demonstrate that when the patient PK-PD model is accurate and its
parameters are fully known before treatment begins, the individual -oriented
MIRL approach can effectively optimize various targeted treatment
outcomes (potentially also long-term ones) for both monotherapies and
concomitant administrations. However, since the underlying assumptions
can prevent the application of this framework within clinical practice, two
extensions of the novel individual-oriented MIRL framework were
developed to overcome them (Chapter 6).

The first extension addresses the assumption that patient digital twins are
fully characterized from the start of treatment, with known individual PK-
PD model parameters. This hypothesis, often impractical in real-world
scenarios, is mitigated by introducing a Bayesian MIRL framework. This
workflow relies on Bayesian MAP estimation of patient PK-PD parameters
at each monitoring step to characterize the digital twin during the treatment.
Then, the current updated PK-PD model describing patient response to
treatment is embedded within RL to derive a personalized set of adaptive
dosing rules. This original approach was evaluated on a simulation study
which used a simplified version of givinostat precision dosing problem as
case study. Obtained results confirmed the potentialities of the Bayesian
MIRL approach as it reached performances similar to the ideal scenario in
which patient PK-PD parameters are known before treatment begin.

The second extension focuses on addressing RUV due to model
misspecifications, which can affect the robustness of RL-based dosing
strategies. A new QL variant, EQL algorithm, was developed to account for
stochasticity in reward functions and state transitions caused by model
misspecifications. During the training stage, this algorithm adopts PK-PD
Monte Carlo simulations to estimate the probabilities of all potential patient
states and rewards, allowing for precise updates to the estimated dosing
policy. The EQL algorithm was applied to the precision dosing problem of
vancomycin continuous infusion in ICU patients, a scenario characterized by
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significant PK variability and the necessity for tight therapeutic monitoring.
EQL was tested under varying levels of stochasticity and compared against
two other agents: QLc, which considers RUV in a standard QL framework,
and QLdet, which ignores RUV. The EQL-agent consistently outperformed
both benchmarks, particularly under higher levels of stochasticity, thereby
demonstrating its robustness in the presence of model misspecifications.
Further analysis revealed that only significantly high errors in estimating
RUYV could decrease EQL-agent performance.

Therefore, each of the methodologies presented in Chapter 6 successfully
addressed a specific limitation of the individual oriented MIRL paradigm.
Although this promising result can drive MIRL closer to real-world clinical
applications, some further investigations combining EQL and Bayesian
MIRL are still required. In addition to these methodological aspects, further
issues regarding MIRL validation should be accounted in future before
clinical implementation of this methodology. Indeed, in this dissertation,
similarly to literature available works [30,39,73,79,80,83—
86,88,89,89,91,92], RL-based dosing strategies were evaluated through
simulations. Therefore, a rigorous clinical evaluation based on randomized
clinical trials will be essential to confirm that the benefits observed in silico
can be replicated in real-world clinical settings. However, defining a clinical
trial setup that meets current regulatory standards to evaluate MIRL
approaches for precision dosing remains one of the most important and
challenging open questions. Right now, only in one scenario, RL-based dose
suggestions were applied to a small pool of healthy volunteers.

Overall, the results presented throughout this thesis highlight the
potentialities of MIRL approaches to support a wide range of precision
dosing tasks based on adaptive dosing protocols. Novel methods to overcome
the current limitations of RL/PK-PD techniques were proposed and
successful results were achieved, thus confirming the appropriateness of the
developed methodologies. Although additional refinements and clinical
investigations are required, the promising findings presented here provide a
strong foundation for future advancements in precision dosing.
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Appendix A

Overview of Reinforcement Learning
Algorithms

This appendix extends the methodological dissertation on RL provided in
Chapter 2. In particular, since in this thesis only QL algorithm was adopted,
here the focus will be on providing an overview of the other most popular
RL methods.

Generally, RL algorithms can be subdivided into two macro-categories
depending on whether they require as input the Markovian state transition
probability matrix (i.e., containing p(s’|s, a), the probability that the system
evolves to state s’ at time t + 1, given the selection of action a in state s at
time t) or not. The first, is the case of the early introduced RL techniques
that leveraged dynamic programming to estimate the optimal policy
[76,93,94]. However, especially in the healthcare domain, the transition
probability function is rarely known. Consequently, different RL algorithms
were developed to solve the MDP without relying on the direct knowledge
of p(s’'|s, @), but leveraging agent-system interplay and collecting sequences
of transitions < S;, A¢, S¢4+1, Re+1 >. These methods, that will be covered in
the following sections, are generally categorized in value-based methods,
which rely on the estimation of state-value or action-value function, and
policy-based methods, which directly estimate the probability distribution
n(s) = p(a|s) without learning a value-function [76,143].

A.l. Monte-Carlo Tree Search

The key of Monte Carlo Tree Search (MCTS) is to represent the entire
MDP as a tree (i.e., directed graph, Figure A.1) in which the nodes are system
states, Sy, and edges represent all possible actions that can be taken in S;
[76]. Therefore, the child nodes of S; are all possible next states, S;,;, that
can be reached for each action (Figure A.1). Given an episode with T
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decisional time steps, the states-actions path in the tree,
P={s;, as, S¢+1,At41,---,a7—1, ST}, 18 called playout and it is associated with
atotal reward G = YT R,. MCTS combines Monte Carlo Simulation and Tree
Search heuristics to find the optimal policy, ©*(s) = a*, associating to each
state the best action maximizing the final reward (i.e., the optimal path of the
three) avoiding a brute force search (i.e., simulating all possible scenarios)
[76].

Figure A. 1: Representation of a MDP with a directed graph (tree). Each
node represents the current system state, edges are the actions taken in a given
system state. Each path in the tree has a score, G, representing the sum of the
reward collected at each time step.

Similarly to other RL algorithms, MCTS aims to estimate the action-value
function, Q(s, a), for each s, a couple. Therefore, at the end of the training,
for each s, the action taken by algorithm will be a = arg max,Q(s, a) [76].

To this end, during the algorithm training, it is necessary to store the
following information for each node to estimate Q(s, a) [144,145]:

e N(s):the number of times in which s has been visited.
e N(s,a): the number of times a was performed in s.
e (s, a): the action-value function linked to s, a couple.

m

Moreover, the following policies, 7%¢ and mS¥™, are leveraged in the

training stage (Eq. A.1-A.2):
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7_L_sel(s) = arg max, Q(S,a)+c- %(fvags))

1
ZON

(A1)

Y™ (s) = a,with P(a|s) =

(A.2)

In particular, 7%¢ represents the upper confidence bound applied to trees

(UCT) [144,145] and encapsulates the trade-off between exploration and
exploitation during training. Indeed, if a given s,a couple has been
explored a few times, the term under the squared root becomes
predominant. The balance between exploration and exploitation is given
by c representing a hyperparameter of the algorithm. Conversely, 5™
represents a random choice of the action since each action has a probability
equal to the size of the action set in the state s, |A(s)]|.

A comprehensive description of the MCTS algorithm is provided in the
Algorithm A.1. For the sake of clarity, the main algorithm was subdivided
into sub processes as described also in [146]. In particular, the algorithm
estimates Q(s, a) by iteratively building the search tree. At each iteration a
playout is performed (i.e., simulation procedure) following ¢ whether S,
belongs to B, otherwise, m*”™ is adopted and S; is added to the tree. After
the completion of the playout, the information of each node S; are updated
(i.e., backpropagation procedure). In this step, N(S;) and N(S;, A;) are
increased by 1, while Q(S;, 4;) is updated with Eq. A.3

_ G_Q(StrAt)
Q(St,Ar) = Q(St, Ar) +—N(StrAt) )

(A.3)

with G being the sum of the rewards collected in the playout.

Algorithm A. 1: Pseudocode of the MCTS algorithm..

MCTS
Given set of N states, set of M actions A, hyperparameter ¢, max number
of iteration I, T terminal time step
init empty tree B
loop for each episode (I times):
{S0, A0, S1,41...,Ar_1,S7},G = SIMULATION(S,)
BACKPROPAGATION({Sy, 4¢, S1,A1.--,Ar_1,57},G)
procedure SIMULATION(S,)
Set current state to S|,
init G =0,
init empty memory of the visited states-actions {@}
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loop until terminal state S7 is reached
ifS; € B:
Ap < (Sy)
else
ADDNODE(S,)
Ay <™ (Se)
Observe next state S;,; and reward R;,
Update current system state with S;,
G =G+ Riqq
update the memory of the visited states-actions {S,, Ag,-..,S¢t, ¢}
return G, {Sy, 49, 51,41 ..., A7_1, 57}
procedure BACKPROPAGATION({So, 49, 51,41.-.,Ar_1,57},G)
loopfort=0toT — 1:

N(Sp)+=1
N(S;, Ap)+=1
Q(SuA) = Q(SuA) +5 22
procedure ADDNODE(S,)
N(S) =0
loop forall ain A(S;):
N(S;,a) = 0
Q(Spa) = »
append S; to B

A.2. Deep Q-Learning

Deep QL (DQL) is the natural extension of QL to a continuous domain.
Indeed, DQL leverages Neural Networks (NNs) depending by a parameter
set 0, i.e., Q,.+(6), to approximate the Q-function for each state-action pair
[147]. In particular, Q,, is supposed to receive a vector S € Rl describing
the current system state as input and to return a vector W € RM containing
the values of the Q-function for each of the available M-actions [96,147].
Since system state is a vector, DQL allows a deeper characterization of
system condition that is not constrained to a finite set. Training a DQL agent
corresponds to find the optimal set of parameters, 8", that best approximates
the Q-function. To this end, similarly to QL, an iterative strategy in which a
T-step episode is repeated I times, is performed. At each time step t, by
following the e-greedy strategy, a transition (S¢,A¢,S¢41,Resq ) 18 stored
within a replay-buffer of size D [96]. Then, a minibatch of D' <D
transitions are sampled from the replay-buffer and used to update 8 by
performing a gradient descent step to minimize the loss function in Eq. A.4.

§ br ® ® ® @® 4O
L(B) = ) ((Rt+1 +y - -maxy Qnet(st+1 'At+1; 0)) — Qnet(st 'At ;9))2
i

(A.4)
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DQL is more complex than QL due to the higher number of
hyperparameters. Indeed, the Q,.; architecture (i..e, number of layers,
activation functions), the loss minimization algorithm with its learning rate
y and the sizes of both minibatch (D) and replay-buffer (D) should be
carefully tuned [96]. Several versions of DQL were recently developed to
overcome the limitations of the first implementation [96,148,149]. For
example, the learning instability of Q,.:(8) is circumvented through the
introduction of another NN, Q. (8'), to estimate the maximum expected
return of (Spi1,maxy, Qnet' (Se+1,Ar; 0")) [96]. Quee’ (0") is identical to
Qne:(0) at the beginning of training but its parameters are updated with lag
behind the regular Q,..(6). Indeed, every H iterations, Q,.; is updated by
simply performing 8" « 6. Alternatively, Dueling-DQL (D2QL) or Dueling-
Double-DQL (D3QN) were proposed to improve training stability by
adopting another NN estimating the value function (V,,,;) [150,151]. The
pseudocode of DQL algorithm is reported in Algorithm A.2.

Algorithm A. 2: Pseudocode of DQL algorithm.

Given: set of M actions, D-dimensional replay memory B, batch size D’, discount
factor y, a probability €, a maximum number of training iterations I, update
frequency H, probability e
init two identical neural networks, Q,,.; and Q’,,.; with the same weights: 8',,,; =
Onet
loop for each episode (I times):
Set current system state to S,
loop for each decisional time step t:
p < uniform random number € [0,1]
if p<e
Select action A; randomly
else
Ay < argmaxg Qnet(St, @; Onet)
Perform A; on the system
Observe next state Sy, ; and reward R,
Set current system state to Sy, 1
Store the transition tuple (S¢, 4, St+1, Re41) in B
if size of B> D":
Randomly selection of a minibatch of D ‘transitions from B
loop for each transition i in the of the minibatch:
if S;,q is the terminal state:
sety; = ROy,
else:
sety; = RWyy +y - maxaQnee (Ses1, @ 0'ner)
Update the 6,,,; performing a gradient descent step on
SEOi — Qnee (S, A3 Bpe))?
if the number of update is multiple of H:
set 0 per = Oner
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A.3. Actor critic DQL

Actor-critic (A2C) algorithm is placed at the intersection of value-based
and policy-based RL approach [96,152]. A2C merges the advantages of
these two approaches by using two NNs, the actor, m,.:(8), and the critic,
Vinet (@), characterized by their own set of learnable parameters, 6 and ¢.
The actor learns m(s) by interacting with the critic, which simultaneously
estimates the appropriateness of being the system in the state s (i.e., V7(s)).
Analogously to QL and DQL, the training of A2C relies on repeating a T-
step episode for I times. At each time step t, actions are selected by randomly
sampling  from  actor  policy, Ty (als,6) and  transitions
(S¢,A:,St41, Rev1 et (A |Se,0), Vier (Se, @) ) are stored, including the
probability of performing A, given the actor's current policy and critic’s
evaluation of S;. Once the episode is completed, it is possible to compute,
for each S;, the sum of the future discounted rewards by applying Eq. A.5.
and then adding this information at each transition:

(St, At St41,Req1, Tnet (Ae [St, 0), Vier (S, @), Gt ), with

Gt ZZJT'=t+1Vj E
(A.5)

Finally, the weights 6 and ¢ are updated by performing a gradient descent
step for minimizing the loss functions in Eq. A.6 and A.7.

T
LosSscior = = ) (Gt = Vet (St #)) - 10g (e (41 15:.,0))
(A.6)

Losscritic = Z{(Gt — Vet (St ’ ¢))2
(A7)

The strategy of updating network weights after completing an episode is
called Monte Carlo updating [96]. In particular, the goal of minimizing Eq.
A.6 is to increase the probability of choosing action with a higher advantage,
which is quantified through G; — V. (S¢, ). Instead, minimizing Eq.A.7 is
essential to update and improve the critic evaluation. Generally, m,,, and
Vnet share the same architectural backbone (i.e., layers) as both take S; as
input. Then, this common sequence of layers bifurcates into actor and critic
branches. Sometimes, computing G, for each S; can be computationally
demanding, therefore a N-steps updating strategy can be preferred to the
Monte Carlo one. In this case, at each time step t, a transition
(S¢,A¢,St41,Req1,Tnee (A |Se, 0)) 1s stored in a buffer replay of size D.
Then, after N temporal steps, a minibatch of D' transitions are randomly
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sampled from the buffer replay. For each of them, the advantage of
performing a given action in a certain state is approximated by Eq. A.8:

Adv = (Rep1 7 Vet (St ) — Voot (S, @).
(A. 8)

Consequently, in the N-steps strategy, Eq. A.6 and Eq. A.7 become:

D/ _ "
L0SSacior = = ). AV - log(maee(AP1S,,))
i
(A.9)
Losscritic = _Z?’(Adv(i))z .
(A.10)

A further extension of the presented version of A2C is adding a
regularization term to Eq. A.6 or Eq. A.9 depending on the entropy of m,.: (-
|S¢, 0) in order to improve action exploration during training [153]. A2C as
well as Deep Deterministic Policy Gradient (DDPG) Evolution Strategy
Algorithms are the most advanced RL algorithms which can be applied to a
continuous domain of actions [152,154,155]. Pseudocodes for A2C
algorithm with Monte Carlo and N-steps updating strategy are reported in
Algorithm A.3 and A.4, respectively.

Algorithm A. 3: Pseudocode of Actor Critic RL with Monte Carlo update.

Given: discount factor y, a maximum number of training iterations /
init actor network m,,,.(0), critic network V,,,.(¢)
loop for each episode (I times):
Initialize a memory replay B of size T (number of decisional steps)
Set current system state to S,
loop for each decisional time step ¢:
Randomly select A, from m,.¢(a|S;, )
Perform A, on the system
Observe next state S;,, and reward R;,;
Set current system state to Sy, 1
Store the tuple (S¢, Tnet (A¢ |St, 0), Se+1, Rev1) Vner (S, ) in B
loop for each tuple in B:
Compute the sum of discounted reward from t to T:

T .
Gt = Z y] . T}
j=t+1

Update the tuple in B appending G,

(St Tnee (At [Se, 0), Se+1, Rev1, Vier (St ), Ge)
Update actor weights 8 with a gradient descent step on

T
=D (6= Vaet(S8)) - log (e (4: 15:,6))

Update critic weights ¢ with a gradient descent step on
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T
D G Vaee(S. #)°

Algorithm A. 4: Pseudo code of Actor Critic RL with step update.

Given: discount factor y, a maximum number of training iterations I, buffer
replay B of size D, batch size D’
init actor network m,,,.(0), critic network V,,.; (¢)
loop for each episode (I times):
Set current system state to S,
loop for each decisional time step t:
Randomly select A, from m,.;(a|S;, )
Perform A, on the system
Observe next state S;,; and reward R; 4
Store the transition tuple (S¢, e (A¢|St, 0), S¢41, Re+1) In B
Set current system state to Sy, 1
if size of B> D"
Randomly selection of a minibatch of D*transitions
from B
loop for each transition i in the of the minibatch:
Compute the advantage
Adv; = RO 4+ - Vyer (SO i1, 9) = VO 0 (Se)
Update the i-th tuple appending Adv;
(St Tnet (At St 0), St41, Rev1, Advy)
Update actor weights 8 with a gradient descent step

on
D

— > (Advy) - log(Tpee(AD SO, 0))

l
Update critic weights ¢ with a gradient descent step

on
Dr

(Adv))?
i
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Appendix B

Supplementary Materials of Chapter
3

This Appendix collects all information supporting the application of the
implemented MIRL approaches (sections 2.2.1. and 2.2.2.) on erdafitinib
precision dosing problem presented in Chapter 3.

B.1. Erdafitinib PK-PD modelling

B.1.1. Population PK model of Erdafitinib

Erdafitinib is an orally administered drug which can be found in plasma
both in free form and bounded to alphal-glycoprotein (AGP). In particular,
only the unbounded fraction of the compound can spread to peripheral tissues
and biophase or be eliminated. The plasmatic free concentration of
erdafitinib, Cyy.. can be derived from the total one, Cto, as [101]:

Cfree = Ceot * fu

(B.1)

where f,, is the fraction of unbounded drug that depends on the erdafitinib
dissociation constant (K;) and the observed concentration of AGP, [AGP], in
patient (Eq. B.2) [101]:

Kq4

7= Ko+ 1467)

(B.2)
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In [101], the total concentration of erdafitinib, C;,;, was described by a
three compartments pop-PK model with lagged absorption (Figure B.1, Eq.
B.3). The model parametrization was based on apparent clearances and
volumes. A covariate model was defined for CLfye./F (Eq. B.4) and V5 ;o /F
(Eq. B.5), while inter-individual variability (IIV) was considered on
CLfree/F ,Vaiot/F, V3/F and k,. Residual unexplained variability (RUV)
was modelled with an additive term after logarithmic transformation of both
predicted and observed free and total concentrations (Eq. B.6). The
parameter values of pop-PK model are reported in Table B.1, the
distributions of study patient covariates [101] are summarized in Table B.2.

V3 tot/F
Dose [ Peripheral 1 ]
l QS,fr?
V2 tot/F /
Administration - Central ]
a

tIag eree”:
Clfree!/F \ V4 tot/F
[ Peripheral 2 ]

Figure B.1: Schematical representation of erdafitinib population PK model.

d t
qlé—;t() = —kyqq1t0¢(t) + Dose(t)
dqz ot (t) i
2;—"; == kaq1,t0:(t) — ﬁfu ()4
,to
Q3 free/F 0 2
_%fu qZ,tOt(t) + ‘Z'% q3(t) N
Q4, /F o .
— %fu qZ,tOt(t) + ‘Z'% q4(t)
dqs(t) Qs free/F o
;t = I;ZT;;' fu QZ,tot(t) — ‘Z'% qg(t)
dqs(t)  Qafree/F o
dt VZ/(F) fu qZ,tot(t) — ‘/A}T 0 (D)
qz,tot(t
Cpop(t) = 2220
. VZ,tot/F
Vv, = Vz't;t/F
u
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q1t0t(0) = q240¢(0) = q3(0) = q4(0) =0
(B.3)

(CLfree/F)i = (CLfree/F)pop exp (Ospx,cL - SEX; +
+9Ren.1mp1Ren- Impl,i + HRen.Imszen- Impz,i)

SEX; = 1if female, 0 otherwise
Ren.Imp, ; for moderate renal impairment, 0 otherwise
Ren.Imp,; for mild renal impairment, 0 otherwise

(B.4)
( [AGP];\ 4"
(Vz,tot/F)i = (Vz'tOt/F)pop <[14T13]l> exp (BSEX,VZSEXI: +
+Owr, WTy; + Owr,WT,,;)
\ [AGP] is the median of the study population
SEX; = 1if female, 0 otherwise
WT,; = 1if individual weight < 60 Kg, 0 otherwise

\  WT,,; = 1if individual weight > 80 Kg, 0 otherwise

(B. 5)

{ Ctot,ons = Ctot * exp(e1), with e;~N (0, 012)
Cfree,obs = Cfree - exp(€;) , with €,~N (0, 0-22)

(B.6)

Table B.1: Parameter values of erdafitinib population PK model.

Parameter Description Unit Typical Standard
Name value, 0 deviation
IIV?3, w

of

Clfree/F Apparent L/h 83.200 0.457
Clearance of
free drug

Q3. free/F Apparent L/h 129.000 -
inter-
compartmental
clearance
(peripheral 1)
of free drug

Qafree/F Apparent L/h 2.720 -
inter-
compartmental
clearance
(peripheral 2)
of free drug
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VZ,tot/F

Apparent
volume of
central
compartment
of total drug

L 18.900

0.230

Vs /F

Apparent
volume of first
peripheral
compartment
(only free
distributes)

L 2480.000

1.050

V,/F

Apparent
volume of
second
peripheral
compartment
(only free
distributes)

L 767.000

Absorption
rate

h™1 2.340

1.150

Absorption
lag-time

h 0.233

Dissociation
constant to
[AGP] used to

estimate f;,

ng 32.000
/mL

QSEX,CL

% change in
CLfyee/F  for
female vs male

- -18.800

9Ren.1mp1

% change in
CLfyee/F  for
moderate renal
impairment vs
normal renal
function

- 21.900

HRen.Impz

% change in
CLfyee/F  for
mild renal
impairment vs
normal renal
function

- 21.100

Bacp

Power of
effect of
[AGP] on
VZ,tot/ F

- -0.473
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Osex,v,

% change in
Vatot/F

for female vs
male

- -16.400

Owr,

% change in
Vator/F for <
60 Kg Vs
60 — 80 Kg

- -9.820

Owr,

% change in
Vytot/F for >
80Kg Vs
60 — 80 Kg

- 19.800

Standard
deviation of
RUV on Gy

- 0.2722

0,

Standard
deviation of
RUV on Cpee

- 0.076*

a: standard deviation is referred to the underlying Normal distribution.

Table B.2: Statistical description of patient covariates for erdafitinib

population PK model.
Continuous Covariates
Name Mean Standard Range
Deviation

Weight [Kg] 71.60 16.60 [36.20-132.00]

[AGP] [¢/L] 1.20 0.60 [0.24-3.15]

Categorical Covariates

Name Values Count %

Sex Male 211 56.60
Female 162 34.40

Renal Impairment | Normal 121 32.40
Mild 156 41.80
Moderate 92 25.50

B.1.2. Population PK-PD model of erdafitinib

Erdafitinib PK-PD model describes the effect of the drug on [PO4]serum
with respect to pre-treatment phosphate value, [PO,]gs. (Eq. B.7) [100].

(B.7)

[PO4lserum(t) = [PO4lps, + M(t)C.(£)"

dC,(t)
dt

= keOCtot(t) — keoCe ()
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A compartment effect, C,, with a time constant k,,, is introduced to
account for the delay between central compartment concentration, Cy,;, and
PD effect. M(t) and y modulate the effect of C, on [PO4lserym - AS
described in Eq. B.8 [100], , M(t) is a time-varying slope which is used to
describe the attenuation of drug effect during treatment:

(M(t) = m(1-T())
dT(t)

id—t =kin(1-T@®)
T(0)=0

(B.8)

where T is the amount of attenuation over time, k;, is the rate constant
describing the attenuation of drug effect with time and m is the coefficient
of the slope model describing the relationship between [PO,]serum and C, at
time 0. Moreover, an empirical model of [P0O,]gs; (Eq. B.9) was included as
treatment discontinuation drives [PO4]serum to @ new plateau value, [PO,]p
[100]:

{ [PO4lpst, = [PO4lo if Tsip < tigg
[PO4lps, = [PO4]lp — ([PO4]p — [PO4lo) exp(—kpase(Ts,p —t)) otherwise

(B.9)

where, [P0,], is pre-treatment baseline, Tg;, was the time since last dose,
kpase was the rate of decline of phosphate baseline value with time,
and t,,, was the time delay after which the phosphate
baseline value started to decline with time. A covariate model describing the
impact of sex on [P0,], was also developed (Eq. B.10).

{[P04]0,i = [PO4lopop - €xp(Ospx - SEX;)
SEX; = 1if female, 0 otherwise

(B.10)

IV was introduced on k., m and k;;,, by using a log-normal distribution,
while [P0O,], and [PO,]p were assumed to be normally distributed across the
population. Furthermore, a correlation between k., and k;,was defined in
the model. The other PD parameters were fixed to their population value.
Analogously to the Pop-PK model, RUV on [PO,]serum Was assumed log-
normally distributed (Eq. B.6), with o3 standard deviation of the underlying
Normal distribution. Table B.3 summarizes the estimated values for
erdafitinib Pop-PK-PD parameters.
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Table B. 3: Parameter values of erdafitinib Population PK-PD model.

Parameter
Name

Description

Unit

Typical
value, 6

Standard
deviation
of IIV, w

[PO4]o

Phosphate
baseline

mg/dL

3.080

0.463b

Slope of drug
effect

(mg/dL(ng/mL))

0.869

0.394a

Exponent of
drug effect

0.860

Effect
compartment
rate

0.199
x 1071

0.9092

Rate of drug
effect
attenuation
over time

0.102
x 1073

1.1502

[PO4]p

Post-
treatment
interruption
phosphate
baseline
plateau

mg/dL

2.670

0.498b

kbase

Rate of
change over
time for post-
treatment
interruption
phosphate
baseline
plateau

0.101
x 1071

tlag

Post-
treatment
interruption
lag-time
before
phosphate
baseline
value decline

143.000

QSEX

% change in
[PO,], for
female Vs
male

%

12.400
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Phkip—keo Correlation | - 0.577 -
between k;,
and kg

O3 Standard - 0.1192 -
deviation of
RUV on
[P04]serum
a: standard deviation refers to the underlying Normal distribution.
b: standard deviation refers to the Normal distribution.

B.1.3. Model analysis

A model analysis was performed to characterize a priori the response to
erdafitinib treatment for each patient. In particular, it allows to compute the
individual therapeutic window, i.e., the dose range that brings [PO,]serum in
[5.5,7)mg/dL at day 140 (i.e., five months) [100,107]. Therefore, it was
assumed a time t — 140 days and that drug concentration in the effective
compartment, C,, was in a steady state equilibrium with the concentration in
central compartment, C;,; (Eq. B.11). A multiplicative factor of 1000/24 was
introduced in Eq. B.11 as drug concentrations are measured in [ng/L] while
the dose, D, and the volume term in CLgy.../F, were expressed in mg and

L/h, respectively.

DSS

B (CLfree/F) - 24

Ceor = Co -1000

(B.11)

The analytical expression of T(t) (Eq. B.12) was obtained by solving the
ordinary differential equation in Eq. B.8:

T(t) =1—exp(—k;, - t).
(B.12)

Then, by substituting Eq. B.12 in the first equation in Eq. B.8, the formula
of M(t) is obtained. In particular, k;, [A™1] was multiplied by 24 for
converting it into [days~!] (Eq. B.13):

M(t) =m-exp(—k;, - 24-t)
(B.13)

By placing Eq. B.11 and Eq. B.13 in the first equation of Eq. B.7, it is
possible to derive the expression of [PO4]serum as function of D (Eq.
B.14). By inverting this relationship, for ¢ = 140 days, it is possible to
derive Eq. B.15 which describes the dose needed for achieving a given
[PO4]serum after five months of treatment.
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[P04]serum = [P04]BSL +

D Y
+m - exp(—=ki, - 24-t) - <(CLf ;SF) 2 1000)
ree

(B.14)

D ([PO ] ) — ¥ [P04]serum - [P04]BSL . (CLfree/F) - 24
SS 41serum 7n_exp(_kin.24.140) 1000

(B. 15)

As will be discussed in section B.2, the therapeutic window on a five-
months treatment can be computed for each patient, by applying Eq. B.15
with the individual parameters for the two bounds of the phosphate normality
range (i.e., [PO4lserum = 5.5 mg/dL and [PO4]seryum = 7 mg/dL).

B.1.4. Mixtran code for erdafitinib PK-PD model
DESCRIPTION:

[LONGITUDINAL]

input = {tlag, ka, Cl, V2, Q3, V3, 04, v4, fu, keO,
gamma, m, kin, P0O40, PO4P, kbase, tlag att, gl0, g20,
g30, g40, TO, CeO, TSLD}

TSLD={use=regressor}

PK:
V2tot=V2

V2free=V2tot/fu
k02 =Cl/V2tot

k32= Q3/V2free ;inter-compartment
clearance

k23=Q3/V3 ;inter-compartment
clearance

k42=Q4/V2free ;inter-
compartment clearance

k24=Q4/V4 ;inter-compartment
clearance

k02=Cl/V2tot ;elimination
clearance

depot (type=1, target=gl, Tlag=tlag)
EQUATION:
; PK model definition

;£0=0

;odeType = stiff
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gl 0=qgqlo0
g2 0=920
g3_0=g30
g4 0=qg40

ddt gl=-ka*qgl
;administration compartment
ddt g2=ka*gl-k02*fu*g2-k32*fu*g2+k23*q3-k42*fu*g2+k24*g4
;central compartment
ddt g3=k32*fu*g2-k23*qg3
;peripheral compartment 1
ddt gd4=k42*fu*g2-k24*qg4
;peripheral compartment 2

Ctot=qg2/V2tot
Cfree=fu*Ctot

; PD model definition
Ce 0=CeO
T 0=T0O

ddt Ce=ke(O*Ctot-kelO*Ce
ddt T=kin* (1-T)

M=m* (1-T)

if TSLD>tlag att

PO4 BSL=PO4P- (PO4P-P0O40) *exp (-kbase* (TSLD-tlag att))
else

PO4 BSL=P040
end

PO4=P04 BSL+M* (Ce”gamma)

;reward definition
XCc=6.25

lambdal=0.5
lambda2=1.5

max reward range target=l1
min reward range target=0.5

slope=1
reward init=0

if (PO4>=5.5 & PO4<xc)
interceptl=min_ reward range_ target
reward=min (l,slope* (PO4-5.5)+interceptl)
elseif (PO4>=xc & P0O4<7)
intercept2=max reward range target
reward=min (1, -slope* (PO4-6.5)+intercept?2)
elseif (PO4>=7 & P04<=9)
reward=min_ reward range target*exp (-lambdal* (PO4-
7))
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elseif P0O4>9
reward init=min reward range target*exp (-lambdal* (9-7))
reward=reward init*exp (-lambda2* (P04-9))
elseif P0O4<5.5
reward=min_ reward range target*exp (-lambdal2* (- (PO4-
5.5)))
end

OUTPUT:
output={Ctot, Cfree, PO4, Ce, T, gl, g2, g3, g4, reward}

B.2. Virtual patient population to evaluate the
RL/PK-PD approach

B.2.1. Statistical distributions of covariates

The following statistical assumptions were made for extracting plausible
covariate values given the data available in the literature (Table B.2):

e Categorical covariates were randomly sampled from both binomial
(Sex) and multinomial distribution (Renal impairment) according to
frequencies in Table B.2.

e Continuous covariates (i.e., weight and [AGP]) were extracted
from a log-normal distribution with mean and standard deviation fixed
to values in Table B.2. Samples outside the ranges reported in Table
B.2 were fixed to boundary values.

B.2.2. Generation of the preliminary virtual population

The following steps describe the operations performed to obtain a
preliminary pool of virtual patients. From this cohort, the final virtual patient
population used for erdafitinib case study, was Then, by applying the
filtering criteria described in next sections, the virtual population of
erdafitinib patients was obtained.

e Given the distributions of PK-PD model parameters (sections
B.1.1. and B.1.2.) and patient covariates (section B.2.1.) an initial pool
of 100000 virtual patients was randomly extracted.

e For each patient, individual parameters were replaced into
Eq.S2.15 which was evaluated with [PO4]serum = 5.5 mg/dL and
[PO4)serum = 7 mg/dL to compute the therapeutic range (i.e., lower
and maximum daily dose level leading [PO4]serum to the target range
after five months of treatment).

e Patients were subdivided in the following groups according to the
computed therapeutic range:
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o Completely responsive patients (41%): if the lower
bound of the therapeutic window is < 9mg/day (i.e.,
maximum erdafitinib dose level).

Not completely responsive patients (59%): if the upper

bound of the therapeutic window is > 9 mg/day (i.e.,
maximum erdafitinib dose level).

B.2.3. Inclusion criteria for completely responsive patients

Completely responsive patients were subdivided based on the discrete
erdafitinib doses (i.e., 4, 5 6, 8, 9 [mg/day]) that fall inside the individual
therapeutic ranges, as reported in Table B.4.

Table B.4: Classes of responsive patients according to the erdafitinib doses
falling the individual therapeutic window

Optimal Doses [mg/day] % of patients in Completely
responsive group
<4 5.130
4 4.910
5 0.000
6 0.048
8 0.000
9 12.475
4,5 6.217
5,6 4.463
6,8 1.536
8,9 27.890
4,5,6 10.790
5,6,8 5.252
6,8,9 13.545
4,5,6,8 1.548
5,6,8,9 5.349
4,5,6,8,9 0.839

Then, a five-month treatment was

simulated for each patient using the

personal optimal dose levels in Table B.4. The first group (i.e., Optimal dose
<4 mg/day) was not considered in this analysis as none of erdafitinib discrete
dosages fall within it. These simulations confirmed a high IIV in treatment
response. As illustrated in Figures B2-B4, although sharing the same optimal
doses, some patients undergo hyperphosphatemia, while others maintain

[PO4]serum under toxicity threshold.
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Figure B.2: Example of patient for which only 8 [mg/day] normalizes
[PO4]serum Without leading to hyperphosphatemia.
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Figure B.3: Example of patient for which both 8 and 9 [mg/day] normalize
[PO4]serum With a hyperphosphatemia event.
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Figure B.4: Example of patient for which both 8 and 9 [mg/day] normalize
[PO4]serum Without any hyperphosphatemia event.
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Thus, the groups in Table B.4 were further split to account for this
variability in the virtual population. In particular, given the ordered set of
optimal doses that identifies the individual class, D = {dy, -, dy},the N + 1
subgroups §; were defined:

e ifN>1,Vj=1,.,N-1, S5 includes patients for which the
doses in D; = {d;} with k = 1, ..., j, keep [PO4]serum in target without
leading to hyperphosphatemia. Therefore, subjects in S; undergo
hyperphosphatemia during treatment with a constant dose level in D —
D;.
e Sy includes the subjects having hyperphosphatemia V d; € D.

e Sy includes the subjects not having hyperphosphatemia V d; €
D.

An example of this stratification is reported in Table B.5.

Table B.5: Example of the stratification strategy for patients with
[PO,4)serum normalized at 140" day by both 8 and 9 mg/day.

Original Group

[PO4)gerym in target range at 140th day with both 8 and 9 [mg/day]

Subgroup Description

S1 Patients for which only 8 [mg/day] normalizes
[PO4]serum without leading to
hyperphosphatemia (Figure B.2).

S2 Patients for which both 8 and 9 [mg/day]
normalize [PO4]serum With a hyperphosphatemia
event (Figure B.3).

S3 Patients for which both 8 and 9 [mg/day]
normalize [PO4)serum without any
hyperphosphatemia event (Figure B.4).

Table B.6 summarizes the resulting subdivision of groups in Table B.4
based on the presence of hyperphosphatemia events. For each of these
classes, two subjects were randomly selected, thus obtaining a pool of 92
virtual responsive patients. 4 more patients (i.e., equal to the minimum
sample size in Table B.6) were randomly selected from the patients having
the therapeutic window under 4 mg/day (i.e., first group in Table B.4).
Therefore, the number of responsive patients in the population used for
evaluating QL agents totals to 96.
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Table B.6: Final stratification and sampling strategy of responsive patients.

Optimal Doses | Number of Subgroups | Number of randomly
[mg/day] sampled patients
4 2 4

5 2 0*

6 2 4

8 2 0*

9 2 4

4,5 3 6

5,6 3 6

6,8 3 6

8,9 3 6

4,5,6 4 8

5,6,8 4 8

6,8,9 4 8

4,5,6,8 5 10

5,6,8,9 5 10

4,5,6,8,9 6 12

a: No patients were sampled from this group as the number of subjects
belonging is 0

B.2.4. Inclusion criteria for partially responsive patients

ID 80863 - 9 mg/day

9.0

7.0

[PO4]serum [m g/d I—]

Or ot woOo~o 22 ¥2F0Or0

- - - - - - - - -

Time [weeks]

Figure B.5: Example of a partially responsive patient

By observing the response of a five-months treatment at maximum
tolerated dose (i.e., 9 mg/day), the group of unresponsive patients (59% of
total population) was initially stratified in:
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e Partially responsive patients (22% of the total population): if
[PO,])serum can be temporarily maintain in target but, at 140" days, it is
outside the range [5.5,7) mg/dL as erdafitinib efficacy decreases over
time (sections B.1.2. and B.1.3.). Figure B.5 illustrates [PO4]serum
profile of a partially responsive patient.

e Untreatable patients (37% of the total population): if [PO,]serum
is always in the inefficacy range (i.e., < 5.5 mg/dL).
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Figure B.6: Example of how partially responsive patients are stratified
according to their optimal dose. In this case, the best dosage level is 6 mg/day
as it keeps [PO4]gerym Within the normality range for longer time without any
hyperphosphatemia event.

Under the assumption that an ineffective drug would never be selected for
the treatment of a certain disease, untreatable patients were not considered
in the final population. Conversely, 45 partially responsive patients were
included in the target population after the further stratification in Table B7.
In such case, the optimal dose level is the amount of drug that keeps for
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longer time [PO4]serum In the target range without any hyperphosphatemia
event. This characterization was performed by considering for each partially
responsive patient, a five-months treatment at each available discrete
erdafitinib dose level. As the partially responsive patients are less than the
completely ones in the whole population, 45 subjects were randomly selected
from the classes in Table B7.

Table B.7: Summary of the stratification within the group of partially

responsive patients.

Optimal Dose level | Total Count Number of randomly
[mg/day] sampled patients

4 17909 9

5 1266 9

6 1522 9

8 382 9

9 179 9

B.3. Hyperparameters of QL algorithm

Table B.8 reports the hyperparameters used to train both the individual
QL-agents and the single QL-agent to derive a general adaptive dosing

protocol in the population.

Table B.8: QL hyperparameters adopted in erdafitinib case study. Such
values were used both to derive patient-specific adaptive dosing protocols
and to obtain a general set of dosing rules in the population.

Hyperparameter Value
Number of iterations 50000
Learning Rate 0.1
Discount Factor (y) 0.98

Probability of e-greedy strategy

€ = max (0.3, exp (i ' (_ 11151(())03;)»

with i being the current iteration
number
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Supplementary Materials of
Chapter 4

This Appendix contains further information supporting the application of
the developed MIRL approaches (sections 2.2.1. and 2.2.2.) on givinostat
precision dosing problem presented in Chapter 4.

C.1. Terms in the reward function evaluating the
derivative of the haematological parameters

Figures C.1-3 provide a representation of the terms in the reward function
(Egs. 23-24) based on the derivative, y', of the haematological parameters
(i.e., Rewardp;r per , Rewardypcper, Rewardycr per, Eqs. 31-33). In
particular, representation of Reward p., is stratified according to the
efficacy (Figure C.1), toxicity (Figure C.2) and inefficacy (Figure C.3) range
in which the haematological parameter falls. As in this case study a toxicity
range was not defined for HCT, only functions in Figure C.1 and Figure C.3
were used for this haematological parameter.
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Efficacy
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Figure C.1: Reward function adopted to evaluate the derivative of PLT,
WBC and HCT when their values fall within the efficacy range (i.e., PLT €
[150,400] x 10°/L,WBC € [4,10] X 10°/L, HCT < 45% ).

Values are
reported in the [0,5] scale accordingly to weights in Eq. 24.
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Figure C.2: Reward function adopted to evaluate the derivative of PLT and
WBC when their values fall within the toxicity range (i.e., PLT <
150 x 10°/L, WBC < 4 x 10°/L). This function was not applied to HCT
derivative as a toxicity range was not defined for this parameter. Values are
reported in the [0,5] scale accordingly to weights in Eq. 24.
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Inefficacy

Derivative

Figure C.3: Reward function adopted to evaluate the derivative of PLT,
WBC and HCT when their values fall within the inefficacy range (i.e., PLT >
400 x 109/L, WBC > 10 x 10°/L,HCT > 45%). Values are reported in the

[0,5] scale accordingly to weights in Eq. 24.

C.2. Givinostat PK-PD modelling framework

C.2.1. Population model of givinostat PK

The PK model for givinostat is a two compartmental model with a lagged
first order absorption for oral administration and elimination from central
compartment [45]. Table C. 1 reports the values of model parameters. A Log-
Normal distribution was assumed for all the model parameters. Givinostat
clearance (CL) is influenced by individual body weight scaled by median

weight in the population which was equal to 77 Kg (Eq. C.1).

L = (Wel'ghti>9Weight
T\ 77
(C.1)
Table C. 1: Parameter values of Givinostat population PK model.
o . Variance of

Parameter | Description Unit Value nv, Q2
CL/F Apparent clearance L/h 181 0.083

Apparent volume of
V2/F distribution of central | L 171 0.490

compartment
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Apparent inter-

Q/F compartment L/h 33.3 -
clearance
Apparent volume of

V/F distribution of L 491 0.070
peripheral
compartment

Ka Absorption rate 1/L 0.233 0.058

ALAG Lag time h 0.221 -

' Body Weight
Oweignt covariate effect i 0.402 ]

C.2.2. PK-PD modelling of givinostat effect on PLT, WBC and

HCT

Givinostat myelosuppressive effect on blood cells was described by a
joint Friberg model for PLT, WBC and HCT as illustrated in Figure C.4 and
Eq. C.2 [45,156]. The values of model parameters are reported in Table

S2.2.
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Figure C.4: Schematical representation of givinostat population PK-PD

model.
dProl(t) Circy \'
—a - kpror * Prol(t) - (1 — Egrug (t)) . (Circ(t)) — k¢ Prol(t)
dTransit,(t)
—a - ke - Prol(t) — k. - Transit,(t)
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dTransit,(t) ] )
S T k¢ - Transity(t) — k¢, - Transit, (t)
dTransit;(t) ) ]
S T k¢ - Transit,(t) — kg, - Transit;(t)
dCirc(t
T() = ki - Transits(t) — ki - Circe(t)

Egrug(t) = Slope - conc,(t)
Prol(0) = Transit,(0) = Transit,(0) = Transit;(0) = Circ,

N+1
ki = kprol = keire = W'

with N = number of transit compartment = 3.

(c.2)

Table C.2: Parameter values of givinostat population PK-PD model.

Parameter | Description PLT WBC HCT
Value
MTT Mean Transit
Time (h) 297 319 610
Circo Steady state
circulating level | 670 15 46.1
(10°/L for PLT and
14 Feedback 0.142 0.097 0.21
Slope Drug potency
(L/ng) 3.74 1.94 0.313

Inter-Individual Variability (ITV), Q

Omega Variance 0.085 0.017 0.095
MTT (CV%) (29.7) (13.0) (31.5)
Omega Variance 0.082 0.118 0.002
Circo (CV%) (29.2) (35.3) (4.78)
Omega Variance 0.167 0.079

y (CV%) (42.6) (28.6) 0 fixed
Omega Variance 0.199 0.142 1.27
Slope (CV%) (47.0) (39.0) (160)
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Correlation Between 11V

Omega Covariance 0.038

2,1 (Correlation) (1.000) - S —
MTTPLT/ MTTWBC

Omega Covariance 0.1

(8,7) (Correlation) (0871) 490 | --- . o o
Ypir/Ywace

Omega Covariance 0.106

(11,10) (Correlation) (0.628) | 43.0 | --- S —
SlopepL1/Slopewsc

Omega Covariance 0.238

(12,10) (Correlation) (0.473) | 497 | -—- — |- -
SlopepL1/Slopenct

Omega Covariance 0.225

(12,11) (Correlation) (0.530) | 430 | --- I —
Slopewsc/Slopenct

C.2.3. Steady-state analysis of givinostat PK-PD model

A steady-state analysis of the joint PK-PD Friberg model was performed
to characterize a priori the response to givinostat treatment for each patient.
Assuming a constant concentration for givinostat, i.e., conc, (t) =c, the

equilibrium

points

of

system

(Prol, TTanSltl,TTanSltz,TTaTlSlt3,ClTC) can be derived zeroing the
differential equations in Eq. C2. It follows that they have to satisfy the

relationships:

(c.3)

(c.4)

(C ircy
Circ

Y
_) =1— - Slope.

Prol = Transit; = Transit, = Transit; = Ciurc

These relationships hold for PLT, WBC and HCT. Considering the daily
exposure of givinostat, i.e., AUCy_,4, = C - 24h = Dose/CL, we can express
¢ as ¢ = Dose/(CL - 24h), and, replacing it in Eq. C.4, we obtain:
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il

D = CL - 24h -
os¢ Slope

(c.5)

Therefore, given individual PK-PD parameters and the target range of
each biomarker, Eq. C.5 can be applied to compute the theorical dosing
window leading to the complete haematological response. As will be
discussed in Supplementary Materials S3, this result will be adopted to
define the virtual population on which the methodology will be applied.

C.3. Generating a virtual population of
Polycythemia Vera patients

The aim of this section is to provide a comprehensive description of the
steps followed to generate the virtual populations of PV patients used as
training and test sets for the QL-agents. As illustrated in Figure 25, the
QLpop agent was trained on a pool of 98 virtual patients and then evaluated
on 10 test sets of different PV patients sharing the same givinostat PK-PD
response dynamics. Therefore, each test set and the training virtual
population were generated using the procedures illustrated in this section.
Differently, as detailed in section 4.1.2.6, the QLind-agents were applied to
tailor the treatment of the individuals in QLpop-training set.

To generate a plausible virtual population of PV patients, it was necessary
to assume a probability distribution for the only covariate included in the
givinostat PK-PD i.e., body weight (WT) affecting the givinostat CL (Eq.
C1). In particular, it was hypothesized that WT~(77,16%) according to
distribution of body weight in PV patients on which the model was originally
built [45]. Then, the following steps were implemented:

e Given the distributions of PK-PD model parameters (section C.2)
and patients body weight WT an initial pool of 500000 virtual patients
(i.e., 500000 sets of individual PK-PD model parameters and WT) was
randomly extracted.

e For each virtual patient a theoretical dose window was defined for
PLT, WBC and HCT with Eq. C2. In particular, lower and upper
bounds of therapeutic ranges were obtained by replacing Circ with the
efficacy range limits (i.e., PLT € [150,400] x 10°/L , WBC €
[4,10] X 10°/L, HCT < 45%)).

e The three dose ranges obtained for PLT, WBC and HCT, were used
to classify PV patients in:

o Theoretically responders (57.10%): if the intersection of
the dose windows of PLT, WBC and HCT is not-empty
and includes levels lower than the maximum tolerated
dose of 200 mg/day.
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o Theoretically not responders (42.90%): if the
intersection of the PLT, WBC and HCT dose windows:

" is empty;
* is not empty but it includes only dose higher than
200 mg/day;

e Under the assumption that an ineffective drug would never be
selected for the treatment of a certain disease, only theoretically
responders were considered for the analysis.

e Theoretically responders were subdivided into 14 groups (Table
S3.1) based on which available givinostat doses are included in the
intersection range previously defined.

Table C.3: Groups defined according to givinostat theoretical optimal dose.

Group Description

<50 The upper bound of the intersection
range is below 50 mg/day.

50 50 mg/day is the only dose falling
within the intersection range.

75 75 mg/day is the only dose falling
within the intersection range.

100 100 mg/day is the only dose falling
within the intersection range.

125 125 mg/day is the only dose falling
within the intersection range.

150 150 mg/day is the only dose falling
within the intersection range.

175 175 mg/day is the only dose falling
within the intersection range.

200 200 mg/day is the only dose falling
within the intersection range.

50,75 50 and 75 mg/day are the only doses
falling within the intersection range.

75,100 75 and 100 mg/day are the only doses
falling within the intersection range.

100,125 100 and 125 mg/day are the only
doses falling within the intersection
range.

125,150 125 and 150 mg/day are the only
doses falling within the intersection
range.

150,175 150 and 175 mg/day are the only
doses falling within the intersection
range.
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175,200

175 and 200 mg/day are the only
doses falling within the intersection
range.

e A further stratification of theoretically responders was introduced
their baseline characteristics (i.e.,
CircOpyr, CircOy e, CircOyor parameters), as reported in Table S3.2.
The condition with normal values of all CircOp;r, CircOy g and
CircOycr 1s missing as all PV patients have at least one haematological
parameter not in the target range at baseline [45].

according

to

Table C.4: Groups defined according to PV patients baseline conditions.

Baseline characteristic within normality range | Group
(Yes/No)

CircOp,r CircOypc CircOyer

No No No C1

Yes No No C2
Yes Yes No C3

No Yes No C4

No Yes Yes Cs

No No Yes Cé6
Yes No Yes C7

e The 7 groups defined in Table C.4 were combined with the 14
categories listed in Table C.3, thus defining 98 subgroups of theoretical
respondent virtual patients.
e As illustrated in Figure S3.1, each virtual population was obtained
by randomly sampling one individual for each of the 98 subgroups.
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Figure C.5: Stratified random sampling strategy for building the final virtual

population.

C.4. QL algorithm hyperparameters

Table C.5: Hyperparameters used to train the QLpop-agent.

Hyperparameter Value
Number of iterations 50000
Learning Rate 0.1
Discount Factor (y) 0.99

Probability of e-greedy strategy

€ = max (0.3, exp (i ’ (_ 112(?632))))

with i being the current iteration
number

Table C.6: Hyperparameters used to train the QLind-agents.

Hyperparameter Value
Number of iterations 50000
Learning Rate 0.1
Discount Factor (y) 0.97

Probability of e-greedy strategy

€ = max (0.3, exp (i ’ (_ 112(())63;))))

with i being the current iteration
number
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C.5. Tuning the reward function to learn a unique
adaptive dosing protocol for the whole population
with QL

The aim of this section is to provide a comparison of the performances of
the QLpop-agent characterized by the first reward (Eqgs. 23-33), abbreviated
here with Rew1l) and by the second one with a smoother penalization on
severe toxicities (Eqs.38-40, abbreviated here with Rew2). This assessment
was performed on the training virtual population, which is the same in both
the cases.

The effect of the two reward functions on the QLpop-agent policies can
be seen in Figure C.6. For Rewl (Panel A) and Rew?2 (Panel B), the median
(black line) and 90% C.I. (shaded blue area) of the individual profiles in the
population are reported. Due to the strong penalties assigned to the severe
toxicities in Rewl1 (i.e., reward=0, Eq.4), the corresponding QLpop-agent
avoided the choice of higher dose levels and totally discouraged the use of
the maximum tolerated dose (i.e., 200 mg/day) (see the distribution of each
dose levels within the eight months timeframe reported in Figure C.7). Form
one hand, this conservative dose strategy prevented a longer permanence of
PLT and WBC below 75 X 10°/L and 3 x 10%/L (red shaded area in Figure
C.6), respectively, from the other hand it was unable to satisfying bring the
haematological parameters in the efficacy range.
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Figure C.6: Effect of Rew1 (Panel A) and Rew?2 (Panel B) reward functions
on the performances of the QLpop-agent. Results are summarized in terms of
median (black line) and 90% C.I. of individual profiles within the population
(blue shaded areas). Yellow, green, orange and red shaded areas, represent
inefficacy, efficacy, moderate and severe toxicity ranges of each
haematological parameter.

183



Supplementary Materials of Chapter 4

A

BN
N oo

Time of Dose Adjustment [days]

justment [days]

0
1.02
1.02

6.122
7.143
1.02
1.02
4.082
2.041
3.061
1.02
1.02
5.102

7.143
3.061
3.061
3.061
1.02
5.102
1.02
5.102

% of Administered Doses

28.57

ROV 2950 ECRE
5102 WEEECM 35.71

| 2959 |

36.73
36.73

34.69

41.84
42.86

40.82
50

5.102
9.184
5.102
8.163
9.184

50

27.55
75 100

Doses [mg/day]

42.86

6.122
5.102
5.102
3.061
3.061
4.082
4.082
4.082
4.082

125

0

6.122
6.122

0
0
0
0
0
0
0
0
0
0
0
0
0
0

150 175 200

% of Administered Doses

6.122
7.143

75 100

Doses [mg/day]

125

150 175 200

Figure C.7: Distribution of doses administered by the QLpop-agents with
Rewl (Panel A) and Rew2 (Panel B) reward functions for each treatment

cycle.
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This appendix contains further information on the application of the
individually tailored MIRL approach (section 2.2.2) on the axitinib/anti-
hypertensive medication precision dosing problem presented in Chapter 5.

D.1. Empirical Pop-PK-PD-OS model for the co-
administration of axitinib and anti-hypertensives

As illustrated in Figure D.1, an empirical PK-PD-OS model was
developed to describe the PK-PD processes of AX-AH co-administration and
the impact of the anticancer treatment on patient survival probability. This
modelling framework was obtained by combining two already published
models, one characterizing AX PK-PD-OS and another one AH PD effect on
diastolic blood pressure (dBP) [131,157].
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Figure D.1: Schematical representation of the final PK-PD-OS modelling
framework used to characterize AX-AH co-administration.

More in details, the original AX PK-PD-OS model directly links the effect
of AX on efficacy biomarkers by leveraging drug daily exposure (AU Cpgiry)
due to the very short half-life of this compound [126]. AUCp;,, increased
dBP levels and lowers the plasma concentration of the soluble version of
VEGFR (sVEGFR). The modelling framework in [126] considers only a
particular sVEGFR, sVEGFR-3, to describe the anti-angiogenic effect of AX
in the tumor, which is measured as the sum of the longest lesions diameters
(SLD). Finally, in the OS model, only SLD was found significantly
impacting on patient survival probability.

Due to the absence of PK-PD models on AX-AH co-administration, the
PD model describing AH effect on dBP during levatinib treatment was
integrated in the AX PK-PD-OS framework [131]. This was fundamental to
simulate the therapeutic problem optimization in a more realistic scenario,
as AH are often administered during AX treatment [130]. Of course, this
empirical approach introduces an additional hypothesis not fully validated to
the modelling framework. However, this hypothesis is supported by the fact
that the introduced AH effect model was estimated on data coming from the
co-administration with a compound belonging to TKI family, as Axitinib.

The following subsections will provide a detailed description the
components of the adopted modelling framework.

D.1.1. PK model of axitinib daily exposure

For the sake of simplicity, since the driver of AX PD is its daily exposure,
in this section only the elements necessary to compute the values and the
variability of the AUCpg;;,, Will be presented. A comprehensive description
of the complete AX PK model can be found in [126].

AX AUCpqjiy is computed by applying Eq. D1, where F represents the
bioavailability. The PK model assumes that CL is lognormally distributed
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and part of its IIV is described by the following categorical covariates:
Age>60/Age < 60, Race Japanese/Not Japanese, Active Smoke
Status/Inactive Smoke Status. Table D.1 reports the estimated AX PK
parameters with their IIV in the population.

Dosepgip, - F
( AUCdaily = Z+lly

CLtypical = CLpop : (1 - .BAge : Age60) :
: (1 - BRace ' Race]apanese) ’ (1 + ﬁsmoker ’ SmkoeActive)

(D.1)

Table D.1: Parameter values of AX PK model. CL IIV is expressed as CV of
the lognormal distribution.

Parameter [units] Estimated Value
CLyop[L/h] 14.6
F 0.402
Bage 0.213
Brace 0.249
.Bsmoker 1.02
CV of IIV on CL [%] 59.9

D.1.2. PK-PD model of axtinib effect of dBP

In [157], AX effect on dBP is described through an E,,,, model which is
driven by AUCyq;1y (Eq. D.2).

ddBP

—ar ~ Rinase- <1 +
1

kout,dBP = W'Rin,dBP = kout,app - Baseg, Sy = Emax/AU Cs
dBP(0) = Base,

Emax ’ SO ’ AUCdaily
Emax + SO ' AUCdaily

) - kout,dBP -dBP

(D.2)

In the original work, PK-PD model parameters of dBP were estimated on
a population of Japanese individuals which were normotensive at baseline,
accordingly to treatment eligibility criteria. Moreover, in the model building
and parameter estimations, only data of the first treatment cycle were used
to exclude patients taking anti-hypertensive to control AX-induced
hypertension. IIV was applied only on the baseline dBP, Base,, which
follows a logormal distribution. To describe the skewed distribution of
Base,, random effects were remapped trough a Box Cox transformation with
shape parameter ¢p. Table D.2 summarizes the PK-PD model parameter
values of dBP.

187



Supplementary Materials of Chapter 5

Table D.2: PK-PD model parameter values of dBP.

Parameter [units] ‘ Estimated Value
PD parameters
Basey[mmHg] 78.9
o[-] -5.42
MRT [days] 4.92
Epaxl—] 0.197
SolL-h™t-ug™1] 0.00127
CV of IIV on Base, [%] 6.7

D.1.3. Empirical AX-AH PK-PD model of dBP

The modelling framework introduced in the previous section does not
describe the effect of AH medications administered to compensate for AX-
induced hypertension. Therefore, a PK-PD model describing the co-
administration of a TKI compound (i.e., levatinib) with AHs was integrated
within AX PK-PD model of dBP by modifying Eq. D.2 as follows:

(ddBP . (1 s Emax * So - AUC) 1 N iBP
dt ~— maBP Emax +So - AUC) 1+ 64y -DDE ~ °Ub9BP
DDE = ZN DD;
9 ~ L; SDD;
koutapp = W!Rin = koutapp - Basey, Sy = Emax/AU Cs
\ dBP(0) = Base,.
(D.3)

In particular, DDE is the daily dose equivalent which represents the
cumulative daily dose of all N AH drugs taken by the patient. For the i-th
AH, the daily amount, DD;, is normalized by its standard daily dose, SDD;,
defined by WHO [158]. 8,4, representing the AH lowering effect on dBP,
was fixed to 0.036 [-], which is the value estimated in [131].

Thus, replacing Eq.D.2 with Eq. D.3 allows to simulate the effect on dBP
of AX- AH co-administration.

D.1.4. PK-PD model of axitinib effect on sVEGFR-3

Similarly to dBP, an indirect response PK-PD model was adopted also for
AX effect on sVEGFR-3 [157]. In particular, the AX AUCpg;;y decreases the
production rate of sVEGFR-3 concentration, R, svpgrrs » With a saturation
of the inhibition effect (Eq. D.4):
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dsVEGFR3 _ R 1 1 i VEGFR3
dt = Rin sVEGFR3 AUCso svecrrs + AU CDa”y out,sVEGFR3 " S
1
kout,sVEGFRB = W» Rin,sVEGFR3 = kout,sVEGFR3 -SVEGFR3,,
sVEGFR3(0) = sVEGFR3,
(D.4)

Table D.3 reports the parameter values of the PK-PD model on sVEGFR-
3. IV was assumed to be lognormally distributed.

Table D.3: Parameter values of PK-PD model for sVEGFR3

Parameter [units] Estimated Value

SVEGFR3,[pg/mL] 78.9
AUCso,svEGrr3 [1g - h/L] 717

MRT [days] 5.76

CV of IIV on sVEGFR3,[ %] 49

CV of IIV on AUC5q [%] 45

D.1.5. PK-PD model of axitinib effect on SLD

In the modelling framework developed in [157], AX indirectly affect
tumor growth (Figure D.1). As reported in Eq. D.5, the sum of the longest
SLD is directly linked to the concentration levels of the sVEGFR3. In
particular, the relative decrease of sVEGFR3 with respect to its baseline
value (SVEGFR3,), SVEGFR3,.; (Eq. D.6), is used in the model to describe
the tumor growth inhibition. This effect is time varying as it follows an
exponential decay governed by 4 .

dSLD Lt
T = kg -SLD — kSVEGFR3 . SVEGFRBTel e - SLD
SLD(0) = SLD,
(D.5)
VEGFR3... = SVEGFR3, — sVEGFR3
S rel = SVEGFR3,
(D. 6)

Table D.4 summarizes the estimated values of PK-PD model parameters
for SLD. IIV is lognormally modelled also in that case. In the original model,
the initial tumor size, SLD,, was fixed to the baseline observation [157].
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Table D.4: Values of PK-PD model parameters for SLD.

Parameter [units] Estimated Value
kg [week™1] 0.00361
kgvecrr[week 1] 0.176
Aweek™1] 0.101
CV of IV on kg [ %] 160
CV of ITV on A[%] 72

D.1.6. PK-PD-0OS model of axitinib

Hazard rate of death was modelled leveraging a loglogistic function for
baseline risk. SLD effect was introduced in the model by considering a
multiplicative term exponentiating the product Ss;p - SLD (Eq. D.7).

11,
V.ty
h(t) = yr-t —- gPsLp-SLD P =eho
r(1+@-or)

(D.7)

In particular, fs;p represents the increase in the hazard rate of death due
to Imm increase of SLD. Table D.5 reports the values of the OS model
parameters.

Table D.5: Parameter values for the OS model.

Parameter [units] Estimated Value
BO [_] 7.09
v[-] 0.298
BsLp[mm™?] 0.0115

D.1.7. Assumption on AH medications following steady-state
analysis of dBP PK-PD model

A mathematical analysis of the dBP modelling framework was performed
considering the steady state. From Eq. D.3, it is possible to derive the
expression of dBP at steady state, dBPqg, as a function of AX AUCpgy:

Emax'AUCDaily ) 1

dBPSS =Baseo'<1+ .
AUCs0+AUCpqiry 1+6 4y4-DDE

(D. 8)
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Considering AX monotherapy (i.e., AH=0 in Eq. D.8), the effect of the
anticancer treatment on dBPss, dBPggsepnax, 18 described by the following
Eqx model (Eq. D.9):

E. ‘AUCpqil
dBPBase/\AX :Baseo' 1+—max atd .
AUC50+AUCDa”y

(D.9)

Following the eligibility criteria in [117,125,127,128], all patients are
normotensive before starting treatment (i.e., Basey, < 90mmHg ).
Furthermore, under the assumption of reaching AX E,,,, effect, by replacing
the values of the parameters in Eq. D.9, dBPggsepax Will be < 107.7mmHg.
Therefore, according to this computation, it is impossible to observe, in these
patients, a dBP higher than 107.7mmHg during AX treatment. It is
reasonable that the effect of AH medications on dBPggsenax, AHeffect (EQ.
D.10), allows to counteract the maximum AX-induced increase by bringing
dBP within the target range of 90 to 100 mmHg.

Consequently, the available AH daily dose equivalent (DDE) levels were
set to {0, 1, 2, 3, 4}. Indeed, by replacing DDE values in Eq. D.10, AH
medications allow 4-13% reduction in dBPggsepax, Which is sufficient to
bring dBP back into the [90,100] mmHg range, even in the worst-case
scenario (i.e., when dBPggsepax= 107.7 mmHg).

1
Alesrece =16, - DDE

(D. 10)

D.1.8. Steady-state analysis of SLD PK-PD model

Since the SLD model directly depends on sVEGFR3 levels (Eq. D.5 and
D.6), it is first necessary to derive the steady-state level of sVEGFR3,
SsVEGFR3,. By zeroing Eq. D.4, the expression of sSVEGFR3 is obtained
(Eq. D.11).

SVEGFR3g5 = SVEGFR3, - (1 - AUCpatty )

AUCs0,svEGFR3tAUCpgily
(D.11)

By replacing the expression in Eq. D.11 in Eq. D.6, the relative shift from
SsVEGFR3, at steady state, SVEGFR3,.;ss, 1s obtained (Eq. D.12).

AUCDaily
AUCs0,sveGrrs T AUCpqiry

SVEGFRST‘el.SS ==

(D.12)
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Then, by setting Eq. D.6. equal to zero and replacing sVEGFR3,,;
SVEGFR3,.;ss, Eq. D.13 is obtained.

AUCDaily )
SLDss - (K, — K, - e =
55 ( 9 7% AUCsgsverrs + AUCpauy

(D.13)

In particular, the time at which AX is no longer effective, ti,.rf, can be
obtained by solving Eq. 13 with respect to t and using the AUCpqiryjax=10
i.e., the AUCp,jjy following an AX administration of 10 mg b.i.d. (Eq. 14).

1 In < kg AUCsosvecrrs + AUCDaily)
k

tineff = —=-
teff A SVEGFR3 AUCDaily

(D.14)
D.2. Generation of the virtual test population

D.2.1. Statistical distributions of patient covariates

Virtual patients covariates were described by statistical distributions
whose parameters were fixed considering the population used in [126,157]
to develop the AX PK-PD-OS modelling framework. This strategy allows to
generate a virtual test population coherent with the real patients used to
estimate model parameters.

As reported in Eq. D.1, covariates were introduced in the model to explain
part of AX CL IIV. More specifically, Age, Japanese Race and Smoker status
were included in the final PK model [126]. Since the AX PK-PD-OS model
was originally identified only on Japanese patients, this covariate was fixed
in the virtual population.

Smoker status was extracted from a binomial distribution with
p(Active Smoke Status) = 0.5 as information on its distribution were not
reported in AX literature works [125-128].

In the dataset on which the AX PK-PD-OS model was identified, median
age was 63 years, and its range was [34,80] years. Therefore, it was assumed
that Age~ N(63,7.24) with standard deviation approximated by
(median —min)/4 . Moreover, the underlying standardized normal
distribution of age was truncated between [-4,2.34]. As illustrated in Figure
D.2, this strategy allowed to extract age samples falling in the [34,80] years
range with a median of 63 years, approximately.
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Figure D.2: Histogram of the distribution of ages in the virtual population.
Samples of age were generated by sampling from a normal distribution with
parameters i = 63 [years] and o = 7.25[years].

In the original AX PD-PD-OS model (section D.1.5) the measured tumor
sizes were used as the initial point of SLD dynamics (SLD,). However, the
distribution of SLD, was not reported in [157]. Therefore, it was assumed
lognormally distributed as described in Eq. after a qualitative extrapolation
from the plots in [157].

SLD, = 100 - e®, with w~N(0,0.52)

(D.15)

D.2.2. Stratified random sampling to generate the virtual
patient population

By considering all sources of IIV on both parameters and covariates
(section D.2.1 and tables D.1-4), a virtual population of 100,000 patients was
generated. Then, Eq. D.9 was applied to compute the dBP at steady state for
each AX dosage (i.e., 2,3,5,7,10 mg b.i.d.) and each subject in the virtual
population. The analysis led to identify the following groups based on
patients dBP levels at steady state:

e Group 1: 39.18 % of patients cannot reach the target dBP range
[90,100) mmHg, even with the highest AX dose (10mg b.i.d.).
According to their baseline dBP values, patients were split into three
subgroups (Group 1.1 if baseline dBP<70 mmHg, Group 1.2 if
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baseline dBP in [70,80) mmHg range, Group 1.3 if baseline dBP in
[80,90) mmHg range);

e Group 2: 55.6% of patients can reach the target dBP range
[90,100) mmHg when treated with the highest AX dose (10 mg b.i.d.).
According to their baseline dBP values, patients were split into three
subgroups (Group 2.1 if baseline dBP in [70,80) mmHg range, Group
2.2 if baseline dBP in [80,90) mmHg range);

e 8.35% of patients can reach the target dBP range [90,100) mmHg
when treated with doses lower than 10 mg b.i.d. However, when they
are treated with all the higher doses, moderate toxicities occur (dBP
range [100,105] mmHg):

o Group 3.1: 0.5%, 2 mg b.i.d.

o Group 3.2: 1.32% 3 mg b.i.d.

o Group 3.3: 1.31% 5 mg b.i.d.

o Group 3.4: 1.74% 7 mg b.i.d.

e 0.075% of patients has at least one AX dose that can cause a
dangerous hypertension condition (> 105 mmHg). In particular:

o Group 4.1: 1 subject in which that happens starting from
2 mg b.i.d. of AX. Therefore, all the doses lead to severe
hypertension.

o Group 4.2: 6 subjects in which that happens starting from
a 3 mg b.i.d. of AX. None of them can reach the target
range with lower doses.

o Group 4.3: 6 subjects in which that happens starting from
a 5 mg b.i.d. of AX. None of them can reach the target
range with lower doses.

o Group 4.4: 14 subjects in which that happens starting
from a 7 mg b.i.d. of AX. None of them can reach the
target range with lower doses.

o Group 4.5: 41 subjects in which that happens at 10 mg
b.i.d. of AX. None of them can reach the target range with
lower doses.

o Group 4.6: 7 subjects in which that happens at 10 mg
b.i.d. of AX. However, a dose of 2 mg b.i.d. is sufficient
to reach the target range.

e Group 5: 0.24% of patients will experiment a moderate
hypertension (range [100,105] mmHg) for all the AX doses.

Then, for each patient in the 16 dBP response groups, Eq. D.14 was
applied to compute the time from which AX loses its efficacy. These values
were stratified in 5 scenarios depending on the cycle at which AX becomes
ineffective. Therefore, as reported in Table D.6, patients were stratified
according to both their dBP and tumor resistance patterns.
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Table D.6: Percentages of patients in the groups obtained from the
stratifications based on dBP response and time of complete loss of AX

efficacy.
dBP Time at which AX is no longer effective
response | <6 cycles | 6-12 12-18 18-24 >24
Group cycles cycles cycles cycles
Group 1.1 | 42.71 29.76 13.33 6.26 8.94
Group 1.2 | 44.35 29.08 12.94 6.10 7.53
Group 1.3 | 55.01 25.01 10.42 4.40 5.16
Group 2.1 | 44.05 30.27 14.24 6.93 4.51
Group 2.2 | 43.24 29.26 13.32 6.29 7.89
Group 3.1 | 37.84 28.89 15.07 8.23 9.97
Group 3.2 | 38.72 29.83 14.75 7.43 9.27
Group 3.3 | 39.09 30.21 14.61 7.02 9.07
Group 3.4 | 39.86 30.47 14.18 6.71 8.78
Group 4.1 | 100 0 0 0 0
Group 4.2 | 50 12.5 25 12.25 0
Group 4.3 | 28.57 33.15 21.43 3.57 13.28
Group 4.4 | 41.05 29.47 9.47 10.52 9.49
Group 4.5 | 38.78 32.25 11.52 10.59 6.86
Group 4.6 | 44.44 18.52 11.11 18.51 7.42
Group 5 35.83 30.53 15.55 7.60 10.49

The virtual population was created by randomly sampling one patient
from each group listed in Table D.6. Since some tumor-dynamics patterns
did not occur in some dBP response group, the virtual population consisted
of 75 patients instead of 80 (i.e., one for all the possible combinations).

D.3. Hyperparameters of QL algorithm

Table D.7 reports QL hyperparameters for the AX-AH co-administration
precision dosing problem. For two virtual patients, when the S&LT-Reward
function was used for the QLind-agents training, the optimal learning rate
was @ = 0.05 and the number of iterations was fixed to 75000.

Table D.7: Hyperparameters for the QL algorithm in the AX-AHs co-

administration.
Hyperparameter Value
Number of iterations 50000
Learning Rate 0.1
Discount Factor (y) 0.95

Probability of e-greedy strategy

€ = max (0.3, exp (i : (— 212%)))

with i being the current iteration
number
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D.4. Supplementary figures for QLind-agents
trained with S&LT-Reward function

100

95 r

a0

dBP [mmHg]

85

012345678 9101112121415161718192021222324
Cycle

drug AH [Morm.Dose] @ AX [mag bid]

MW 00000 GPIOIOIPOIOGIOIOIOGISGOGINIOES

Administared Doses

L PR L R PR R ) |

012345678 9101112131415161718192021222324
Cycle

Figure D.3: Example in which QLind-agent trained with S&LT-Reward is
able to detect patient well tolerating the highest AX dose since the beginning
of treatment
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Figure D.4: Example of QLind-agent trained with ST-Reward personalizing
AX-AH co-administration with a joint up-titration strategy.
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This appendix contains further information on the extensions of the MIRL
approaches presented in Chapter 6.

E.1. Simplified version of givinostat precision
dosing problem

This section provides a detailed description of the simplified givinostat
precision dosing problem applied to investigate the performances of the
Bayesian MIRL approach presented in section 6.1.

As concerns givinostat clinical setting described in section 4.1.1 , the
available drug dose levels were reduced from {50, 75, 100, 125, 150, 175,
200} to {50, 100, 150, 200} mg/day, coherently to the original design of the
early clinical studies on PV patients [45].

The other changes are related to the formalization of givinostat precision
dosing problem as MDP. As done before, patient health status was described
by combining a discrete representation of the observed PLT, WBC and HCT
values with the information on the previous administered dose (PrevDose).
However, the reduction of the available givinostat doses led to change the
PrevDose information within patient state by replacing Eq. 37 with Eq. E1:

PrevDose = {0,50,100,150,200} mg/day (for all treatment stages).

(E1)

In addition, only a single toxicity range, respectively for
thrombocytopenia and neutropenia, was adopted. Thus, Eqs. 34 and 35 were
replaced by Egs. E2 and E3. Differently, HCT was discretized as in Eq. 36.
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1 if PLT,ps < 150 x 10°/L (Thrombocytopenia)
PLTpiser (PLTops) = 4 2 if PLTp, € [150,400] x 10°/L (Ef ficacy)
3 if PLTy,s > 400 x 10°/L (Unefficacy)

(E.2)

1 ifWBCpps < 4 X 10°/L (Neutropenia)
WBCpiser(WBCops) = 42 if WBCpp, € [4,10] x 10°/L (Ef ficacy)
3 ifWBCyps > 10 X 10°/L (Unefficacy)

(E.3)

As concerns action selection, QL-agents were constrained to perform
stepwise dose changes (i.e. increase/decrease by one level, D +/D —) or to
maintain the current dose level (D =) independently by the observed PLT,
WBC and HCT values. Therefore, the onset of severe/moderate toxicities did
not trigger by default the temporary treatment interruption. Indeed, QL-
agents could decide to stop givinostat treatment for at least one cycle (28
days) following a 50 mg/day administration (lowest possible administrable
drug amount. After the temporary interruption, QL decides whether to
resume the treatment with 50 mg/day (fixed) or not. Analogously to the
formalization adopted in Chapter 3, also in this case QL-agents could select
the initial dose for the treatment. Table E.1 summarizes all the constraints
adopted on QL-based action selection.

Table E.1: Summary of constraints introduced on the QL-based action
selection for the simplified version of givinostat precision dosing problem.

PrevDose \ QL-Agent Actions

Initial State

-1 [ 50,100,150,200 [mg/day]
For each value of PLT pisc,r, WBCpiser and HCT piscr

0 D=, D+

50 D =,D+,D —

100 D =,D+,D —

150 D =,D+,D —

200 D =D -

The reward function described in section 4.2.2 was used to train QLind,
QLind-bay and QLpop agents.
E.2. Generation of the virtual population

The stratified random sampling of the virtual patient population used to

evaluate the Bayesian MIRL approach and to train the QLpop-agent was
performed following the procedure detailed in section C.3 of Appendix C. In
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this case, the only difference lies in the definition of patient groups according
to givinostat theoretical optimal dose.

Due to the reduction of the available givinostat doses (section E.1) a
smaller number of response patterns was considered. Specifically, the groups
originally defined by the intersections of the optimal dose ranges for PLT,
WBC, and HCT in Table C.3 were replaced by those in Table E 2.

Table E 2: Groups defined according to givinostat theoretical optimal dose.

Group Description

<50 The upper bound of the intersection
range is below 50 mg/day.

50 50 mg/day is the only dose falling
within the intersection range.

100 100 mg/day is the only dose falling
within the intersection range.

150 150 mg/day is the only dose falling
within the intersection range.

200 200 mg/day is the only dose falling
within the intersection range.

50,100 50 and 100 mg/day are the only doses
falling within the intersection range.

100,150 100 and 150 mg/day are the only
doses falling within the intersection
range.

150,200 150 and 200 mg/day are the only
doses falling within the intersection
range.

Therefore, by combining these groups with the seven in Table C.4, which
are defined according to baseline PLT, WBC, and HCT levels, 56 givinostat
response patterns were identified in this case. For the training set of the
virtual population, one patient was randomly sampled for each of these
groups. Differently, the virtual population on which the Bayesian MIRL
approach was evaluated was generated by randomly extracting two virtual
patients from each of the 56 subgroups.

E.3. QLpop-agent used in the Bayesian MIRL
approach

A QLpop-agent was trained on a heterogeneous pool of 56 virtual PV
patients (see section E.2 for details on its extraction) considering the
formalization of givinostat precision dosing problem in section E.1 and the
treatment duration of 8 months, i.e., the average time to achieve a stable
complete haematological response [45]. Table E.3 and Table E.4 report
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algorithm hyperparameters and the QLpop-agent performances on the
training population, respectively. To evaluate the generalizability of the
QLpop-based dosing protocol, the QL-based dosing strategy was applied and
benchmarked was and benchmarked by the clinical protocol on the 112-
patients virtual population used for the Bayesian MIRL. From the results in
Table E.3, it emerges that QLpop-agent reached similar efficacy
performances to the clinical protocol, thus confirming a with the good
generalizability of the learnt dosing protocol.

Table E.3: Hyperparameters of QL algorithm used to train QLpop-agent.

Hyperparameter Value

Number of iterations 50000

Learning Rate 0.1

Discount Factor (y) 0.99

Probability of e-greedy strategy € = max (0.3, exp (i . (_ In0.3 )))

25000

with i being the current iteration
number

Table E.4: Comparison between the QLpop-agent and givinostat clinical
protocol on the training virtual population.

QLpop-agent ‘ Clinical protocol
PLT response rate at 8" month [%]

96.4 [ 91.2%

WBC response rate at 8" month [%]

96.4 [ 91.2%

HCT response rate at 8" month [%]

92.8 [ 89.5%

CHR at 8" month [%]

86.0 | 75.0%

Median time needed to achieve a first CHR [days] (standard
deviation)

40.5 47.5

(28.98) (27.45)

Table E.5: Comparison between the QLpop-agent and givinostat clinical
protocol on the 112-patients virtual test population

QLpop-agent \ Clinical protocol
PLT response rate at 8" month [%]

88.39 1 90.1%

WBC response rate at 8" month [%]

91.0 1 90.1%

HCT response rate at 8" month [%]
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93.7  87.5%

CHR at 8" month [%]

74.7 | 74.1%

Median time needed to achieve a first CHR [days] (standard
deviation)

47 51

(26.1) (26.7)

E.4. Hyperparameters of QLind and QLind-bay
agents

Table E.6: Hyperparameters used to train QLind and QLind-bay agents.

Hyperparameter Value

Number of iterations 50000

Learning Rate 0.1

Discount Factor (y) 0.97

Probability of e-greedy strategy | _ _ .. (0_3’ exp (i _ (_ lnﬁ)))

10000

with i being the current iteration
number

E.5. Prioritized Sweeping QL

The original formulation of Prioritized Sweeping QL proposed for a
deterministic system is reported in Algorithm E.1 [76]. Its extension to a
stochastic system can be obtained by using Eq. 55 instead of the canonical
QL update formula (Eq. 14). The attention to be given at a certain s, a couple
is regulated by the threshold ¥ which is a model hyperparameter.

Algorithm E.1: Pseudocode of Prioritized Sweeping QL algorithm

Given: set of N states, set of M actions, learning rate «, discount factor y,
a probability €, a maximum number of training iterations I, selective
memory E, transition memory D, attention threshold i
init Q matrix arbitrarily, empty E
loop for each episode (I times):
Set the current system state to S,
loop for each decisional time step ¢:
p < uniform random number € [0,1]
if p<e
Select action A; randomly
else
A <« argmax, Q(S;,a)
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Perform A; on the system
Observe next state S;,; and reward R;,4
Store if absent < S;, A¢, S¢41, Reyq >in D
U= |Rey1 +vy -maxg Q(Stq1,a) — Q(S, Ap)|
ifu >y
descending storage of S;,A; in E according to U
loop while E is not empty (K times):
Sk, Ak « first(E)
Perform A¥when the system is in S¥
Observe next state S¥, ; and reward RE, ,
Q(S¢,AY) =
Q(SE AR) + a- [Rfyy +y - maxg Q(Sfiy, a) — Q(SE, AD)]
Remove S¥, A¥ from E
loop for each S/, A/ in D leading to S¥:
Get the reward R/, , for S/, A} from D
U = |Rl,, +7 - max, (st a) - Q(5u42)]
ifu >y
descending storage of S/, A} in E
according to U
Set current system state to Sy

E.5. Vancomycin Pop-PK model

In this section, a description of the vancomycin Pop-PK model published
in [137] and integrated in the EQL framework (sections 6.2.1 and 6.2.3) is
presented. A one compartment model was used to describe vancomycin PK
in a population of ICU patients having a continuous infusion regimen. 11V
was described with a log-normal distribution, body weight and urinary
creatinine clearance (CrCL) were included in the model to describe the
variation of volume distribution and clearance, respectively (Egs. E.4 and
E.5).

V = 0y, - Weight - exp (ny) , with n,~N (0, w3)
(E 4)
CL =06¢ - (CrCL/lo()) - exp (N¢y), with 9, ~N(0, wé)).

(E.5)

The observed vancomycin values, z, are linked to model prediction, y,
through a RUV model combining an additive and a proportional term (Eq.
E.6).

z=y-(1+¢€) + €, with ;,~N(0,0%) and €,~N (0, 52)

(E. 6)
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The parameter values of vancomycin Pop-PK model are reported in Table

E.7.

Table E.7:Parameter values of vancomycin Pop-PK model.

Parameter Units Value
OcL L/h 4.58
Ovor L/Kg 1.53
wy - 0.374
W, - 0.389
o2 - 0.199
o2 mg/L 2.4

E.6. Algorithm Hyperparameters

Table E. 8: Training hyperparameters of QLdet-agent.

Hyperparameter Value
Number of iterations 50000
Learning Rate 0.1
Discount Factor (y) 0.999

Probability of €

strategy

-greedy

e = max (03, exp (i- (~ 222)))

with i being the current iteration
number

Table E. 9: Training hyperparameters of QLc-agent.

Hyperparameter Value
Number of iterations 50000
Learning Rate 0.1
Discount Factor (y) 0.999

Probability of e-greedy strategy

€ = max (0.3, exp (i : (_%)>)

with i being the current iteration
number

Table E. 10: Training hyperparameters of EQL-agent

Hyperparameter Value
Number of iterations 50000
Discount Factor (y) 0.999

Probability of e-greedy strategy

€ = max (0.3, exp (i . (—%)))

with i being the current iteration
number
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