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I 

Abstract (Italiano) 

In questa tesi è stato sviluppato e poi applicato un framework di modellistica 

traslazionale che ha lo scopo di predire la crescita tumorale e le curve di 

progressione della patologia (PFS) in pazienti affetti da tumore tramite 

l’utilizzo di dati preclinici derivanti da esperimenti effettuati su topi 

immunosoppressi derivati da paziente (PDX). Il framework ha permesso di 

predire accuratamente le dinamiche tumorali sia in pazienti non trattati che 

in pazienti trattati.  Per quanto riguarda il caso senza trattamento, la 

validazione è stata condotta confrontando i tempi di raddoppiamento del 

volume tumorale (TVDT) e le PFS predetti con quelli osservati su un 

pannello di undici diverse tipologie di tumori. Due casi di studio sono invece 

stati utilizzati per validare la predizione delle dinamiche tumorali e la 

predizione delle PFS nel caso di pazienti trattati, i.e., tumore al pancreas 

trattato con Gemcitabina e carcinoma epatocellulare (HCC) trattato con 

Sorafenib. In seguito allo sviluppo dell'approccio traslazionale, abbiamo 

esplorato le sue potenziali applicazioni nella pratica clinica, proponendo due 

applicazioni testate nello scenario HCC-Sorafenib. 

La prima applicazione ha come obiettivo quello di innovare il design dei trial 

oncologici tramite l’integrazione di pazienti virtuali, generati a partire da 

modelli preclinici PDX, attraverso l’approccio traslazionale sviluppato, in 

bracci di controllo ibridi tramite tecniche di dynamic borrowing. Essi 

possono essere una alternativa all’utilizzo di pazienti coinvolti in studi 

clinici diversi da quello in analisi. È stato dimostrato che, nel caso di studio 

in analisi, l'approccio sviluppato è stato in grado di replicare i risultati 

osservati utilizzando bracci di controllo tradizionali, riducendo la necessità 

di arruolare molti pazienti, e migliorando l'efficienza e la sostenibilità della 

sperimentazione oncologica. La seconda applicazione si colloca nell’ambito 

della modellizzazione bayesiana congiunta delle dinamiche tumorali e degli 

esiti di sopravvivenza. Utilizzando il framework per costruire distribuzioni 

a priori informative, questo approccio è stato in grado di migliorare 

l'accuratezza e diminuire i tempi computazionali. Queste applicazioni 

dimostrano il potenziale del framework per migliorare la ricerca clinica e la 

sua rilevanza più ampia in oncologia.



 
 

II 

Abstract (English) 

This thesis develops and applies a translational modeling framework aimed 

at predicting tumor growth and progression-free survival (PFS) in cancer 

patients by leveraging preclinical data from patient-derived xenograft (PDX) 

mouse models. The framework successfully predicts tumor dynamics in both 

untreated and treated patients. Validation was conducted comparing 

predicted tumor volume doubling time (TVDT) and PFS across eleven 

different cancer types for the untreated predictions. Two case studies, i.e., 

pancreatic cancer treated with Gemcitabine and hepatocellular carcinoma 

(HCC) treated with Sorafenib, were used to validate tumor dynamics and 

PFS predictions for patients receiving treatment. 

Following the development of the translational approach, we explored its 

potential applications in clinical practice, proposing two applications tested 

in the HCC and Sorafenib scenario. 

The first application focuses on innovating clinical trial design by integrating 

virtual patients generated from PDX mouse data into hybrid control arms, as 

an alternative to historical patients, using dynamic borrowing techniques. 

This approach closely replicates the outcomes of traditional control arms 

while reducing the need for large patient enrollments, potentially enhancing 

the efficiency and feasibility of cancer trials. 

The second application advances the development of Bayesian joint 

modeling of tumor dynamics and survival outcomes. By utilizing 

informative priors derived from preclinical data, this approach enhances the 

accuracy and speed of parameter estimation in complex models, offering a 

more robust and data-informed method for predicting clinical outcomes. 

These applications demonstrate the framework's potential to improve clinical 

research and its broader relevance in oncology.
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Chapter 1 

1 Introduction 

Cancer is a leading cause of death globally and presents a significant barrier 

to increasing life expectancy. According to the World Health Organization 

(WHO) in 2019, cancer was the primary cause of death before age 70 in 112 

out of 183 countries and ranked third or fourth in another 23 countries [1]. 

This rise in cancer mortality can be partly attributed to the notable decline in 

deaths from stroke and coronary heart disease respect to cancer in many 

regions [2]. However, recent medical advancements have resulted in 

declining absolute mortality rates. According to the American Cancer 

Society's Cancer Statistics 2023 report, overall cancer mortality has 

decreased by 33% since 1991 [3]. Improvements in cancer prevention, early 

detection, and development of novel anti-cancer therapies have significantly 

contributed to this decline in death rates. However, the development of new 

and more effective treatment is still an urgent need. 

1.1. Drug development in oncology 

1.1.1. Stages of oncology drug development 

Drug discovery and development is a long, complicated and expensive 

process aiming to bring safe and effective new treatments to the patients [4]. 

Although, the entire process can be divided into different phases [5, 6] 

(summarized in Figure 1.1), it is highly integrated, with overlap and sharing 

of information across phases that are described hereafter. 
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Figure 1.1 The drug discovery and development process 

 

During the discovery process, the most promising compounds are selected 

based on their potential to target specific biomarkers or mutations in cancer 

cells [7]. The first step in drug development begins with preclinical studies, 

which are essential for evaluating the safety and efficacy of potential 

treatments before they are tested in humans, particularly in the context of 

cancer research [8]. These preliminary investigations are conducted using in 

vitro experiments or animal models to comprehensively assess 

pharmacokinetics (PK), pharmacodynamics (PD), and potential toxicity 

profiles [9]. The primary objectives of preclinical studies include 

establishing a safe starting dose that also demonstrates therapeutic promise, 

identifying any potential adverse effects on organs, and determining whether 

these effects are reversible. 

 

Phase I clinical trials (typically involving 20-50 patients) mark the crucial 

transition from preclinical testing to the first administration of a drug in 

humans and represent a pivotal stage in drug development. Phase I trials in 

oncology primarily aim to establish the tolerability of investigational agents 

across a diverse patient population with various solid tumors. The 

assumption is that tolerance to the drug would be consistent regardless of 

tumor origin, disease stage, or prior treatments. In addition to safety and 

tolerability, these trials include PK assessments to understand the drug 

absorption, distribution, metabolism, and excretion in humans.  Data from 

these trials are used to determine a recommended Phase II dose and assess 

initial safety, guiding further testing [5, 10, 11]. 

 

Phase II clinical trials (typically involving 30-100 patients) are designed to 

assess whether a treatment demonstrates sufficient activity or promise of 

efficacy to warrant further investigation in a Phase III trial. These trials 

usually involve a homogeneous cohort of participants with the same type of 

cancer. The primary objectives include evaluating treatment efficacy through 

endpoints such as tumor response rates or progression-free survival, 

identifying responsive cancer types, refining optimal dosages, and further 
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exploring safety and tolerability profiles. Additionally, Phase II trials 

continue to include PK assessments to further refine dosing strategies and 

better understand the behavior of the drug in the body. Phase II trials may 

also include exploratory assessments like biomarker analysis to enhance 

understanding of treatment mechanisms and potential benefits [5, 12]. 

 

Phase III clinical trials (typically involving multiple hundreds of patients) 

are pivotal in clinical research, aiming to provide conclusive evidence on 

how new treatments compare to the current standard-of-care. These trials 

involve significantly larger cohorts of patients compared to Phase I or Phase 

II trials, often enrolled across multiple hospitals and countries. The primary 

objective is to determine which treatment option offers superior efficacy for 

specific types of cancer, while also thoroughly assessing side effects and 

their impact on patients' quality of life [5, 12, 13]. 

 

Following the successful completion of Phase III trials, the next critical step 

is Regulatory Review and Approval. This involves the submission of a New 

Drug Application (NDA) or a Biologics License Application (BLA) to 

regulatory bodies such as the FDA or EMA. These agencies meticulously 

review the submitted clinical trial data, manufacturing processes, and 

labeling information to ensure the drug safety, efficacy, and quality. This 

phase is crucial as it determines whether a drug can be marketed and made 

available to the public, signifying the transition from experimental treatment 

to standard therapy for patients [5, 14]. 

 

Finally, Phase IV trials (Post-Marketing Surveillance) focus on the long-term 

safety and effectiveness of a drug once it is on the market. These trials aim 

to monitor adverse effects in the broader population and gather information 

on the drug performance in real-world settings. This phase is essential for 

detecting rare or long-term side effects that may not have been evident in 

earlier trials [5, 15]. 

1.1.2. Challenges in oncology drug development 

The current model for developing oncology drugs is marked by high attrition 

rates, with average cost estimates ranging from $765 million to $4.6 billion 

(in 2020 US dollars) [16, 17]. The likelihood of a compound moving from 

initial clinical evaluation to market entry is less than 5%, highlighting the 

difficulties in oncology drug development and the disparities between 

positive preclinical results and later challenges in patient trials. 
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Indeed, the development of oncology drugs presents unique challenges 

compared with treatments for other diseases [18]. For instance, cancer 

patients differ significantly from healthy individuals in demographics and 

physiology, which can alter the PK profile of drugs. Additionally, cancer 

patients typically take multiple medications to manage not only their cancer 

but also comorbidities and treatment-associated side effects, increasing the 

risk of drug-drug interactions and other safety issues. 

 

Furthermore, historically, cancer treatment has relied heavily on cytotoxic 

chemotherapy drugs, leading to standard practices focused on identifying the 

maximum tolerated dose and using toxicity-guided regimens [19]. In 

contrast, modern therapies emphasize targeted treatments, including small -

molecule agents, monoclonal antibodies, immuno-oncology options, and 

their combinations. The development of these new drugs departs from the 

previous cytotoxic paradigm, emphasizing targeted activity and 

toxicity/efficacy-guided dose determination rather than only toxicity-guided 

dose determination [20–23]. To support this transition, more sophisticated 

preclinical models able to mimic the complexity of human cancers more 

accurately, and enhanced translational approaches are essential. 

 

However, despite these advancements in cancer drug development, a 

significant challenge remains in translating preclinical success into clinical 

efficacy. One of the most critical issues is the high attrition rate in drug 

development, where 95% of drugs are discarded between initial human 

testing and approval [24]. Although many new cancer drugs show promise 

in the preclinical and early clinical phases, predicting their success across all 

clinical phases is highly complex. Phase II, in particular, has the lowest 

success rate, with only about 36% of drugs advancing beyond this stage [25]. 

This low success rate underscores a critical issue: the therapeutic index 

hypothesis established during preclinical studies often fails to translate 

effectively to the clinical setting. Consequently, predictions regarding a drug 

efficacy and safety in early-stage trials frequently do not align with outcomes 

in later clinical phases. Several factors contribute to these challenges. 

Notably, the reproducibility of preclinical findings is often limited due to the 

inherent complexity of cancer biology and constraints associated with 

preclinical research tools. Additionally, evaluations of tumor response in 

preclinical models frequently rely on metrics such as tumor size reduction 

following animal sacrifice, which may not accurately reflect the drug impact 

on overall survival [25]. 

Furthermore, the transition from preclinical experiments to clinical trials 

underscores the need for precise endpoint selection tailored to trial phases. 

Early-phase trials generally focus on safety and biological activity, while 

later-phase trials are designed to assess clinical benefits such as survival 
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extension. For instance, early trials may investigate whether a drug reduces 

tumor size, whereas later trials aim to determine whether the drug translates 

into prolonged patient survival. This shift in focus from early efficacy 

indicators to ultimate clinical outcomes illustrates the critical gap between 

preclinical predictions and clinical realities, further emphasizing the 

challenges in bridging the preclinical to clinical gap. 

 

1.1.3. Cancer models in preclinical research 

Experimental systems for studying human cancer encompass a variety of 

models, including 2D cancer cell cultures, 3D cultures, and living organisms 

such as zebrafish, xenograft mouse models, and genetically engineered 

mouse models (Figure 1.3), among others [26]. These diverse models serve 

as essential tools for investigating the biochemical and genetic pathways 

involved in cancer, as well as understanding its underlying pathology [27]. 

 

 
Figure 1.3 Preclinical cancer models. 

 

2D Cancer Cell Cultures 2D cancer cell cultures are widely used as in vitro 

tumor models in oncology. They retain many intrinsic characteristics of 

cancer and demonstrate similar gene expression patterns to primary human 

tumors. Their copy number alterations and transcriptional profiles exhibit 

genomic changes comparable to those found in primary human tumors [28, 

29]. 2D cell cultures are the primary preclinical cancer model due to their 

ease of management, low cost, immortality, limited cellular heterogeneity, 

and high proliferation rates [26]. 



Introduction 

 

 6 

 

3D In Vitro Models 3D in vitro cancer models are emerging as a promising 

approach to bridge the gap between traditional 2D cell cultures and animal 

models. Various 3D models, including spheroids and organoids, have been 

developed, each differing in tumor cell sources, culture protocols, and 

establishment time. These models offer several advantages over 2D cell 

cultures, as they more accurately replicate in vivo tumor features. These 

include natural tumor architecture, cell–cell interactions, nutrient and 

oxygen gradients, drug penetration and resistance, and, to varying degrees, 

the tumor microenvironment [30, 31]. 

 

Zebrafish Models A recent promising model for studying human cancer is 

the zebrafish. Several normal human tumor types have been modeled in 

zebrafish using transgenesis, demonstrating that the molecular mechanisms 

underlying mammalian tumorigenesis also apply in zebrafish. Zebrafish 

cancer models are particularly useful for identifying novel cancer markers, 

differentiating between molecular prognostic biomarkers, and establishing 

their roles in disease development. Their small size, large clutch size, low 

cost, ability to generate hundreds of embryos from a single mating, 

translucent embryos, and ex utero growth enhance their utility as a cancer 

model [32–34]. 

 

Xenograft Models Xenograft models are among the most used animal 

models, in which tumor cells from standardized cell lines are inoculated 

subcutaneously into immunocompromised animals, typically mice or rats. 

Despite ongoing debates about their validity, xenograft models remain 

popular due to their significant advantages: experiments are easy to 

reproduce, and they allow for the evaluation of the behavior and response of 

various tumor lines [35, 36]. To develop a model that more closely mimics 

human tumors and overcome the limitations of standard xenograft models, 

patient-derived tumor xenografts (PDXs) have emerged as valuable tools for 

translational research. In PDX studies, small fragments of primary tumors 

surgically excised from cancer patients are implanted into highly 

immunocompromised mice, allowing for the growth of tumors that closely 

mimic the original patient tumors in terms of histology and genetic profile. 

This model maintains the tumor cellular heterogeneity and 

microenvironment, providing a more accurate representation of the human 

disease. PDXs are particularly valuable for evaluating the efficacy of novel 

therapies, understanding tumor evolution, and studying patient-specific 

responses to treatment [37–40]. 

 

Genetically Engineered Mouse Models (GEMMs) Since the innate 

characteristics and physiology of xenografts do not fully capture the genetic 
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characteristics of human tumors, genetically engineered mouse models 

(GEMMs) have been established. Advances in technology over recent 

decades have enabled researchers to make specific alterations in the genome 

of mice, conditionally or constitutively changing the expression of important 

genes that lead to the development of specific tumors. GEMMs have 

provided insights into oncogenesis by elucidating molecular pathways, and 

their genomes can be manipulated to achieve loss or gain of oncogene or 

tumor suppressor gene function. The effects of these genetic changes are 

reflected in tumor phenotype, and GEMMs have proven valuable for 

validating key genes as therapeutic targets [41, 42]. 

1.1.4. Tumor Growth Experiments in Xenograft Mouse Models 

In xenograft mouse experiments, tumor fragments are implanted 

subcutaneously into immunocompromised mice. Once the tumors reach a 

palpable size, typically around 0.1-0.2 cm³, the animals are randomized into 

groups, with some receiving the test compound and others serving as 

controls. These studies, known as tumor growth inhibition (TGI) studies, are 

designed to evaluate the anticancer effectiveness of treatments by comparing 

tumor growth between the treated and control groups. 

 

Tumor dimensions (length and width) are measured by caliper, typically 

from once a day to every 4 days, and tumor mass calculated as: 

 

𝑤𝑒𝑖𝑔ℎ𝑡 =
𝜌𝑡𝑟(𝑙𝑒𝑛𝑔𝑡ℎ ⋅ 𝑤𝑖𝑑𝑡ℎ

2)

2
 

 

approximating tumor shape with the ellipsoid generated by the rotation of a 

semi-ellipse around its larger axis (length) and assuming unit density (𝜌𝑡𝑟 =

1
𝑔

𝑐𝑚3). 

Drug administrations can differ for dosages, duration of treatment, schedule 

(number and time of administrations), way of administration (i.e. Intra-

Venous, Intra-Peritoneal, Oral, etc.) and administration profile (bolus or 

infusion).  

Key endpoints in these studies include the percentage of tumor growth 

inhibition (TGI%) at specific time points, the tumor growth delay (TGD), 

which measures the time difference for tumors to reach a defined size 

between treated and control groups, the dose required to achieve a particular 

level of inhibition, such as TGI50 (50% tumor growth inhibition), and the 

threshold concentration for tumor eradication 𝐶𝑡  that represent the 

hypothetical steady-state drug concentration that, if reached, enables tumor 

eradication. 
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1.1.5.  Clinical trial endpoints 

Clinical trials in oncology are designed to answer specific questions, such as 

whether one drug is more effective than another at preventing a particular 

event. These trials focus on assessing the efficacy and safety of new cancer 

treatments through various endpoints, providing valuable insights into the 

therapeutic benefits and risks of these interventions [43]. A clinical endpoint 

is an objective metric measuring how beneficial a medical intervention is to 

a patient’s feeling, function, and survival. Clinical endpoints are used in 

clinical trials to assess validity and generalizability of the study, and the 

evidence they generate is important to clinicians and patients alike. Clinical 

endpoints also have the capacity to evaluate the outcomes of using a medical 

intervention to guide clinical decision making. Endpoints in clinical trials 

are classified as either primary or secondary, based on their relevance to the 

study's objectives. The primary endpoint is directly linked to the primary 

objective of the trial and is designed to answer the main research question. 

Secondary endpoints, on the other hand, provide additional information by 

either supporting the primary objective or addressing secondary objectives  

[44, 45].  

Following FDA guidelines [46], but limiting to the purposes of this thesis, 

the endpoints that are discussed in this section include only overall survival 

(OS) and progression-free-survival (PFS). Additional relevant endpoints 

such as other tumor-based assessment endpoints (i.e, objective response rate, 

disease free survival), endpoints involving symptom assessment or endpoints 

based on blood or body-fluid biomarkers, are not considered in this 

discussion. 

 

Overall Survival (OS) OS is defined as the time from randomization until 

death from any cause and is measured in the intent-to-treat population (i.e, 

the set of all randomized patients included in the trial). OS is considered the 

most reliable endpoint in cancer trials because it directly reflects patient 

survival and is straightforward to measure, with death dates well-

documented. Since the endpoint is objective, it is not susceptible to bias in 

measurement. When feasible, OS is typically the preferred endpoint for 

evaluating the clinical benefit of cancer therapies [43]. OS is best evaluated 

in randomized controlled trials (RCTs), as data from externally controlled 

trials are usually poorly reliable for overall survival. Challenges in survival 

studies include long follow-up periods and the potential for subsequent 

cancer treatments to affect survival analysis. 

Progression-Free Survival (PFS) PFS measures the time between study 

randomization and either tumor progression or death, providing an indication 
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of how effectively a treatment can halt or slow disease progression [47]. PFS 

can reflect tumor growth and be assessed before the determination of a 

survival benefit. Its determination is not confounded by subsequent therapy. 

Treatment effect measured by PFS can be a surrogate endpoint to support 

accelerated approval, a surrogate endpoint to support traditional approval, or 

it can represent direct clinical benefit [48, 49]. 

For the PFS evaluation, it is important to carefully define tumor progression 

criteria in the protocol. There are no standard regulatory criteria for defining 

progression, and during the drug submission process, various criteria have 

been used, including RECIST (Response Evaluation Criteria in Solid 

Tumors) criteria [50]. 

 

RECIST provides standardized criteria for evaluating changes in tumor size 

and defines specific thresholds for categorizing responses to treatment. For 

solid tumor, tumor size is generally quantified by measuring the sum of the 

longest diameter (SLD) of target lesions [50]. The definitions of the criteria 

used to determine objective tumor response for solid tumors are reported in 

Table 1.1. 

 

Table 1.1 RECIST criteria for solid tumors. 

Name Acronym Description 

Complete Response CR 

Disappearance of all target 

lesions. 

Any pathological lymph 

nodes (whether target or 

non-target) must have 

reduction in short axis to 

<10 mm. 

Partial Response PR 

At least a 30% decrease in 

the sum of 

diameters of target lesions, 

taking as reference the 

baseline sum diameters. 

Progressive Disease PD 

At least a 20% increase in 

the sum 

of diameters of target 

lesions, taking as reference 

the smallest sum on study. 

In addition to 
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Name Acronym Description 

the relative increase of 

20%, the sum must also 

demonstrate an absolute 

increase of at least 5 mm. 

(Note: the appearance of 

one or more new lesions is 

also 

considered progression). 

Stable Disease SD 

Neither sufficient shrinkage 

to qualify for 

PR nor sufficient increase 

to qualify for PD, taking as 

reference the smallest sum 

diameters while on study. 

 

1.2. Model-Informed Drug Development in 

oncology 

Model-Informed Drug Development (MIDD) can be defined as the use of 

mathematical models and simulations to support the key program decisions 

[51]. It is characterized by a learn and confirm paradigm which is shown in 

Figure 1.2 along with several application in different context. In recent years, 

there has been an increased trend in the development and incorporation of 

MIDD approaches into new policy and regulatory guidance [52]. 
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Figure 1.2 The learning and confirm paradigm in MIDD and its several 

applications. 

 

Despite MIDD can be applied across all therapeutic areas, this section 

focuses on its application in oncology drug development. MIDD informs 

every stage of oncology drug development, from early to late clinical phases 

[53, 54]. 

 

• Early Development Stages MIDD helps understand the PK and 

safety profile of an investigational oncology drug in nonclinical 

species. This information is crucial for translating findings to first-in-

human studies, where it can significantly inform the dosing strategy 

[55, 56].  

• Clinical Development In clinical trials, PK/PD modeling 

characterizes the impact of intrinsic (e.g., genetic factors, organ 

function, demographics) and extrinsic (e.g., drug interactions, diet) 

covariates on drug exposure and efficacy [57]. For example, 

modeling can predict how a patient's liver function might alter the 

drug's exposure.  

• Combination Regimens Oncology drugs are often administered in 

combination with novel compounds or standard-of-care treatments 

[58]. Choosing the optimal drug combination through conventional 

clinical trials can be challenging due to the high cost and difficulty in 

patient enrollment. MIDD addresses these challenges by simulating 

"what if" scenarios, helping to optimize the clinical trial process 

without the need for numerous costly trials [59].  
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• Commercial and Regulatory Support MIDD supports commercial 

decisions, such as go/no-go assessments for drug development, 

comparator effectiveness evaluations, and alternative pricing 

strategies [60]. Additionally, it aids in regulatory filings by providing 

robust data to demonstrate return on investment (ROI) to payers once 

the product is commercially available [61]. 

1.2.1. Model-based analysis of xenograft mice models 

Several mathematical models have been proposed and widely applied to 

describe TGI studies in xenograft mice. These models facilitate the analysis 

of data collected during xenograft experiments. Most models use ordinary 

differential equations (ODEs) to describe changes in tumor burden [62]. 

The natural tumor growth in the absence of treatment is commonly 

characterized by different-shaped functions, which are summarized in Table 

1.2. These functions help in understanding the baseline growth patterns of 

tumors, providing a reference for evaluating the effects of treatments.  

 

Table 1.2 Modeling frameworks for characterizing natural tumor dynamics 

in xenograft mouse models. 

Model Equation Parameters Reference 

Linear growth 
𝑑𝑇

𝑑𝑡
= 𝑘𝑔 

𝑘𝑔 = linear growth rate  
[63] 

Exponential growth 
𝑑𝑇

𝑑𝑡
= 𝑘𝑔 ⋅ 𝑇 

𝑘𝑔 = exponential growth 

rate 
[64] 

Logistic growth 

𝑑𝑇

𝑑𝑡

= 𝑘𝑔 ⋅ 𝑇 ⋅ (1 −
𝑇

𝑇𝑚𝑎𝑥  
) 

𝑘𝑔 = growth rate, 

𝑇𝑚𝑎𝑥    = maximum tumor 

size 
[65] 

Gompertz growth 
𝑑𝑇

𝑑𝑡
= 𝑘𝑔 ⋅ 𝑇 ⋅ 𝑙𝑛(

𝑇

𝑇𝑚𝑎𝑥  
) 

𝑘𝑔 = growth rate, 

𝑇𝑚𝑎𝑥    = maximum tumor 

size 

[66] 

Simeoni growth 

(linear + exponential 

growth) 

𝑑𝑇

𝑑𝑡

=  
𝜆0 ⋅ 𝑇

[1 + (
𝜆0
𝜆1
⋅ 𝑇)

20

]

1
20

 

𝜆0 = exponential growth 

rate, 

𝜆1 = linear growth rate [67] 

Notes: T = tumor weight. 

 

Subsequently, tumor shrinkage resulting from drug treatment is typically 

quantified using an empirical drug-induced shrinkage term. Some of the most 
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used model structures describing the therapeutic effect are summarized in 

Table 1.3. 

 

Table 1.3 Modeling frameworks for characterizing tumor growth inhibition. 

Model Equation Parameters Reference 

First-order treatment 

effect (“log-kill” 

pattern) 

𝑑𝑇

𝑑𝑡
= 𝑓(𝑇) − 𝑘𝑑 ⋅ 𝑇 

𝑘𝑑  = first-order 

shrinkage rate [63] 

Exposure-dependent 

treatment effect 

𝑑𝑇

𝑑𝑡
= 𝑓(𝑇) − 𝑘𝑑 ⋅ 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 ⋅ 𝑇 

𝑘𝑑  = first-order 

shrinkage rate 

 

[68] 

Exposure-dependent 

treatment effect with 

resistance 

𝑑𝑇

𝑑𝑡
= 𝑓(𝑇) − 𝑘𝑑 ⋅ 𝑒

−𝜆𝑡 ⋅ 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 ⋅ 𝑇 

𝑘𝑑  = first-order 

shrinkage rate, 

𝜆 = rate of decrease 

in treatment 

effectiveness 

[69] 

Introducing a 

damaged cell 

compartment 
{
 
 

 
 
𝑑𝑆

𝑑𝑡
= 𝑓(𝑆) − 𝑘𝑑 ⋅ 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 ⋅ 𝑆 

𝑑𝐷

𝑑𝑡
=  𝑘𝑑 ⋅ 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 ⋅ 𝑆 − 𝑑 ⋅ 𝐷

𝑇 = 𝑆 + 𝐷

 

𝑘𝑑  = first-order 

death rate, 

𝑑 = first-order 

shrinkage rate of 

damaged cells 

[70] 

Nonlinear drug 

exposure–effect 

relationship 

𝑘𝑔
′ = 𝑘𝑔 ⋅ (1 −

𝐸𝑚𝑎𝑥 ⋅ 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒

𝐼𝐶50 + 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒
) 

𝐸𝑚𝑎𝑥  = maximum 

growth rate 

inhibition, 

𝐼𝐶50 = exposure for 

which growth is 

inhibited by 50% 

[71] 

Notes: T = tumor weight, S = weight of proliferating tumor cells, D = weight 

of damaged tumor cells, Exposure: measure of drug exposure to treatment 

 

1.2.2. Model-based analysis of oncology trial endpoints 

OS and PFS data are classified as time-to-event (TTE) data. TTE data consist 

of two tightly linked components: the time variable and the event indicator. 

The first component, the time variable, is the interval from the starting time 

to the event time or the last follow-up time whichever occurs first. The event 

indicator is a categorical variable indicating the patient’s status at the ending 

time which meaning could vary depending on the time of TTE model. For 

OS, the event indicator variable is often coded as 1 (= dead) for patients who 

die during the follow-up period and 0 (= censored) for patients who are alive 

at the last follow-up. For PFS, the event indicator is one (= dead or 
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progressive disease) if the patient has a cancer progression or dies; and zero 

(= censored) if the patient is alive without cancer progression at the last 

follow-up. 

 

TTE data are commonly summarized using Kaplan-Meier (KM) curves, a 

non-parametric approach that estimates survival probabilities over time by 

incorporating data from both patients who have experienced the event of 

interest and those who are censored. Statistical summaries derived from KM 

estimates include the median survival time (the time point in which the 

survival probability is 50%) and survival probabilities at fixed time points 

throughout the study. 

 

The goal of many clinical studies is to compare survival between treatment 

groups or to evaluate the association between patient demographics or 

disease-related risk factors and survival. The most widely used survival 

analysis techniques are the log-rank test and the Cox proportional hazards 

model.  

The log-rank test compares the hazard rates (the rates at which the event of 

interest occurs among those still at risk for that event) between groups. 

However, the log-rank test is strictly a testing procedure that produces a p-

value but does not provide an estimate of the treatment effect.  The log-rank 

test compares the entire survival curves rather than the Kaplan-Meier 

estimates at a specific time point. 

When an estimate of the treatment effect on survival is needed or when the 

comparison needs to adjust for other covariates or confounding factors, Cox 

models are fit to provide hazard ratio estimates and corresponding 

confidence intervals. Cox models are often used to identify potential 

biomarkers associated with survival outcomes. One important assumption of 

the Cox model is that the hazard ratio is constant over time, known as the 

proportional hazards (PHs) assumption. If there are indications of non-PHs, 

models with time-varying effects should be considered. 

 

In oncology trials, in addition to TTE models, TGI models are also 

fundamental mathematical tools. Tumor dynamics form the basis for 

calculating RECIST criteria, which define tumor-based endpoints such as 

PFS. Additionally, model-based estimates of early TGI metrics or predicted 

time courses of tumor dynamics have been shown to predict OS in later 

development stages [60, 72]. The complexity of tumor dynamic models 

depends on the available data, more data allows for more detailed or 

mechanistic models, and the model’s purpose. Examples of commonly used 

models, also applied in preclinical research, are already listed in Table 1.3. 
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1.2.3. Translational oncology 

Translational oncology is an interdisciplinary field that bridges the gap 

between laboratory research and clinical practice [73]. This discipline 

encompasses various aspects, from well-established practices in drug 

development, such as defining the first dose in humans, to more experimental 

areas like correlating circulating cell-free DNA and mitochondrial DNA 

between animals and humans. As the focus of this thesis, this section will 

concentrate exclusively on the translational aspects of efficacy in relation to 

tumor dynamics [25]. 

In this field, the seminal works of Wong [74], Rocchetti [75], Inaba [76, 77], 

and their coworkers have demonstrated the potential to predict the clinical 

efficacy, at least in ranking, of multiple compounds by considering PK 

differences between species as well as drug potency. Furthermore, through 

an analysis of the National Cancer Institute nonclinical and clinical databases 

[78] it has been shown that achieving unbound drug exposure and biomarker 

modulation in patients similar to those observed in preclinical studies is 

necessary (but not sufficient) for observing efficacy in the clinic [79]. 

More recent work led by Garcia-Carmades [80] aims to predict clinical 

response in patients using preclinical data obtained from mice carrying 

xenograft tumors. The proposed methodology combines preclinical PK/PD 

model, clinical PK models and dosing schemes, along with allometry-based 

mouse-human conversion to describe tumor response and survival data of 

gemcitabine-treated patients. In this work, assuming that the drug-specific 

PD parameters are likely to be similar across species, the effect parameters 

were not transformed from those estimated in mice. Baaz et al [81] instead 

used PDX models to calibrate the preclinical TGI model using xenograft data 

from the literature on published RECIST clinical data for three drug 

combinations. After replacing the preclinical PK model with the clinical 

model, based on the RECIST response, translational factors are estimated 

highlighting a possible drug/cancer type-specific scaling.  

Translational Applications in Different Oncology Trial Phases: 

Phase I: Translational tumor dynamics modeling can support the planning of 

dose range and dosing frequency. By identifying the target efficacious 

concentration through xenograft studies, this information can be coupled 

with predicted or observed human PK to project the efficacious dose range 

in humans that maximizes tumor shrinkage. Additionally, this approach 

could help in choosing the appropriate pharmacodynamic sampling schedule. 
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The PD response characterized preclinically may inform PD sample 

collection time points in clinical studies. 

Phase II/III: Challenges in Phase II/III trials often include combining an 

experimental treatment with the current standard of care and/or another 

experimental treatment to increase the pool of responding patients. With 

many innovative combinations available, nonclinical trials and translational 

modeling play a crucial role in guiding clinical development and Phase II/III 

combination trials by prioritizing the choice of combination partner, i.e.  

selecting the most promising combination partners based on preclinical 

efficacy or assessing administration strategies, i.e. determining whether 

concomitant administration or a specific sequence is more promising or 

worth exploring [82–84]. Furthermore, another potential application is in 

supporting the development of clinical tumor growth inhibition models [74, 

85]. TGI parameters have been shown to be important for Phase II/III patient 

death risk stratification; consequently, precise estimation of these parameters 

is needed. Translational modeling can inform TGI parameter estimation, 

thereby reducing issues related to "flip-flop" phenomena or overcoming non-

identifiability problems. By refining these models, researchers can improve 

the prediction accuracy of treatment outcomes, enhancing the reliability of 

clinical trials. 

Mechanistic Clinical Longitudinal Models:  

Another application that spans throughout the entire development process 

involves developing more mechanistic clinical longitudinal models. 

Longitudinal tumor size models end to be agnostic of the mechanism of 

action (MoA) [62, 70]. A careful review of the dynamic features of 

nonclinical data, accompanied by MoA-based hypothesis generation and 

model-based hypothesis validation, can help identify mechanistic model 

features in nonclinical data. These features may be challenging to establish 

in clinical data due to small subject numbers and limitations of clinical 

practice [86]. 

1.2.4. Challenges in translational oncology 

The challenges of translational oncology include several critical factors that 

must be addressed to optimize translation into the clinical setting. For 

example, poor reproducibility of preclinical research in different laboratories 

may compromise the reliability of translational predictions [87]. Second, 

broader validation of translational approaches across various tumor types 

and drugs is needed to support the validity of proposed approaches. In 
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addition, there are differences in measurement techniques between clinical 

and preclinical settings that pose a significant challenge; while xenograft 

studies typically use endpoints such as percentage of tumor growth inhibition 

and growth retardation, clinical evaluations often lack comparable placebo-

controlled or untreated comparisons. To mitigate these challenges, it is 

critical to improve the heterogeneity of nonclinical data sets, reduce 

operational bias, and establish standardized and translatable efficacy 

endpoints. Addressing these issues through improved methodologies and 

practices is essential to increase the reliability of translational predictions 

and advance more effective cancer treatments [25]. 

1.3. Thesis overview 

This thesis aims to leverage the potential of PDX mouse models and MIDD 

approaches to develop and implement a translational preclinical-to-clinical 

framework. The work is organized around two main objectives 

Chapter 2 and 3: Development of the Translational Framework 

• Chapter 2 This chapter presents the initial steps of the multistep 

framework, focusing on the translation of the natural tumor growth in 

the absence of treatment. It demonstrates how to effectively map 

natural tumor growth patterns from preclinical settings to clinical 

contexts. This step serves as a foundation for more complex analyses 

and interventions in later stages of the framework. 

 

• Chapter 3 This chapter extends the translational by incorporating the 

effects of therapeutic interventions, specifically focusing on the 

impact of drug treatments on tumor growth inhibition (TGI). It builds 

upon earlier models of natural tumor growth and develops a 

comprehensive approach that integrates drug-induced changes in 

tumor dynamics. 

 

Chapter 4 and 5: Applications of the Translational Framework 

• Chapter 4 This chapter introduces a dynamic borrowing approach to 

integrate virtual patients (generate through the developed framework) 

with real patients to build hybrid control arms in clinical trials. These 

methods offer a mathematically rigorous and robust approach to 

increase efficiency and strengthen evidence by integrating external 

data into a new clinical trial without relying on historical patients. 
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• Chapter 5 In this chapter information from preclinical contexts, via 

the developed translational framework, is translated into the clinical 

setting to inform Bayesian estimation of joint longitudinal-OS 

nonlinear mixed-effects models.
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Chapter 2  

2 Predicting tumor volume doubling 

time and Progression-Free Survival in 

untreated patients from PDX mice 

experiments* 

The first step of this work involved the development of a translational 

framework to scale natural tumor growth from PDX mouse models to 

untreated cancer patients. This approach was applied to predict PFS and 

tumor volume doubling times (TVDTs) and validated on clinically available 

data. PFS, as previously introduced in Section 1.6, is an important primary 

endpoint in cancer clinical trials. TVDT represents a useful tool for the 

clinical management of cancer with important implications for a multitude 

of medical decisions. For example, it could allow to determine the optimal 

follow-up times for screening patients [88], to assess the impact of delaying 

diagnosis and/or treatment, to accurately estimate the period of risk and the 

time of metastasis, to correctly select between pharmaceutical or surgical 

options, and to optimize treatment protocols [88–90]. TVDT was also shown 

to be strongly correlated with tumor response to therapy and, therefore, to 

tumor progression and patient survival [91, 92]. 

 

 

 

* The content of this chapter was published as Tosca, E.M., Ronchi, D., Rocchetti, M. et al. 

Predicting Tumor Volume Doubling Time and Progression-Free Survival in Untreated 

Patients from Patient-Derived-Xenograft (PDX) Models: A Translational Model-Based 

Approach. AAPS J 26, 92 (2024). https://doi.org/10.1208/s12248-024-00960-4 
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This chapter is structured as follows: Section 2.1 introduces the general 

framework for translating natural tumor growth from PDX mouse models to 

cancer patients.  

Section 2.2 presents case studies, and the associated data used to develop and 

validate the framework. Subsequently, Section 2.3 focuses on the developed 

tumor growth model in PDX mice, while Section 2.4 discusses the scaling 

process and compares predicted TVDT and PFS values with those observed 

in existing literature. Finally, Section 2.5 summarizes and discusses the 

results, providing rationale for advancing to the next phase of the study. 

2.1. Translational framework for the natural 

(untreated) tumor growth 

A multistep procedure is devised to predict TVDTs and PFS curves in 

untreated cancer patients using tumor growth data from PDX mouse studies 

(Figure 2.1).  

 

 

Figure 2.1 Flow chart representing the translational modeling approach 

developed to predict TVDTs and PFS in untreated cancer patients from 

tumor growth data in PDX mice. 

 

The first step of the framework involves the development of a population 

model that describes natural tumor growth in PDX mice, in order to 

characterize the distribution of the exponential tumor growth rates in these 

models. Subsequently, an allometric scaling approach is employed to 

extrapolate tumor growth rates from PDX mice to humans, assuming 

exponential growth of untreated tumor mass in humans. Finally, these scaled 

tumor growth rates are used to predict TVDTs and PFS curves in patients. 
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2.1.1. Mathematical modeling of natural tumor growth in PDX 

mice 

An unperturbed growth model describing the time-course of average tumor 

mass weight is used to characterize the distribution of exponential tumor 

growth rate, 𝑘𝑔. A population approach is adopted to simultaneously analyze 

multiple PDX studies. Individual model parameters follow a log-normal 

distribution, with model fitting performed accordingly. The log-normal 

distribution of the exponential growth rate is estimated using 

parameterization 𝑘𝑔,𝑖 = 𝑘𝑔,𝑝𝑜𝑝 ⋅ 𝑒
𝜂𝑖  where 𝑘𝑔,𝑝𝑜𝑝 represents the typical 

population parameter (median) for a specific cancer type, and 𝜂 is a normally 

distributed variable with mean zero and standard deviation 𝜔𝑘𝑔, accounting 

for inter-PDX model variability. 𝑘𝑔,𝑖  represents the exponential tumor 

growth rate of the 𝑖𝑡ℎ - PDX model.  

 

Importantly, 𝑘𝑔, the exponential growth rate, is not specific to any particular 

model. For translation to humans, the focus is on accurately characterizing 

the tumor growth rate in PDX model, regardless of the mathematical model 

used to describe tumor dynamics. 

2.1.2. Scaling the exponential tumor growth rate from PDX mice 

to human 

Based on clinical evidence, human cancers are assumed to grow 

exponentially with a rate 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛, at least during the clinically observable 

period. The exponential tumor growth rates observed in PDX mice are scaled 

up to humans using an allometric scaling approach: 

 

 

𝑘𝑔,ℎ𝑢𝑚𝑎𝑛 [
1

𝑚𝑜𝑛𝑡ℎ𝑠
] =  30 ⋅ 𝑘𝑔[

1

𝑑𝑎𝑦𝑠
] ⋅ (

𝐵𝑊ℎ𝑢𝑚𝑎𝑛

𝐵𝑊𝑚𝑖𝑐𝑒

)
−𝛼

 
 

(1) 

 

 

where 𝐵𝑊ℎ𝑢𝑚𝑎𝑛  and 𝐵𝑊𝑚𝑖𝑐𝑒  represent the typical body weight of human 

(70Kg) and mice (0.025Kg), respectively, 30 was the unit conversion factor 

from day to month and 𝛼  the allometric exponent that was fixed to 1/3  

embracing the 2/3-power scaling rule [93]. 

 

A lognormal distribution of 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛  is predicted propagating the 𝑘𝑔 

variability 𝜔𝑘𝑔 .  Distribution of 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛 is parameterized as 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛,𝑖 =

 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛,𝑝𝑜𝑝 ⋅ 𝑒
𝜂ℎ𝑢𝑚𝑎𝑛,𝑖 where 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛,𝑝𝑜𝑝 is the typical value (median) and 
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𝜂𝑘𝑔,ℎ𝑢𝑚𝑎𝑛  a normally distributed variable with mean zero and standard 

deviation 𝜔𝑘𝑔,ℎ𝑢𝑚𝑎𝑛 = 𝜔𝑘𝑔. 

 

 

2.1.3. Predicting TVDT distributions in untreated cancer patients 

TVDTs in untreated cancer patients are directly computed from 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛 

through the following formula: 

 

 

𝑇𝑉𝐷𝑇ℎ𝑢𝑚𝑎𝑛 =
ln(2)

𝑘𝑔,ℎ𝑢𝑚𝑎𝑛
. 

 

(2) 

 

 

Therefore, 𝑇𝑉𝐷𝑇ℎ𝑢𝑚𝑎𝑛  resulted lognormally distributed. 𝑇𝑉𝐷𝑇ℎ𝑢𝑚𝑎𝑛,𝑖 =

𝑇𝑉𝐷𝑇ℎ𝑢𝑚𝑎𝑛,𝑝𝑜𝑝 ⋅ 𝑒
𝜂𝑇𝑉𝐷𝑇,ℎ𝑢𝑚𝑎𝑛,𝑖  where 𝑇𝑉𝐷𝑇ℎ𝑢𝑚𝑎𝑛,𝑝𝑜𝑝 =

ln(2)

𝑘𝑔,ℎ𝑢𝑚𝑎𝑛,𝑝𝑜𝑝
 is the 

typical (median) value and 𝜂𝑇𝑉𝐷𝑇,ℎ𝑢𝑚𝑎𝑛 = −𝜂𝑘𝑔,ℎ𝑢𝑚𝑎𝑛  a normally distributed 

variable. 

2.1.4. Simulating PFS curves in untreated patients 

PFS predictions in untreated cancer patients are obtained following a strategy 

based on the work of Kay et al. [94].  

First, PD events due to target lesion progression are considered. Simplifying  

the RECIST [95], they are defined as a 20% increase of the SLDs of target 

tumor lesions. Second, tumors are supposed to be composed by a single 

lesion with a spherical shape (i.e., same growth dynamics along the three 

spatial dimensions), that can be considered representative of the overall 

tumor burden due to target lesions. Under these assumptions, the tumor 

volume change associated to a 20% increase in diameter was found to be 

1.728-fold (for more details on the conversion see Supplementary Material 

Calculation of time of progression). Finally, since tumor volume grows 

exponentially with a rate 𝑘𝑔,𝐻𝑢𝑚𝑎𝑛, the time of tumor progression, 𝑡𝑒𝑣𝑒𝑛𝑡, is 

computed as:  

 

𝑡𝑒𝑣𝑒𝑛𝑡 =
𝑙𝑛(1.728)

𝑘𝑔,ℎ𝑢𝑚𝑎𝑛
  

 

(3) 
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For each cancer type, 200 values are sampled from the log-normal 

distribution of 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛 , the corresponding times of progression are 

computed through Eq.4 and used to construct the KM curve for PFS. This 

process is repeated 1000 times propagating uncertainty of parameter 

estimates, i.e., 1000 studies each composed by 200 patients are simulated. 

The 1000 simulated KM curves were used to construct the KM-visual predict 

check (VPC) plots, where simulations are overlaid with the published PFS 

plots (when available).  

The predicted and observed median PFS (i.e., time at which the PFS curve 

crosses the 50% point) are also compared. 

2.2. Case studies and data availability 

2.2.1. Case studies 

Eleven different solid cancers classified by primary site and/or histological 

type are considered: breast cancer (BR), cholangiocarcinoma (CC), 

colorectal cancer (CR), head and neck cancer (HN), gastric cancer (GA), 

liver cancer (LI), melanoma (ME), pancreatic cancer (PA), sarcoma (SA) and 

two subtypes of non-small-cell lung cancer (LU), i.e., adenocarcinoma 

(ADC) and squamous cell carcinoma (SCC). They are selected based on the 

concomitant availability of tumor growth studies in PDX mouse models and 

adequate characterization of TVDT in untreated cancer patients. 

2.2.2. In vivo tumor growth studies in PDX mice 

Specifically, a panel of 265 PDX mouse models (25 for each cancer type 

except for CC (n=24) and SA (n=16)), originally derived from cancers of 

265 patients, is considered. For each PDX mouse model, a single study, 

involving several mice, is selected and data obtained from HuBase database 

(Crownbio Bioscience Inc., https://www.crownbio.com/). All the in vivo 

experiments were performed at Crownbio as follows: tumor fragments were 

inoculated subcutaneously in several immunodeficient mice and tumor 

dimensions were measured by caliper. Tumor volume was derived as 

(𝑙𝑒𝑛𝑔𝑡ℎ ∙  𝑤𝑖𝑑𝑡ℎ2)/2 and converted to weight assuming unit density. For 

each study, average tumor weight is made available.  

The complete list of the analyzed experiments is reported in Table A1 of 

Appendix A. 

https://www.crownbio.com/
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2.2.3. Collection and curation of TVDTs and PFS data in cancer 

patients 

To ensure robust validation of tumor growth predictions and therapeutic 

response modeling, it is important to collect accurate clinical data on clinical 

TVDT and PFS across different cancer types. 

 

For each cancer type, studies measuring the TVDT value of primary tumors 

in untreated cancer patients were retrieved from the literature. Studies were 

selected if they reported the median, minimum, and maximum TVDT values, 

as well as the population size, or alternatively individual TVDT values. In 

total, twenty-six studies were included. Table A2 of Appendix A lists the 

reported median, minimum, and maximum TVDT values and the population 

size for each study. 

 

Clinical data indicated that the frequency distribution of TVDT obtained is 

positively skewed, with some very long TVDTs compared to the typical 

value. To mitigate the impact of these outliers, a range of TVDT variation is 

estimated for each study based on the strategy detailed in the TVDT data in 

untreated cancer patients section in Appendix A. 

 

In addition, for each cancer type, literature was searched to retrieve 

appropriate PFS data to validate PFS predictions. Because placebo arms are 

rarely available in clinical trials, published PFS data from different clinical 

trials including patient cohorts receiving placebo, supportive care or active 

treatments exerting little to no effect on tumor growth (i.e., overall response 

rate, ORR, ≤10%) were selected For BR cancer, ADC and SCC of lung, 

works reporting suitable PFS data were not found. The selected references 

(n=25) are listed in Table A3 in Appendix A together with details about the 

clinical studies. KM plots from these studies were digitalized, their 95% CIs 

were reconstructed and the median PFS values, i.e., time at which the PFS 

curve passes cross the 50% point, extracted. 

2.3. Tumor growth model in PDX mice  

For each cancer type, the Simeoni growth model is used to model PDX 

studies [67]. It assumes that the unperturbed tumor growth can be described 

by an exponential growth phase, characterized by the rate 𝜆0 [1/day], 

followed by a linear one (with slope 𝜆1 [cm3/day]).  

 

Model fitting is performed assuming a proportional residual error, i.e., 𝑦 = 𝒇 

+ b ∙ 𝒇 ∙𝜺, where 𝒚 is the measurement, b a coefficient representing the 
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coefficient of variation, 𝒇 the model prediction and 𝜺 a standardized random 

variable normally distributed. Details about model fitting and diagnostic 

plots are provided in the section Tumor growth model in Model fitting of 

tumor growth studies in PDX mice in Appendix A.  

The model parameter estimates together with their estimation uncertainty are 

reported in table format in Table 2.1 and in density plot format in Figure A2 

in Appendix A. Individual PDX estimates are also reported in Table A4 in 

Appendix A. 

 

Table 2.1 Parameter estimates of the population Simeoni tumor growth 

models in PDX mice together with estimation uncertainty (CV%). 

Cancer 

Type 

λ0 [1/day] - 

Rate of exponential 

growth 

λ1 [cm3/day]- 

Rate of linear growth 

W0 [g]- 

Initial tumor 

weight 

b [-] – 

Coefficient 

of RUV 

model λ0,pop 𝝎𝛌𝟎 λ1,pop 𝝎𝛌𝟏 W0,pop 𝝎𝐰𝟎 

BR 
0.066 

(10%) 

0.50 

(15%) 

0.053  

(17%) 

0.67 

(18%) 

0.013 

(21%) 

1.02 

(14%) 

0.066  

(5%) 

CC 
0.142  

(9%) 

0.37 

(17%) 

0.040  

(18%) 

0.84 

(16%) 

0.003 

(25%) 

0.46 

(24%) 

0.117  

(7%) 

CR 
0.057  

(8%) 

0.39 

(16%) 

0.030 

 (14%) 

0.59 

(18%) 

0.027 

(14%) 

0.64 

(14%) 

0.072 

 (5%) 

GA 
0.053 

(10%) 

0.5  

(14%) 

0.026  

(20%) 

0.79 

(18%) 

0.024 

(14%) 

0.69 

(15%) 

0.072 

 (5%) 

HN 
0.088 

(10%) 

0.5 

 (15%) 

0.065  

(8%) 

0.23 

(25%) 

0.018 

(16%) 

0.76 

(15%) 

0.083 

 (7%) 

LI 
0.110 

(12%) 

0.58 

(15%) 

0.069  

(18%) 

0.75 

(20%) 

0.009 

(24%) 

1.03 

(18%) 

0.088  

(6%) 

LU ADC 
0.064 

(11%) 

0.55 

(14%) 

0.037  

(12%) 

0.46 

(19%) 

0.017 

(14%) 

0.65 

(14%) 

0.061  

(5%) 

LU SCC 
0.100 

(11%) 

0.55 

(15%) 

0.046  

(13%) 

0.63 

(15%) 

0.012 

(17%) 

0.81 

(15%) 

0.063  

(5%) 

ME 
0.096 

(10%) 

0.51 

(15%) 

0.064 

 (13%) 

0.42 

(30%) 

0.014 

(16%) 

0.68 

(19%) 

0.064  

(8%) 

PA 
0.081 

(11%) 

0.54 

(15%) 

0.050  

(15%) 

0.67 

(16%) 

0.016 

(12%) 

0.54 

(13%) 

0.093  

(5%) 

SA 
0.200  

(8%) 

0.27 

(21%) 

0.15  

(21%) 

0.70 

(23%) 

0.006 

(20%) 

0.48 

(24%) 

0.117 

(10%) 
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Therefore, the lognormal distribution of the exponential tumor growth rate 

𝜆0 and the individual  𝜆0,𝑖 values are successfully derived. 

 

It is crucial to note that in this framework, 𝑘𝑔, the exponential growth rate, 

corresponds directly to the parameter 𝜆0  of the Simeoni model. This 

connection is essential for the subsequent translation of tumor growth rates 

from mice to humans. 

2.4. Prediction of clinical endpoints in untreated 

cancer patients 

The exponential growth rate values obtained from the Simeoni model 

(parameter 𝜆0) are scaled up from mice to humans through Eq. 1. For each 

cancer type, a lognormal distribution of 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛 is obtained. The estimation 

uncertainty affecting mice-related parameters is propagated to the 

parameters of the 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛 distributions, which are reported in Table A5 in 

Appendix A. Density plots are displayed in Fig A3. Additionally, individual 

𝑘g,ℎ𝑢𝑚𝑎𝑛,𝑖 values are computed and are reported in Table A5 as well. 

2.4.1. TVDTs 

For each cancer type, the lognormal distribution of TVDT in untreated 

cancer patients is derived from 𝑘g,ℎ𝑢𝑚𝑎𝑛 using Eq. 2, with propagation of 

estimation uncertainty. The 80% prediction intervals (PI) for the predicted 

TVDTs in humans is calculated and reported in Table 2.2, alongside typical 

values and observed ranges from the literature. These calculations followed 

the methodology described in the Predicting TVDTs and PFS in untreated 

cancer patients section of Appendix A. 

Table 2.2 Observed and predicted TVDT [month] in untreated cancer 

patients. 
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Cancer Type 

Predicted TVDT 

[month], median 

and range* by 

cancer type 

Observed TVDT [month], median 

and range** by literature studies 

Observed 

TVDT [month], 

median and 

range** by 

cancer type 
Reference TVDT 

BR 4.93 [2.01, 12.38] 

Fournier [96] 7.97 [2.4, 26.7] 

5. 66 [1.92, 

16.55] 

Gershon-Cohen 

[97] 
4 [1.98, 8.12] 

Ryu [98] 4.7 [1.87, 11.85] 

Tabbane [99] 3.83 [1.06, 13.76] 

Zhang [100] 5.47 [2.81, 10.66] 

CC 2.33 [1.17, 4.87] De Rose [101] 2.33 [0.75, 7.32] - 

CR 5.71 [2.80, 11.98] 

Bolin [102] 4.33 [1.46, 12.93] 

6.12 [2.87, 

13.02] 
Burke [103] 7.03 [4.66, 10.59] 

Tada [104] 8.11 [3.75, 17.44] 

GA 6.14 [2.53, 15.57] 

Haruma [105] 8.1 [3.8, 17.22] 

8.57 [3.33, 

22.16] Seung-Young 

[106] 
8.63 [3.27, 22.97] 

HN 3.69 [1.53, 9.06] 

Jensen [107]  3.3 [1.36, 7.96] 

2.99 [1.26, 7.18] 

Waaijer [108] 1.9 [0.85, 4.25] 

LI 2.93 [1.03, 8.56] 

Barbara [109] 5.72 [2.12, 15.28] 

3.22 [1.35, 7.7] 

Kubota [110] 2.77 [1.16, 6.63] 

Park [111] 2.03 [0.98, 4.22] 

Sheu [112] 3.9 [1.69, 8.96] 

Nakajima [113] 2.48 [1.03, 6.02] 

LU ADC 5.09 [1.88, 14.19] 

Honda [114] 8.53 [2.61, 27.63] 

5.52 [1.77, 17.3] Kanashiki [115] 4.47 [1.47, 13.67] 

Mackintosh  [116] 8.3 [2.53, 27.44] 
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Cancer Type 

Predicted TVDT 

[month], median 

and range* by 

cancer type 

Observed TVDT [month], median 

and range** by literature studies 

Observed 

TVDT [month], 

median and 

range** by 

cancer type 
Reference TVDT 

LU SCC 3.26 [1.21, 9.04] 

Honda [114] 4.37 [2.51, 7.55] 

3.46 [1.5, 7.95] Kanashiki [115] 3.3 [1.31, 8.27] 

Mackintosh  [116] 3.23 [2.08, 4.98] 

ME 3.39 [1.34, 8.88] Carlson [117] 3.13 [1.69, 5.78] - 

PA 4.02 [1.52, 10.85] 

Furukawa [118] 4.8 [3.07, 7.53] 

3.74 [2.36, 5.94] 

Rezai [119] 2.99 [1.87, 4.83] 

SA 1.63 [0.93, 2.86] 

Galante [120] 0.24 [0.06, 0.99] 

0.27 [0.07, 1.06] 

Spratt [121] 0.83 [0.42, 1.63] 

* Range = 80%PI (see section 2.2.3.1) ** Range = 80%CI 
 

Predicted TVDT median values are very close to the typical values observed 

in clinics, with 91% of the predictions within 1.5-fold of the observations 

and a root mean squared error (RMSE) of 0.9244 months (Figure 2.2). 

 

 
Figure 2.2 Predicted versus observed TVDTs stratified by cancer type. Dots 

mark the typical values, vertical and horizontal bars the 80%-intervals of the 
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observed and predicted TVDTs, respectively. Identity line and 1.5-fold areas 

are represented by solid and dashed black line, respectively. The 80%-

intervals represent the 80%CIs for observed TVDTs and 80%PI for the 

predicted TVDTs. 

 

Considering the individual TVDTs, directly derived from the 265 analyzed 

PDX mouse models (Table A6 in Appendix A), 83.59% of the predictions 

falls within the reported clinical 80%CI ranges. Among the considered 

cancer types, sarcoma is the worst predicted case study, with predicted 

TVDTs generally higher than the observed (Figure 2.3). 

 

 
Figure 2.3 Box plots (medians and 80%-intervals) of the observed 

(lightblue) and predicted (grey) TVDTs in untreated cancer patients stratified 

by cancer type. Dots mark the individual TVDTs predicted from the 265 

analysed PDX mouse models. The 80%-intervals represent the 80%CIs for 

observed TVDTs and 80%PI for the predicted TVDTs. 
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For what regard the TVDT inter-patient variability, values vary significantly 

among studies reported in the literature, even if they are related to the same 

cancer type (Figure 2.4).  

 

 
Figure 2.4 Box plots (medians and 80%-intervals) of the observed (colored) 

and predicted (grey) TVDTs in untreated cancer patients stratified by cancer 

type and literature study. The 80%-intervals represent the 80%CIs for 

observed TVDTs and 80%PI for the predicted TVDTs. 

 

The 80%PIs of predicted TVDTs are quite consistent with the 80%CIs of the 

clinical TVDTs for almost all the cancer types, however, the comparison of 

the observed and predicted standard deviation of TVDTs (i.e., 𝜈𝑇𝑉𝐷𝑇  vs 

𝜔𝑇𝑉𝐷𝑇  in Table A2 and A6) reveals an underestimation of the clinically 

observed inter-patient variability for some cancer types.  

2.4.2. PFS 

PFS curves are generated from the distributions of the scaled exponential 

growth rates, 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛,  accounting for the uncertainty of parameter 

estimates. Fig. 2.5 shows the KM-VPC plots generated from 1000 simulated 

clinical studies (each composed by 200 individuals) superimposed over the 

observed PFS curves for cancer types. Simulated KM curves are overlaid to 

the literature PFS curves throughout the time course, demonstrating that the 

translational modeling approach can adequately predict PFS in untreated 

cancer patients. 
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Figure 2.5 KM-VPC plots (grey areas) generated from 1000 simulated 

clinical studies composed of 200 individuals each superimposed to PFS 

curves taken from literature studies (colored areas), stratified by cancer 

types. Median and 95% CI are reported. 

 

The predicted and observed median PFS (i.e., time at which the PFS curve 

passes cross the 50% point) together with its 95%PIs are reported in Table 

2.3 in comparison with observations and plotted in Figure 2.6. 

 

Table 2.3 Observed and predicted median PFS [month] in untreated cancer 

patients. 

Cancer type Reference 
Observed median PFS 

[month] with 95% CI 

Predicted 

median PFS 

[month] with 

95% PI  
BR - - 4 [3., 5.6]  

CC 

Casak [122] 1.4 [1.34, 1.85] 

1.9 [1.5, 2.6] 

 

 

Zhu [123] 1.63 [1.46, 1.86] 
 

 

CRC 

Bendell [124] 2.53 [1.65, 3.26] 

4.6 [3.7, 5.9] 

 

 

Van Cutsem [125]  1.82, [1.77, 2.02] 
 

 

Dasari [126] 1.8 [1.8, 1.93] 
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Cancer type Reference 
Observed median PFS 

[month] with 95% CI 

Predicted 

median PFS 

[month] with 

95% PI  

Hecht [127] 5.4 [3.4, 5.66] 
 

 

GA 

Bang [128] 3.55 [2.35, 5.12] 

4.9 [3.7, 6.8] 

 

 

Boku [129] 2.9 [1.7, 5.7] 
 

 

Ohtsu [130] 2.4 [1.3, 3.2] 
 

 

Vanhoefer [131]  3.3 [2.9, 4.43] 
 

 

HN 

Burtness [132] 2.7 [1.9, 4.01] 

3 [2.3, 4.2] 

 

 

Cohen [133] 2.31 [1.79, 2.8] 
 

 

Ferris [134] 2.3 [1.9, 3.14] 
 

 

LI 

Cheng [135] 1.4 [1, 1.55] 

2.4 [1.7, 3.6] 

 

 

Llovet [136] 2.8 [2.7, 4.11] 
 

 

Zhu [137] 2.1 [1.6, 2.83] 
 

 

LU ADC - - 4.1 [3., 6.1]  

LU SCC - - 2.7 [2., 3.8]  

ME 

Chapman [138] 1.6 [1.55, 1.77] 

2.8 [2.1, 3.9] 

 

 

Hauschild [139] 2.7 [1.51, 2.95] 
 

 

Kim [140]  1.8 [1.78, 2.04] 
 

 

PA 

Conroy [141]  3.3 [2.2, 3.83] 

3.3 [2.4, 4.7] 

 

 

Girardi [142] 1.7 [0.98, 2.57] 
 

 

Kindler [143] 2.9 [2.4, 4.52] 
 

 

Moore [144] 3.6 [3.29, 4.11] 
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Figure 2.6 Box plot of the observed (colored) and predicted (grey) median 

PFS in untreated cancer patients stratified by cancer type and references. For 

observations, patient cohorts receiving placebo or active treatments were 

marked in blue and green, respectively. Medians and 95%PI are reported. 

 

Predictions and observations are in close agreement with 95%-ranges 

overlapping in most of the cases. 

2.5. Wrap up and future developments 

A translational modeling approach to predict TVDT distributions and PFS 

curves in population of untreated cancer patients from tumor growth data in 

PDX mice was developed and successfully applied on eleven types of solid 

cancers. It is a multistep procedure that essentially relied on the assumption 

of an exponential growth of human solid tumors.   

First, for each cancer type, a set of tumor growth studies in PDX mice was 

analyzed through a mathematical modeling approach, allowing to derive the 

exponential tumor growth rate characterizing the initial tumor growth phase 

in mice. To this aim, the Simeoni growth model [67] was applied and 

combined with a population approach. A lognormal distribution for the 

exponential tumor growth rate was identified for each cancer type, 

accounting for the variability between different PDX mouse models (called 

Cancer type Reference 
Observed median PFS 

[month] with 95% CI 

Predicted 

median PFS 

[month] with 

95% PI  

SA 

Gounder [145] 2.10 [1.51, 3.06] 

1.4 [1.1, 1.7] 

 

 

Kawai [146] 1.75 [0.93, 2.91] 
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inter-PDX variability). Then, the exponential growth rates were scaled up 

from mice to humans. According to the allometric scaling rules, the values 

of the exponential growth rate in mice, 𝑘𝑔,𝑚𝑖𝑐𝑒 = 𝜆0, were adjusted based on 

body weight. The inter-PDX variability was propagated, and a lognormal 

distribution was derived for the exponential tumor growth rates in humans, 

𝑘𝑔,ℎ𝑢𝑚𝑎𝑛, for each cancer types. The obtained 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛 (individual values 

and distributions) were used to predict the TVDT distributions and PFS in 

untreated cancer patients.  

TVDT predictions were compared to literature values in untreated cancer 

patients, showing very good agreement. Predicted and observed TVDT 

medians were very close (RMSE = 0.9244 months), with predictions within 

1.5-fold of observations for all cancer types except for sarcoma, which was 

the worst-predicted case. 83.59% of the 265 individual TVDTs fell within 

the reported clinical ranges (80% CI). Regarding inter-patient variability, the 

80% PI of predicted TVDTs aligned with the 80% CI of the clinical values. 

However, the comparison of observed and predicted standard deviations of 

TVDTs highlighted an underestimation of inter-patient variability for some 

cancer types. This could be partially due to the limited number of considered 

PDX mouse models (n=25) for each cancer type compared to the wider 

cohorts of patients from which the clinical estimates of TVDT were derived. 

Indeed, the estimated inter-PDX variability increased with the number of 

PDX mouse models (intermediate results not shown), supporting this 

hypothesis. Other causes, such as the intrinsic limitation of PDX mouse 

models in capturing inter-patient heterogeneity or non-exponential growth of 

tumors in humans, could not be excluded. 

Regarding PFS curves, KM-VPC plots were constructed comparing 

simulated clinical trials, each composed of 200 patients, with PFS plots from 

published clinical studies. No useful PFS data were found in the literature 

for BR cancer, ADC, and SCC of the lung. Additionally, studies including 

patient cohorts receiving placebo were available only for some cancer types 

(i.e., CC, CR, LI cancers, and SA). For others, PFS predictions were 

compared with those reported in studies involving patient cohorts treated 

with supportive care or therapies exerting limited anticancer effects on tumor 

growth (ORR ≤ 10%). Even though the comparison is qualitative, it is 

interesting to note that in most cases, the observed and simulated curves are 

close, suggesting that the translational modeling approach is suitable for 

predicting PFS in the absence of drug anticancer effects. Results are further 

confirmed by the agreement between the observed and predicted median 

PFS. 
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Nevertheless, further considerations about the assumptions and hypotheses 

made are needed.  

First, the approach relies on the assumption that the natural growth of human 

solid tumors can be approximated by exponential growth, at least during the 

clinical observational period. Second, the exponential tumor growth rates 

were allometrically scaled from mice to humans according to body weight 

raised to the power of –α, as typically done for metabolic rates. Even though 

the allometric scaling approach to tumor growth has already been applied in 

other translational works, this is the first study where tumor growth dynamics 

were simultaneously scaled in a multitude of cancer types using the same 

allometric mouse-human conversion factor, which is a different assumption 

compared to the one made by Baaz et al [81]. α was first fixed to 1/3, and 

then estimated by minimizing the differences between the observed and 

predicted median TVDTs. The value simultaneously estimated for all eleven 

cancer types (α = 0.3444, SE = 0.00684) was very close to the fixed 

allometric factor, supporting the initial choice. α values separately estimated 

for each cancer type were strongly consistent (α ranged from 0.3068 to 

0.3753 for all cancer types, except for SA, for which α = 0.1070 – see Table 

A7 in Appendix A) and always close to 1/3, providing further empirical 

support to the adopted allometric scaling rule. Third, PFS curves consider, 

by definition, both PD events and deaths. In RECIST 1.1, PD events were 

defined as: i) target lesion progression (i.e., at least a 20% increase in SLD 

of target lesions with an absolute increase of at least 5 mm, taking as 

reference the smallest sum), ii) unequivocal progression of existing non-

target lesions, or iii) appearance of one or more new lesions. However, in 

this work, PFS curves were simulated considering only PD events triggered 

by target lesion progression, simply defined as a 20% SLD increase. Of 

course, neglecting non-target progression and death events could lead to a 

possible overprediction of PFS. Conversely, not imposing the 5 mm 

threshold on the absolute SLD increase of the target lesions could potentially 

result in an overprediction of PD events and thus in an underprediction of 

PFS, balancing the previous bias. Finally, in this work, eleven different solid 

cancer types were considered, clustered and classified by primary site and/or 

histological type. More specific sub-stratification based on molecular 

characteristics and/or gene expression was hampered by the lack of adequate 

panels of PDX mouse models and clinical data for validating predictions. 

This led to an over-generalization of certain cancer types. 

Overall, the proposed framework is able to adequately predict TVDT 

distributions and PFS in untreated cancer patients starting only from tumor 

growth data in PDX mice. Due to the encouraging results, we decided to 
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move to the next step and include the drug effect in the translational 

framework. 
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Chapter 3  

3 Predicting tumor growth dynamics 

and Progression-Free Survival in 

treated patients from PDX mice 

experiments* 

In this chapter, we expand upon the previous translational framework to 

incorporate the impact of drug treatments on tumor dynamics. In this step 

our approach aims to predict both the temporal tumor dynamics and the PFS, 

which is subsequently derived. This chapter serves a dual purpose: proposing 

a framework for predicting tumor dynamics in clinical settings and validating 

this approach using two preclinical-clinical case studies. 

This chapter structure mirrors Chapter 2. Section 3.1 introduces the general 

framework for translating TGI from PDX mouse models to clinical settings. 

Section 3.2 presents case studies, and the associated data used to develop and 

validate the framework. Subsequently, Section 3.3 focuses on the developed 

TGI model in PDX mice, while Section 3.4 discusses the scaling process and 

compares tumor growth dynamics and PFS curves with those observed in 

existing literature. Finally, Section 3.5 summarizes and discusses the key 

findings, providing a detailed interpretation of the results and offering a 

rationale for advancing to the next phase of the study. It also briefly 

addresses potential directions for future research. 

 

 

* The content of this chapter is also presented in the article titled "Predicting Tumor 

Dynamics and Progression-Free Intervals in Treated Patients from Patient-Derived 

Xenograft Mouse Models: A Translational Model-Based Approach," which has been 

submitted to the Journal of Pharmacokinetics and Pharmacodynamics. 
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3.1. Translational framework for tumor growth 

dynamics under anticancer treatments 

Starting with the translational framework introduced in Section 2.1, a 

modeling approach is developed to forecast tumor size dynamics and PFS 

curves for cancer patients undergoing specific anticancer treatments, using 

TGI data obtained from PDX mice. This approach (Figure 3.1) follows a 

multistep procedure. Initially, a population TGI model is constructed to 

characterize the distribution of exponential tumor growth rates and the 

potency of anticancer drugs in PDX mice. Subsequently, these parameters 

are scaled allometrically from mice to humans and utilized to construct a 

TGI model that predicts tumor size dynamics in treated cancer patients. Next, 

OS TTE model built on historical clinical studies is integrated to incorporate 

mortality outcomes. Finally, the predicted tumor size dynamics and mortality 

processes are employed to derive corresponding PFS curves. 

 

 
Figure 3.1 Flow chart representing the translational modeling approach. 

 

3.1.1. Mathematical modelling of TGI in PDX mice 

The first step is the characterization of PDX tumor size dynamics using a 

TGI model describing exponential tumor growth and drug effects. A 

population-based approach is employed to simultaneously analyze data from 

all PDX studies. In herein described version of this framework, drug effects 

are driven by drug concentration profiles and modeled with a first-order drug 

effect parameter. This model structure will be referred to henceforth, while 

the overall framework can be adapted affectively to accommodate variations. 

 

Both the exponential growth rate, 𝑘𝑔, and drug effect, 𝑘𝑑 , are assumed to 

follow lognormal distributions and are parametrized accordingly. The 

lognormal distribution of the exponential growth rate is parametrized as  
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𝑘𝑔,𝑖 = 𝑘𝑔,𝑝𝑜𝑝 ⋅ 𝑒
𝜂𝑘𝑔,𝑖  as well as the drug effect 𝑘𝑑,𝑖 = 𝑘𝑑,𝑝𝑜𝑝 ⋅ 𝑒

𝜂𝑑,𝑖 , where 

𝑘𝑔,𝑝𝑜𝑝 and 𝑘𝑑,𝑝𝑜𝑝 represents the typical population parameter (median) for a 

specific cancer type, and (𝜂𝑘𝑔 , 𝜂𝑘𝑑) are normally distributed and follow a 

multivariate normal distribution with mean zero and standard deviation 𝛺 =

 (
𝜔𝑘𝑔
2 𝜔𝑘𝑔,𝑘𝑑

𝜔𝑘𝑔,𝑘𝑑 𝜔𝑘𝑑
2 ), accounting for inter-PDX model variability and eventual 

correlation between random effects. 𝑘𝑔,𝑖 and 𝑘𝑑,𝑖 represents the exponential 

tumor growth rate and the drug potency of the 𝑖𝑡ℎ - PDX model, respectively. 

 

Plasma concentration values can be incorporated into the model using 

different approaches. If PK data were collected simultaneously with the TGI 

study being analyzed, a PK/PD model could be developed. However, if PK 

information was already available from a previously developed model, that 

model could be used to derive the plasma concentration values. 

3.1.2. Scaling of exponential growth rate and anticancer drug 

potency 

The exponential tumor growth rate and drug potency are scaled up from PDX 

mice to humans. Following the strategy proposed in the unperturbed tumor 

step (Eq. 1), an allometric scaling approach is applied also to drug-related 

parameter: 

 

𝑘𝑑,ℎ𝑢𝑚𝑎𝑛 [
𝐿/𝑔

𝑚𝑜𝑛𝑡ℎ𝑠
] =  30 ⋅ 𝑘𝑑[

𝐿/𝑔

𝑑𝑎𝑦𝑠
] ⋅ (

𝐵𝑊ℎ𝑢𝑚𝑎𝑛

𝐵𝑊𝑀𝑖𝑐𝑒

)
−𝛼

⋅
𝑓𝑢,ℎ𝑢𝑚𝑎𝑛
𝑓𝑢,𝑚𝑜𝑢𝑠𝑒

 
 

(4) 

 

where 𝐵𝑊ℎ𝑢𝑚𝑎𝑛  and 𝐵𝑊𝑚𝑜𝑢𝑠𝑒 represented the standard body weight of 

humans (70Kg) and mice (0.025Kg), respectively, 𝛼  (=1/3) was the 

allometric exponent and 𝑓𝑢,ℎ𝑢𝑚𝑎𝑛  and 𝑓𝑢,𝑚𝑜𝑢𝑠𝑒  represent the drug-specific 

unbound fraction in human and mouse, respectively. 

A multivariate lognormal distribution is predicted propagating the inter-PDX 

variability. Distribution is parametrized as follows: 

 

(
𝑘𝑔,ℎ𝑢𝑚𝑎𝑛,𝑖
𝑘𝑑,ℎ𝑢𝑚𝑎𝑛,𝑖

) = (
𝑘𝑔,ℎ𝑢𝑚𝑎𝑛,𝑝𝑜𝑝
𝑘𝑑,ℎ𝑢𝑚𝑎𝑛,𝑝𝑜𝑝

) 𝑒𝜂ℎ𝑢𝑚𝑎𝑛,𝑖 
 

(5) 

 

where 𝜂
ℎ𝑢𝑚𝑎𝑛

= (𝜂𝑘𝑔,ℎ𝑢𝑚𝑎𝑛 , 𝜂𝑘𝑑,ℎ𝑢𝑚𝑎𝑛)
𝑇

~ 𝑁(0, Ωℎ𝑢𝑚𝑎𝑛) with Ωℎ𝑢𝑚𝑎𝑛 = Ω. 
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3.1.3. Predicting tumor dynamics in treated cancer patients 

Tumor volume dynamics in treated cancer patients is supposed to be 

described by the Claret’s TGI model [64] assuming no resistance effect 

acting of the drug effect in inhibiting tumor growth: 

 

𝑑𝑇𝑉(𝑡)

𝑑𝑡
= (𝑘𝑔,ℎ𝑢𝑚𝑎𝑛 − 𝑘𝑑,ℎ𝑢𝑚𝑎𝑛 ⋅ 𝑐(𝑡)) ⋅ 𝑇𝑉(𝑡) 

 

(6) 

 

where TV(t) denotes the tumor volume, 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛  the exponential tumor 

growth rate, 𝑘𝑑,ℎ𝑢𝑚𝑎𝑛 the anticancer drug potency and 𝑐(𝑡) the plasma drug 

concentration.  

 

As tumor diameter is generally used as a measure of structural tumor changes 

in the clinical settings, the model-predicted tumor volume 𝑇𝑉(𝑡)  is 

converted into the corresponding tumor diameter 𝑇𝐷(𝑡) using the formula 

for a sphere: 

 

𝑻𝑫(𝒕) = 𝟐 ∙ √
𝟑 ∙ 𝑻𝑽(𝒕)

𝟒𝝅
  

 

Drug concentration profiles could be either simulated from an existing PK 

model or could be predicted from preclinical/nonclinical study for a fully 

translational step. 

3.1.4. Simulating tumor dynamics and PFS curves in treated 

cancer patients 

In order to simulate tumor dynamics, 200 virtual cancer patients are 

generated, each characterized by a set of individual parameters of the Claret 

TGI model [64], i.e., ( 𝑘g,ℎ𝑢𝑚𝑎𝑛,𝑗;  𝑘d,ℎ𝑢𝑚𝑎𝑛,𝑗;  𝑇𝑉0,𝑗 ). In particular, 

𝑘g,𝐻𝑢𝑚𝑎𝑛,𝑗  and 𝑘d,𝐻𝑢𝑚𝑎𝑛,𝑗  are extracted from the scaled multivariate 

lognormal distribution. Instead, 𝑇𝑉0,𝑗  is sampled from the distribution of 

observed tumor volumes, if the purpose is to compare tumor growth 

trajectories, or fixed at a unit value, if the purpose is only to derive disease 

progression curves. For each virtual cancer patient, the dynamics of tumor 

diameter are simulated assuming strict adherence to the treatment protocol 

without any modifications or interruptions throughout the entire simulation 

time.  
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To compute PFS, the time to progression, 𝑇𝑝,𝑗 , for the virtual patient j is 

derived from the predicted individual tumor dynamics, 𝑇𝐷𝑗(𝑡). To this end, 

following the simplification hypothesis adopted in the previous Chapter, 

only PD events caused by a 20% increase of pre-identified target lesion are 

considered. Then, to account for death events, a TTE model for mortality 

risk is coupled to sample patient’s time of death 𝑇𝑑,𝑗. Finally, time of PFS 

event (i.e. PD event or death) is computed combining time to progression 

and time to death as 𝑇𝑃𝐹𝑆,𝑗 = min (𝑇𝑝,𝑗 , 𝑇𝑑,𝑗) . A Monte Carlo simulation 

framework, accounting for parameter estimation uncertainty, is employed to 

enhance the generalizability and robustness of predictions. To this end, the 

previous procedure is repeated 1000 times, i.e., 1000 in silico trials in 1000 

virtual patient cohorts each composed by 200 individuals are performed. 

Medians and 90% prediction intervals (90%PIs) across the 1000 replicates 

are, then, computed for both tumor diameter trajectory and PFS curve. 

Additional details on the simulation procedure were reported in the 

Appendix B (Montecarlo simulation procedure section). 

3.2. Case studies and data availability 

Two case studies have been used to develop and validate this translational 

step. The choices of this case studies have been due to data availability of 

both preclinical and clinical data. The first case study regards patients with 

pancreatic cancer treated with Gemcitabine, the second one regards patients 

with hepatocellular cancer treated with Sorafenib. 

3.2.1. In vivo TGI studies in PDX mice 

Two panels of PDX mouse models for pancreatic (n=27) and hepatocellular 

(n=24) cancer were derived from HuBase database (Crownbio Bioscience 

Inc., https://www.crownbio.com/). For each PDX mouse model a single TGI 

study composed of a control and a treated arm (both involving several mice) 

was selected. For pancreatic cancer, treated mice received Gemcitabine 

administered intraperitoneally (i.p.) or intravenously (i.v.) with different 

protocols. For hepatocellular cancer, Sorafenib was administered orally 

(o.s.) to treated mice at different dose and schedules. 

For each TGI study, average tumor weights in control and treated arms were 

made available. The complete list of analyzed experiments with information 

on the administration protocols can be found in Table B1 and Table B2 in 

Appendix B for pancreatic cancer-Gemcitabine and hepatocellular cancer-

Sorafenib, respectively. 
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3.2.2. TGI and PFS data in cancer patients 

To accurately validate TGI and PFS predictions, it is essential to gather 

reliable clinical data across various cancer types and treatments. 

 

Longitudinal tumor profiles in pancreatic and hepatocellular patients 

receiving Gemcitabine or Sorafenib, respectively, were searched to validate 

predicted tumor dynamics. For Gemcitabine treatment of pancreatic cancer, 

the TGI model for the SLDs developed by Garcia-Cremades et al. [80] was 

taken as reference. Instead, for sorafenib treatment of hepatocellular cancer, 

no adequate clinical data or models for longitudinal tumor dynamics were 

found. 

 

Additionally, for each case study, literature was searched to retrieve 

appropriate PFS data to validate PFS predictions. KM plots from clinical 

studies published in the literature were digitized. The median PFS values and 

their 90% confidence intervals (90%CI) were reconstructed, following the 

procedure described in the previous chapter. 

 

For pancreatic cancer, in all the selected studies (reported in Table 3.1) 

patients are assumed to be treated following the nominal standardized 

protocol for Gemcitabine monotherapy: weekly 30-minute i.v. infusion of 

1000 mg/m2 for 7 weeks (or until unacceptable toxicity), followed by a 1-

week rest period; subsequent cycles involved weekly infusions for 3 

consecutive weeks out of every 4 [147]. 

 

Table 3.1 Selected PFS data for the gemcitabine treatment of the pancreatic 

cancer. 

Reference Number of 

patients in the 

Gemcitabine 

group 

Median 

[90%CI] PFS 

time [months] 

1-year survival 

rate 

Hong [148] 56 3.6 [3.0 – 4.2] 31.7% 

Kindler [149] 316 4.4 [3.9 – 5.0] 24.0% 

Nakai [150] 53 3.6 [2.3 – 4.8] 30.2% 

Ozaka [151] 59 3.8 [2.4 – 5.1] 29.0% 

 

For hepatocellular cancer, ethnicity resulted a significant covariate for both 

tumor growth rate and response to sorafenib treatment [136, 152]. Studies 

have shown that Asian patients experienced shorter PFS compared to non-

Asian ones [135]. Since all the considered PDX mouse models are derived 

from Asian patients (Table B2), the analysis is limited to clinical trials 

involving only Asian patients. Selected studies are listed in Table 3.2. In all 



Predicting TG and PFS in treated patients from PDX mice  

 

 43 

of them, the nominal protocol involved 400 mg of Sorafenib (two 200 mg 

tablets) taken orally twice daily, amounting to a total daily dose of 800 mg. 

Treatment should be maintained until either a clinical benefit is evident or 

unacceptable levels of toxicity are reached [153]. 

 

Table 3.2 Selected PFS data for the gemcitabine treatment of the pancreatic 

cancer. 

Reference 

Number of 

patients in the 

Sorafenib group 

Median 

[90%CI] PFS 

time [months] 

1-year survival 

rate 

Park [154] 169 3.6 [3.1 -3.8] 46.5% 

Qin [155] 331 3.6 [3.1 – 3.7] 45.0% 

Kudo [156] 103 3.5 [2.7 - 4.3] 46.1% 

Lyu [157] 132 4.3 [3.7 – 4.9] 25.8% 

 

3.3. TGI Model in PDX mice  

For each case study, the PK/PD Simeoni TGI model [67] is used to describe 

TGI data and characterize the exponential tumor growth rate and anticancer 

potency in PDX mice. In absence of treatment, the model assumes an 

exponential tumor growth pattern followed by a linear one, which are 

determined by the rates 𝜆0 [1/𝑑𝑎𝑦]  and 𝜆1 [𝑐𝑚3/𝑑𝑎𝑦] , respectively. In 

treated animals, the model assumes that a fraction of cells, hit by the drug, 

becomes not proliferating and progresses to death through a sequence of 

three damage stages according to the first-order constant 𝑘1 [1/𝑑𝑎𝑦] . 

Anticancer drug effect is governed by plasma concentration through the 

𝑘2 [
𝐿

𝑚𝑔∙𝑑𝑎𝑦
] parameter representing the drug potency. 

 

Drug concentration profiles in input to the Simeoni TGI model is simulated 

with PK models derived from the literature. For Gemcitabine i.v. the two 

compartment model with linear elimination reported in [75] is used. For i.p. 

administration, a linear absorption compartment is added, and absorption 

rate is identified on data derived from [74]. For Sorafenib o.s., the two 

compartment PK model developed by Choi et al. [158] is adopted. For both 

the case studies, details about the PK models and the parameter values are 

reported in the Mice PK models in Appendix B. 

 

Model fitting is performed assuming i) for the Gemcitabine – pancreatic 

cancer case study, a combined residual error, i.e., 𝑦 =  𝑓 +  𝑏 ∙  𝑓 ∙ 𝜀1 + 𝑎 ∙

𝜀2, where 𝒚 is the measurement, 𝑎 a coefficient representing the standard 

error, 𝑏 a coefficient representing the coefficient of variation, 𝒇 the model 
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prediction and  𝜀1 and 𝜀2 standardized random variables normally distributed 

and ii) for the Sorafenib – hepatocellular cancer case study, a proportional 

residual error, i.e., 𝑦 =  𝑓 +  𝑏 ∙  𝑓 ∙ 𝜀 , where 𝒚 is the measurement, 𝑏 a 

coefficient representing the coefficient of variation, 𝒇 the model prediction 

and  𝜀 a standardized random variable normally distributed. Random effects 

accounting for inter-PDX variability is introduced on all the parameters. 

Correlation is included only between random effects of 𝜆0 and 𝑘2. 

 

Estimated parameters for the two case studies are reported in Table 3.3, 

diagnostic plots in the Model fitting of preclinical TGI studies section in 

Appendix B. 

 

Table 3.3 Estimated TGI model parameters in PDX mice. 

Parameter 

Gemcitabine 

- 

Pancreas cancer ** 

Sorafenib 

- 

Hepatocellular cancer 

*** 

𝜆0[𝑑𝑎𝑦
−1] 

𝜆0,𝑝𝑜𝑝 0.1 (11.4%) 0.11 (3.72%) 

𝜔𝜆0 0.61 (16.6%) 0.54 (18.3%) 

𝜆1[𝑐𝑚
3

∙ 𝑑𝑎𝑦−1] 

𝜆1,𝑝𝑜𝑝 0.037 (16.2%) 0.056 (11.9%) 

𝜔𝜆1 0.8 (14.4%) 0.51 (17.3%) 

𝑘1[𝑑𝑎𝑦
−1] 

𝑘1 0.21 (46.4%) 2.17 (33.8%) 

𝜔𝑘1 1.97 (24.4%) 1.01 (28.1%) 

𝑘2[𝐿

∗ 𝑚𝑔−1

∗ 𝑑𝑎𝑦−1] 

𝑘2 0.56 (32.4%) 0.0061 (13.2%) 

𝜔𝑘2 
1.55 (19.0%) 0.63 (16.1%) 

𝑇𝑉0 [𝑐𝑚
3] 

𝑇𝑉0 0.0069 (26.0%) 0.18 (4.0%) 

𝜔𝑇𝑉0 1.23 (14.7%) 0.17 (16.5%) 

𝜌𝑘2,𝜆0 ∗ 0.44 (64.1%) 0.87 (6.8%) 

𝑎[−] 0.0036 (21.4%) - 

𝑏[−] 0.13 (4.2%) 0.092 (3.8%) 

Notes: (*) 𝜌𝑘2,𝜆0 = 𝜔𝜆0,𝑘2 (𝜔𝜆0⁄ ∙ 𝜔𝑘2) is the correlation between the random effects of 𝜆0 

and 𝑘2. (**) Initial tumor size is referred to time of the inoculous. (***) Initial tumor size 

is referred to the first measurement.  

 

It is critical to note that within this framework, the exponential tumor growth 

rate 𝑘𝑔 corresponds directly to the parameter 𝜆0 , while the anticancer drug 

potency rate 𝑘𝑑  corresponds to the parameter 𝑘2. This correspondence is 

fundamental for translating purposing. 
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3.4. Predicted tumor growth dynamics and PFS in 

treated cancer patients  

Estimated values for the tumor growth rate and anticancer drug potency,  𝜆0 

(equivalent to 𝑘𝑔 ) and 𝑘2 (equivalent to 𝑘𝑑 ), are scaled up from mice to 

humans according to the allometric rules reported in Eq.1 and Eq.4. 
𝑓𝑢,ℎ𝑢𝑚𝑎𝑛

𝑓𝑢,𝑚𝑜𝑢𝑠𝑒
 

ratio is set to 1 in both case studies [159, 160], assuming no significant 

difference in the unbound fraction between species. 

  

To complete the translational framework, for both case studies, the TTE 

models for mortality risk were developed based on OS data from the 

literature clinical trials with the largest patient cohorts, i.e. [149, 154], 

respectively (please refer to Time to event model building for OS section in 

Appendix B). 

3.4.1. Gemcitabine treatment of pancreatic cancer 

Virtual patients (𝑘g,ℎ𝑢𝑚𝑎𝑛,𝑗;  𝑘d,ℎ𝑢𝑚𝑎𝑛,𝑗) distribution is plotted in Figure 3.2.  

 

 
Figure 3.2 Log-transformed marginal distributions of the 𝑘g,Human and 

𝑘d,Human  for the generated pancreatic cancer virtual patients treated with 

gemcitabine. 
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The initial tumor size 𝑇𝑉0 values are derived from a lognormal distribution 

based on the work of Garcia-Cremades et al [80]. In particular, 𝑇𝑉0,𝑖 [𝑐𝑚
3]= 

115.3ⅇ𝜂𝑇𝑉𝑖  where 𝜂𝑇𝑉𝑖~ 𝑁(0,0.16) is obtained transforming the distribution 

of initial tumor size reported in terms of volumes. 

 

Drug concentration profiles are simulated using the population PK model 

developed by Zhang et al. [161] where gemcitabine i.v. pharmacokinetic is 

described by the two compartment-model.  

 

Longitudinal tumor dynamics predicted from the PDX data are compared 

with SLD profiles simulated using the TGI model of Garcia-Cremades et al 

[80]. To allow comparison, the simulation procedure to simulate clinical data 

from preclinical is applied also for the clinical TGI model adopted as 

reference. Comparing predictions of the two models (Figure 3.3), a notable 

overlap between the curves is evident. 

 

 
Figure 3.3 VPC of the simulated SLD trajectories over a 14-months period 

under the standard gemcitabine treatment schedule. Simulated tumor 

dynamics predicted from PDX mice data and by the Garcia-Cremades TGI 

model were reported in black and red, respectively. Solid lines represent the 

median and the 5th and 95th percentiles; dashed areas the corresponding 

90%PI. 

 

Overall, tumor profiles predicted from PDX data are in good agreement with 

the SLD trajectories simulated using the reference clinical model. In 

particular, the two median tumor profiles result very closed for the entire 
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period, showcasing nearly complete alignment between the model informed 

by the PDX studies and the one developed based on clinical data. However, 

considering the 5th and 95th percentiles, the model informed from the PDX 

data predicts a greater anticancer effect for Gemcitabine or a slower tumor 

growth respect to the clinical model. This discrepancy is probably due to the 

presence of a drug resistance mechanism that is incorporated in the model 

developed by Garcia et al., resulting in a diminished effect already after 2 

months, and not consider in the TGI model scaled from PDX mice. 

 

Regarding PFS, the translational approach predicts a median 𝑇𝑃  of 5.6 

months, with a 90%PI between 2.6 and 8.5 months. The TTE model that best 

describes the mortality risk is a generalized gamma distribution which 

predicts a median 𝑇𝑑 of 8.1 months, with a 90%PI = [6.6, 9.5]. Time of PFS 

events is computed combined 𝑇𝑝  and 𝑇𝑑 . According to the fact that 

pancreatic cancer is associated with elevated mortality risk and shorter life 

expectancy (Table 3.1), deaths are the most frequent triggering events for 

PFS dynamics, accounting for an average of 60.0% (range 38.5-78.0%) of 

PFS events. The predicted median PFS duration 𝑇𝑃𝐹𝑆 stood at 3.7 months, 

with a 90%PI = [2.4, 5.5] months. Both the median duration (Table 3.1, 

Figure 3.4A) and the overall shape of the PFS curve (Figure 3.4B) align 

closely with clinical observations. 

 
Figure 3.4 (A) Median PFS times for pancreatic cancer treated with 

Gemcitabine. Solid dots and lines indicate the median PFS times and their 

90%PI, respectively, with black representing reference data and red 

representing predicted values. (B) KM-VPC plots (grey areas) generated 

from 1000 virtual clinical trials composed of 200 individuals with pancreatic 

cancer treated the standard gemcitabine schedule were superimposed to PFS 

curves taken from literature studies (colored areas). Medians and 90%PI 

were reported. 
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3.4.2. Sorafenib treatment of hepatocellular cancer 

Virtual patients (𝑘g,ℎ𝑢𝑚𝑎𝑛,𝑗;  𝑘d,ℎ𝑢𝑚𝑎𝑛,𝑗) distribution is plotted in Figure 3.5. 

 

 
Figure 3.5 Log-transformed marginal distributions of the 𝑘g and 𝑘d for the 

generated hepatocellular cancer virtual patients treated with sorafenib. 

 

Sorafenib concentration profiles are simulated using the population PK 

model developed by Jain e al. [162]. It is composed by a central compartment 

and a four-compartment transition chain to account for absorption delay. 

Additionally, a semi-mechanistic model is integrated to depict the 

recirculation of the drug within the intestinal tract, known as enteropathic 

circulation. 

 

Unfortunately, for this case study adequate clinical data or mathematical 

models for longitudinal tumor dynamics to use as reference are not available. 

Therefore, initial tumor volume size 𝑇𝑉0,𝑗 = 1 𝑐𝑚3  since only PFS 

prediction can be matched with clinical data. 

Despite so, longitudinal tumor dynamics predicted from the PDX data are 

still produced and reported in Figure 3.6. 

 



Predicting TG and PFS in treated patients from PDX mice  

 

 49 

 
Figure 3.6 VPC of the simulated SLD trajectories over a 14-months period 

under the standard sorafenib treatment schedule. Solid lines represent the 

median and the 5th and 95th percentiles; dashed areas the corresponding 

90%PI. 

 

Regarding the PFS predictions, the translational approach predicts a median 

𝑇𝑝 of 5.1 months, with a 90%PI from 4.2 to 5.9 months. In this case, death 

events, modeled using a log-logistic function predicts a median 𝑇𝑑 of 10.8 

months, with a 90%PI = [8.1, 14.9]. Death has a smaller impact on PFS 

dynamics according to the relatively lower aggressiveness of hepatocellular 

cancer compared to pancreatic cancer (Table 3.1, 3.2 and Table B5, B8). 

Death triggered only 26.0% of PFS events (range of 19.5-41.5%). 

Ultimately, while the predicted median PFS of 4.3 months (90% PI 3.6-5.2 

months) shows reasonable alignment with the observed data (Fig. 3.7), it is 

worth noting that the median predicted PFS falls outside the confidence 

intervals for three out of four studies. Additionally, while the shape of the 

PFS vs. time curve generally reflects the observed data, there are some 

deviations, particularly towards the end. 



Predicting TG and PFS in treated patients from PDX mice  

 

 50 

 

Figure 3.7 (A) Median PFS times for hepatocellular cancer treated with 

Sorafenib. Solid dots and lines indicate the median PFS times and their 

90%PI, respectively, with black representing reference data and red 

representing predicted values. (B) KM-VPC plots (grey areas) generated 

from 1000 virtual clinical trials composed of 200 individuals with 

hepatocellular cancer treated the standard Sorafenib schedule were 

superimposed to PFS curves taken from literature studies (colored areas). 

Medians and 90%PI were reported. 

3.5. Wrap up and future developments 

In this work, a translational modeling framework to predict longitudinal 

tumor size dynamics and PFS curves in cancer patients undergoing an 

anticancer treatment from TGI data in PDX mice was proposed. To this end, 

the unperturbed tumor-based translational approach presented in the 

previous section was extended to incorporate the effects of anticancer 

therapies. The result is a multistep procedure that, from a theoretical point 

of view, can be applicable to a multitude of cancer type and anticancer 

treatment. This general approach was here applied on two case studies, i.e., 

the gemcitabine treatment of pancreatic cancer and the sorafenib treatment 

of hepatocellular cancer. For each cancer type and anticancer treatment, first, 

a set of TGI studies in a panel of PDX mouse models was analyzed through 

a mathematical modeling approach to estimate the exponential tumor growth 

rate and the drug anticancer potency in PDX mice. To this aim, the Simeoni 

TGI model [67] was applied and combined with a population (non-linear 

mixed effect) approach. A multivariate lognormal distribution for the 

exponential tumor growth rate and anticancer drug potency was identified 

accounting for the inter-PDX variability. Second, parameters were scaled up 

from PDX mice to humans adopting an allometric scaling strategy (Eq. 1,4). 

The inter-PDX variability was propagated, and a multivariate log-normal 
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distribution was derived for, 𝑘𝑔,𝐻𝑢𝑚𝑎𝑛 − 𝑘𝑑,𝐻𝑢𝑚𝑎𝑛  (Eq. 5). Scaled 

parameters were used to inform a TGI model predicting tumor size dynamics 

in cancer patients under anticancer drug treatment. To this end, the Claret 

TGI model [64] was adopted and combined with clinical PK models derived 

from the literature. Third, PD events were computed based on the simulated 

tumor size dynamics. They were combined with a TTE model for mortality 

risk, which was derived from literature data, to construct the expected PFS 

curves.  

 

For the case study of gemcitabine treatment of pancreatic cancer, a panel of 

27 TGI studies in PDX mouse model was considered. From that, the 

longitudinal tumor size dynamics in a population of virtual patients 

undergoing standard Gemcitabine administration protocol were predicted. 

SLD profiles simulated with a TGI model directly developed on clinical data 

were used as benchmark against which validate the predictions. The scaled 

TGI model informed from PDX data demonstrated robust predictive 

capabilities, predicting a median SLD profile extremely closed to the clinical 

one. Differently, more extreme percentiles, i.e., 5th and 95th percentiles, of 

clinical SLD profiles resulted under-predicted by the PDX-informed TGI 

model. This discrepancy could be due to different factors. For example, the 

model derived from the PDX data did not consider the mechanism of 

resistance to Gemcitabine, which was instead incorporated into the clinical 

model. Further, the inter-individual variability affecting tumor growth and 

response to Gemcitabine in cancer patients could not be fully grasped by the 

inter-PDX viability identified on limited number of PDX mouse model. A 

not-perfectly exponential growth of pancreatic cancer could not be a priori 

excluded. For what regard predictions of PFS, considering only PD events 

(due to target lesions), not including any drug-resistance, and neglecting 

deaths resulted in overestimation of the PFS times reported in the clinical 

trials (Figure B7 and B8 of Appendix B). However, when death events were 

incorporated by integrating a TTE model for mortality risk, the predicted 

PFS curves were closely aligned with clinical outcomes. 

Similarly, for sorafenib treatment of hepatocellular cancer, 24 TGI studies 

in PDX mice were analyzed with the Simeoni TGI model and parameter 

estimates used to inform the TGI model in humans. The predicted tumor size 

profiles in patients under standard sorafenib administration exhibited 

plausible dynamics. However, the lack of adequate clinical data or model 

prevented an actual validation. Regarding PFS, the translational modeling 

approach was able to adequate predict PFS curves, providing estimates of 

median PFS in good agreement with clinical observations. Here including 

death events in the PFS computation exerted a limited effect respect to the 

Gemcitabine case study, although predictions of PFS curves were improved. 
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The different impact of deaths in the two case studies was likely due to the 

different mortality risk (Table 3.1 and 3.2).  

Overall, the translational modeling framework resulted able to adequately 

predict tumor size dynamics and PFS in cancer patients undergoing 

anticancer treatments starting only from TGI data in PDX mice. 

Consequently, it could be a powerful tool to support the extrapolation of 

preclinical findings into the clinical settings. However, some limitations 

should be considered. First, a robust validation of the predicted tumor size 

dynamics is still missing due to the lack of adequate clinical data to use as 

benchmark. The TGI model adopted to describe tumor dynamics in humans 

relied on some relevant assumptions, such as an exponential tumor growth 

and an anticancer effect proportional to plasma drug concentration. These 

assumptions, here due to availability of data, was commonly adopted also in 

models directly developed on clinical data. Nevertheless, the presence of 

possible more complex dynamics, such as non-exponential tumor growth or 

resistance mechanisms to treatment, could not been exploded. Furthermore, 

PFS consider, by definition, both PD events and deaths. Accordingly, 

modeling of death events had a significant impact on the predicted PFS 

dynamics, especially for cancer type, such as pancreatic cancer, associated 

with a high mortality risk. In the present work, probability of death was not 

predicted from PDX studies but was described by a TTE model developed 

on clinical OS data from the literature. This represents a limitation of the 

current translational framework, as it requires the integration of clinical  

information to correctly predict PFS. Finally, although the proposed 

translational modeling framework intended to be a general approach 

applicable to different cancer type and anticancer treatment, it was evaluated 

only on two case studies. A further validation of the approach across a panel 

of cancer types and anticancer treatment is necessary to demonstrate 

generalizability of the obtained findings. 

Due to the encouraging results, we decided to move to the next step and 

explore possible applications of the proposed translational strategy
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Chapter 4  

4 Dynamic borrowing of synthetic 

patients for hybrid control arm 

generation 

 

In this chapter, we present the first application of the proposed translational 

framework. Specifically, we utilize this framework to create virtual cancer 

patients, which are then used, through frequentist dynamic borrowing 

techniques, to replace real patients in the control arms of clinical trials. 

Section 4.1 introduces the concepts of external and synthetic control arms. 

Section 4.2 describes the available dynamic borrowing techniques to 

integrate external/synthetic control data into clinical trials. Section 4.3 

describes the case studies, and the data used to evaluate the proposed 

application. Section 4.4 details the proposed pipeline for borrowing patients 

and describe the evaluation procedure used to assess the effectiveness of the 

approach. Section 4.5 presents the results, while Section 4.6 serves to wrap 

up and conclude the chapter. 

4.1. Control arm in cancer trials 

The control arm of a randomized clinical trial plays a fundamental role in 

estimating the efficacy and safety of an investigational therapy [163]. In 

oncology trials, patients in the control arm typically receive either a placebo 

or, more commonly, a reference treatment that represents the current 

standard of care [164]. Concurrently randomized control arms allow for an 
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understanding of temporally relevant factors associated with the natural 

history of the disease, particularly concerning contemporary clinical 

practices. This means that patients in both the experimental and control arms 

are randomized at the same time, ensuring that any differences in outcomes 

can be attributed to the treatment being tested, rather than changes in external 

factors over time [165]. Randomization also minimizes bias by balancing 

both measured and unmeasured prognostic factors across the treatment 

groups. However, for this study design to be effective, enough patients must 

be enrolled in the trial to ensure statistically meaningful results  [166]. 

Unfortunately, cancer clinical trials often struggle with low enrollment, 

which can delay research progress and increase the cost of developing and 

disseminating effective cancer treatments [167]. Researchers have identified 

numerous barriers to patient participation in clinical trials. Factors affecting 

motivation to participate include patient attitudes, perceptions of clinical 

trials, limited awareness, and willingness. Complex trial designs with strict 

inclusion and exclusion criteria further reduce the number of eligible 

participants. Inconsistent trial implementation and inadequate recruitment 

strategies can also hinder enrollment. Additionally, a lack of familiarity with 

and access to clinical trials on the part of healthcare providers often limits 

patient referrals [167–169]. 

 

When a concurrently randomized arm is not feasible in an oncology trial, 

single-arm trials may be an appropriate alternative. In these trials, tumor 

response rates serve as the endpoint for assessing treatment effect, with each 

patient's baseline tumor measurement acting as an internal control [163]. 

This approach relies on the assumption that most tumors will not shrink 

without intervention. 

4.1.1. External and synthetic control arms 

The US FDA has accepted the use of external controls to support regulatory 

decisions when justified [170]. External controls refer to control groups that 

are not part of the same randomized study as the investigational therapy 

group. Instead, these controls are derived from data sources outside the trial, 

such as results from other clinical trials, case studies, clinical experience 

documented in the literature, patient registries, or real-world data [171]. For 

example, external controls have been successfully used to support the 

accelerated approvals of blinatumomab and avelumab [172, 173]. However, 

relying on external controls can introduce biases, such as those related to 

patient selection or changes in disease prognosis and supportive care over 

time. These biases are significant factors that can contribute to high failure 
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rates in subsequent trials, highlighting the limitations of using external 

controls alone [174]. 

To address some of the limitations associated with external controls, 

Synthetic Control Arms (SCAs) offer a more advanced approach. Unlike 

static external controls, SCAs create virtual control groups using advanced 

statistical techniques. By leveraging historical data and various covariates, 

SCAs simulate what the outcomes might be in the absence of treatment, 

aiming to reduce biases related to baseline differences and other factors. This 

innovative method helps to overcome the challenges of limited or 

unavailable historical control data and allows for more precise and dynamic 

comparisons in clinical trials. The use of SCAs has gained significant interest 

for its potential to streamline trial design, improve efficiency, and support 

more informed decision-making in cancer research. 

 

In summary, while external controls offer valuable insights, SCAs enhance 

trial accuracy by integrating and adjusting for a range of variables, thus 

bridging the gap between real-world complexities and controlled trial 

settings. 

4.2. Dynamic borrowing methods for SCA 

Building on the discussion of external and SCAs, this section will investigate 

into methods for assessing and utilizing external data in clinical trials. 

Specifically, we will explore how external data borrowing [175–178], when 

combined with matching techniques, can be used to create more robust 

SCAs. We will review three widely used methods for dynamic data 

borrowing, focusing on how they help evaluate the similarity between 

external studies and current trials to determine the feasibility of integrating 

external data effectively. 

 

Presenting the different techniques requires introducing three types of data: 

i) Data of current active treatment group: 𝒀𝑻 = 𝑌𝑇,1, … , 𝑌𝑇,𝑁𝑇 consists of 𝑁𝑇 

independent and identically distributes (iid) samples from a distribution with 

true mean 𝜇𝑇 and true variance 𝜎𝑇
2. ii) Data of current control group: 𝒀𝑪 = 

{𝑌𝐶,1, … , 𝑌𝐶,𝑁𝐶} consists of 𝑁𝐶 iid samples from a distribution with true mean 

𝜇𝐶  and true variance 𝜎𝐶
2 . iii) Data of external control group: 𝒀𝑬 = 

{𝑌𝐸,1, … , 𝑌𝐸,𝑁𝐸} consists of 𝑁𝐸 iid samples from a distribution with true mean 

𝜇𝐸 and true variance 𝜎𝐸
2. The null hypothesis under consideration is 𝐻0: 𝜇𝑇 =

 𝜇𝐶. 

 



Dynamic borrowing of synthetic patients for hybrid control arms  

 

 56 

The techniques presented in the following section are the most widely used 

and are supported by the most extensive literature. However, it is important 

to note that other techniques exist, but they will not be covered in this thesis.  

4.2.1. Test then pool 

This frequentist approach first performs a congruence test between 𝒀𝑬 and 

𝒀𝑪  at a prespecified significance level. If there no significant difference 

between 𝒀𝑬 and 𝒀𝑪, then 𝒀𝑬 will be fully borrowed, that is 𝒀𝑬 and 𝒀𝑪 will 

be pooled as the control group for the treatment effect evaluation. The 

selection of the significance level for congruence test is subjective. Larger 

significance level means more chance for historical data to be borrowed. 

4.2.2. Calibrated power prior 

Bayesian power prior method [179, 180] uses the external data to create an 

informative prior for analyzing the current data. Let 𝜃𝑐 denotes the effect in 

the current control group. Bayesian power prior method starts with a non-

informative initial prior 𝜋0(𝜃𝐶) , and assumes that historical data can be used 

to update the initial prior in the following way: 

 

𝜃𝑐 | 𝒀𝑬  ∝ 𝐿(𝜃𝑐 | 𝒀𝑬)
𝛿 ⋅ 𝜋0(𝜃𝐶) 

 

where 0 ≤  𝛿 ≤ 1. The above distribution is then used as prior to analyze the 

current data. When 𝛿 =  0, no historical data are borrowed and analysis will 

be done using only current data; when 𝛿 =  1 , historical data are fully 

borrowed to augment current control. Thus, larger value of δ means that more 

information from historical data is borrowed.  It is generally difficult to 

select an appropriate value for 𝛿  [181]. To alleviate this issue, Pan et al. 

[182] proposed a dynamic borrowing method by defining a calibrated power 

prior (CPP) using 𝛿 defined as 

 

𝛿 = (1 + ⅇxp(𝑎 + 𝑏 ⋅ log(𝑆)))−1 

 

where 𝑆 = 𝑚𝑎𝑥(𝑁𝐸 ,  𝑁𝐶)
1

4  ⋅ 𝐾𝑆 with KS is the Kolmogorov–Smirnov 

distance (maximum difference) between the empirical distributions of 𝒀𝑬 

and 𝒀𝑪, and 𝑎 and 𝑏 > 0 are tuning parameters. When 𝒀𝑬 and 𝒀𝑪 distribute 

differently, 𝛿 tends to be small and less historical data are borrowed; 

otherwise, when 𝒀𝑬 and 𝒀𝑪 distribute similarly, 𝛿 tends to be large and 

more historical data are borrowed. 
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4.2.3. Robust mixture prior 

Like the CPP method, the robust mixture prior (RMP) method [183] is also 

a Bayesian approach. Let 𝜋𝐻(𝜃𝐶)  be the distribution proportional to the 

likelihood 𝐿(𝜃𝑐 | 𝒀𝑬) from historical data. The RMP method suggests using 

the following mixture distribution of the initial prior 𝜋0(𝜃𝐶)  and 𝜋𝐻(𝜃𝐶)  as 

the prior to analyse current data: 

 

𝑤𝜋𝐻(𝜃𝐶) + (1 − 𝑤)𝜋0(𝜃𝐶) 

 

where 0 ≤ 𝑤 ≤ 1. It is shown that specifying a prior distribution of the 

weight w is equivalent to assigning w the expectation of that prior. Therefore, 

𝑤 can be prespecified with a value in [0, 1]. 

4.3. Application 

The proposed application aims to use virtual patients, generated through the 

translational framework discussed earlier, as an external data source for 

generating SCAs in clinical trials. The process involves the following steps:  

 

1. Generation of virtual patients The translational framework is used 

to create virtual patient treated with a specific drug, starting from TGI 

studies in PDX mice. 

2. External Data Integration This virtual patient data is then used as 

an external data source for clinical trials, replacing the need for 

historical data. 

3. Application of Data Borrowing Techniques The test-and-pool 

borrowing technique is employed to integrate the virtual patient data 

with the trial data to generate hybrid control arms. 

4. Case Study Application: This approach has been tested in a case 

study to evaluate its effectiveness in a realistic setting. 

4.3.1. Case study and data 

The proposed application is tested using the case study of hepatocellular 

cancer treated with sorafenib. In this context, the sorafenib-treated group 

serves as the control arm for comparing various investigational treatments.  

Relevant clinical trials have been identified in the literature, specifically, 

three clinical trials (the FOHAIC-1 [157], SILIUS [156], and STAH [154] 

trials) were considered. In Table 4.1, some details of the analyzed studies are 

given. To derive clinical data, first PFS curves for both Sorafenib and 
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investigation arms were digitized.  Then, TTE data on individual progression 

times were generated from the digitized curves using the approach outlined 

in the Supplementary Section, "From digitized PFS to time-to-event data". 

 

Table 4.1 Summary of the investigated hepatocellular cancer clinical trials. 

Clinical trial Investigational 

treatment studied 

Number of 

patients in the 

Sorafenib arm 

Number of 

patients in the 

investigational 

arm 

FOHAIC -1  HAIC-FO (*) 132 130 

SILIUS  HAIC + Sorafenib 103 102 

STAH  cTACE + 

Sorafenib (**) 

170 
169 

* HAIC-FO: hepatic arterial infusion chemotherapy + infusional 

fluorouracil, leucovorin, and oxaliplatin (FOLFOX) regimens, ** cTACE: 

conventional transarterial chemoembolization. 

 

Since no precise information has been deduced about censoring, all the data 

has been treated as event data. 

4.3.2. Testing environment 

A hypothetical clinical trial is conducted to evaluate the impact of a given 

experimental drug for HCC cancer, with Sorafenib as the standard of care 

and reference. The primary endpoint of the study is PFS. The goal is to use 

the developed translational approach to generate virtual patients treated with 

Sorafenib, aiming to reduce the number of real patients needed for the 

control arm. 

 

The trial protocol involves 𝑁𝑇  patients receiving the investigational 

treatment (𝒀𝑻 ), and 𝑁𝐶  patients composing the hybrid control arm 𝒀𝑯 . 

Specifically, 𝒀𝑻 data is derived from the digitized information of the three 

clinical studies listed in Table 4.1. 𝒀𝑯 consists of both real patients 𝒀𝑪
′ , and 

virtual patients 𝒀𝑬
′ . Here, 𝒀𝑪 included 𝑁𝐶 real patient, with 𝒀𝑪

′  ⊆ 𝒀𝑪, while 

𝒀𝑬  included 𝑁𝐸 = 𝑁𝐶  virtual patient, with 𝒀𝑬
′  ⊆ 𝒀𝑬  . 𝒀𝑪  are also sourced 

from the digitized data of the aforementioned studies, while 𝒀𝑬 consists of 

virtual patients generated using the translational approach. 

 

Patients in the investigational arm 𝒀𝑻 are enrolled at the beginning of the 

trial. Instead, real patients in the control group are enrolled in cohorts, each 

consisting of 𝑛𝑐  patients. Specifically, the control group is divided into 5 

cohorts (𝒀𝑪 = ⋃ 𝒀5𝑖 𝐶,𝑖 
), each consisting of 𝑛𝑐  = 

𝑁𝐶

5
 patients. Virtual patients 

are integrated according to the borrowing approach described below. 
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Of note, since the primary endpoint is PFS, all 𝒀𝒙 data will be understood as 

the pair time of event (𝑇𝑃𝐹𝑆) and the event indicator (𝛿 = 1 for each patient). 

4.3.3. Dynamic borrowing strategy 

Building on the test-and-pool method, a frequentist dynamic borrowing 

algorithm is applied in this scenario, as illustrated in the flowchart in Figure 

4.1: 

 

• Step 0 At the outset, all the data from the experimental treatment arm 

are supposed to be available, while no real control patients have been 

already enrolled. Thus, the comparator arm, 𝒀𝑯, is initially composed 

entirely of virtual patients, i.e.,  𝒀𝑯,𝟎 = 𝒀𝑬 . 

 

• Step i-th of control patient enrollment At each enrollment stage 𝑖, a 

new cohort of 𝑛𝑐 real control patients are enrolled in the study. Data 

from the real control patients, i.e., 𝒀𝑪,𝒊 = {𝑌𝐶,1, … , 𝑌𝐶,𝑖⋅𝑛𝑐}, and current 

comparator arm, 𝒀𝑯,(𝒊−𝟏), are then compared. 

 

o A set of TTE parametric models (i.e., Lognormal, Log-

logistic, Gompertz, Weibull, Exponential and Gamma) is 

fitted separately on 𝒀𝑪,𝒊 and  𝒀𝑯,(𝒊−𝟏) . The best-performing 

models (i.e., the ones with the lowest AIC) are selected to 

describe data from the two groups (S𝑪,𝒊(𝑡) and S𝑯,(𝒊−𝟏)(𝑡)).  

 

o 𝑛𝑐  virtual patients with the lowest likelihood of belonging to 

real patients progressing time distribution (𝒀𝑯,(𝒊−𝟏)
𝒎𝒊𝒏 ), i.e. those 

with the minimum 𝑝 (𝒀𝑯,(𝒊−𝟏)|S𝑪,𝒊(𝑡)) , are discarded from 

𝒀𝑯,(𝒊−𝟏) (i.e. 𝒀𝑯,(𝒊−𝟏)
′  = 𝒀𝑯,(𝒊−𝟏) − 𝒀𝑯,(𝒊−𝟏)

𝒎𝒊𝒏 ). 

 

o A new hybrid control arm is formed: 𝒀𝑯,𝒊 = 𝒀𝑪,𝒊 ∪

𝒀𝑯,(𝒊−𝟏)
′  which consists of 𝑁𝐻 =  𝑁𝑇 samples. 

 

o The maximum distance (𝐷𝑚𝑎𝑥 ) between S𝐶,𝑖 and S𝐻,(𝑖−1)  is 

computed. If 𝐷𝑚𝑎𝑥 < 𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑, the algorithm stops and the 

hybrid control group 𝒀𝑯,𝒊 is used as comparator arm for the 

study. Differently, the algorithm proceeds and triggers the 

inclusion of an additional cohort of real control patients in the 

clinical trial until the stop condition is met. To test the 
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algorithm, two 𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 has been used, a more conservative 

one (0.05) and a less conservative one (0.10). 

 

 
Figure 4.1 Flowchart of the implemented dynamic borrowing algorithm 

to build hybrid control arm. 
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4.3.4. Performance evaluation  

The proposed algorithm was applied to the three clinical studies mentioned 

earlier. For each of these studies, the performance of the proposed algorithm 

is evaluated based on the number of real control patients that must be 

included in the hybrid control arm before the stopping criteria is met. 

Additionally, the hybrid control arm selected as competitor arm is compared 

to the investigational arm using the hazard ratio (HR) and log-rank test. 

Obtained results were compared to those obtained from the original control 

arm versus the investigational arm. Finally, a graphical comparison is 

conducted.  

To account for the stochastic nature of 𝒀𝑬  generation and the cohort 

grouping of the observed control data, for each of the three clinical trials the 

procedure is repeated 500 times. KM-VPC curves for the hybrid control arm 

were generated following the strategy described in the Supplementary 

material B (Predictive Intervals of KM curves). 

4.4. Results 

4.4.1. Hybrid control arm diagnostics 

First, the homogeneity of the generated hybrid control arm was assessed and 

the similarity between virtual and real control patients evaluated based on 

the number of cohorts included in the analysis. 

In the most conservative scenario ( 𝐷𝑚𝑎𝑥 < 0.05 ), none of the 500 

simulations for the FOHAIC-1 clinical trial resulted in a comparator arm 

composed entirely of real control patients, while only 4 out of 500 

simulations did so for the STAH clinical trial. In contrast, 26.2% of the 

simulations for the SILIUS clinical trial produced a comparator arm 

composed entirely of real control patients. The median proportion of real 

patients included in the final 𝒀𝑯 was 40% for FOHAIC-1, 80% for SILIUS, 

and 60% for STAH. 

In the less conservative scenario (𝐷𝑚𝑎𝑥 < 0.10), the inclusion of virtual 

control patients increased, resulting in fewer real patients enrolled in the 

trials. No simulations in this scenario produced a fully real comparator arm. 

Specifically, in the FOHAIC-1 trial, no iteration included more than 40% 

real control patients in the hybrid arm, with a median of just 20% real 

patients. In the SILIUS trial, the median number of included real control 

cohorts was 2, with only 1% of cases requiring 4 cohorts. Lastly, in the 

STAH trial, 96.1% of simulations included 1 or 2 cohorts. 
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The distribution of the number of patients included in the hybrid control arm 

for the two scenarios is depicted in Figure 4.2. 

 

 
Figure 4.2 Bar plot showing the number of real patient cohorts included in 

the hybrid control arm. Panel A presents the results for the more conservative 

scenario (i.e., stricter stopping criteria, 𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.05). Panel B presents 

the results for the less conservative scenario (i.e., more lenient stopping 

criteria, 𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.10). 

4.4.2. Hybrid control arm as comparator control arm 

Second, the hybrid comparator arm, 𝒀𝑯,  was compared with the 

experimental arm, 𝒀𝑯. For each clinical trial, the median of the 500 medians, 

along with the median of the 2.5th and 97.5th percentiles of the hazard ratios, 

was calculated. The results were then compared to those from the original 

comparator arm. Additionally, a bilateral log-rank test (α = 0.05) was 

performed. The null hypothesis assumes that the two groups have identical 

hazard functions, 𝐻0: ℎ𝐻(𝑡) = ℎ𝑇(𝑡). 
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In the FOHAIC-1 clinical trial, with 𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.05, the computed HR 

was 0.41 (95% CI: 0.31 – 0.53), closely matching the original HR of 0.45 

(95% CI: 0.34 – 0.59). A similar outcome was observed when 𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 =

0.10, with no substantial difference in HR (0.40, 95%CI: 0.31-0.52). The 

log-rank test rejected 𝐻0  in 100% of the simulations, yielding a p-value 

below 0.002 for every simulated 𝒀𝑬 set for the 𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑s values. This result 

aligns with the original analysis, which also resulted in a p-value smaller 

than 0.002. 

 

In the SILIUS trial, with 𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.05 , the computed HR was 0.77 (95% 

CI: 0.58-1.03), closely matching the original HR also in this case (0.75, 95% 

CI: 0.57-1.00). A consistent result was observed with the less conservative 

threshold, where the computed HR was 0.72 (95% CI: 0.55-0.99). In the most 

conservative scenario, the log-rank test did not reject 𝐻0 in 89.4% of cases, 

with a median p-value of 0.085, partially reflecting the original test results, 

where 𝐻0 was not rejected with an associated p-value of 0.051. However, in 

the less conservative scenario, a greater difference was observed, with 𝐻0 

not rejected in only 59.6% of cases and a median p-value of 0.036. 

 

For the STAH clinical trial, the results were consistent across both scenarios. 

The observed and original HR medians and 95% CIs closely matched 

(𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.05: 0.70, 95% CI: 0.56-0.87, 𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.10: 0.66, 95% 

CI: 0.53-0.82, original STAH results: 0.73, 95% CI: 0.57-0.91). Similarly, 

the log-rank test rejected 𝐻0  in 98.4% and 97.6% of simulations for 

𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.05 and 𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.10, respectively. This is in line with the 

original analysis, which also rejected 𝐻0  (p-value: 0.0086). A 

comprehensive comparison is then reported in Table 4.2. 

 

Table 4.2 Comparison of the hybrid control arm versus the investigational 

arm, and the original control arm versus the investigational arm, in terms of 

HR and log-rank test results. 

Clinical 

trial 
Group 

Hazard 

Ratio 

(95% CI) 

Log-rank 

test 

(1: 𝑯𝟎 is 

rejected, 

0: 𝑯𝟎 is 

not 

rejected) 

Log-rank 

test (p-

value) 

FOHAIC-1 

𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

= 0.05 

0.41 

(0.31-0.53) 
1 (100%) < 0.002 

𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

= 0.1 

0.40 

(0.31-0.52) 
1 (100%) < 0.002 
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Clinical 

trial 
Group 

Hazard 

Ratio 

(95% CI) 

Log-rank 

test 

(1: 𝑯𝟎 is 

rejected, 

0: 𝑯𝟎 is 

not 

rejected) 

Log-rank 

test (p-

value) 

Original 
0.45 

(0.34-0.59) 
1 < 0.002 

SILIUS 

𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

= 0.05 

0.77 

(0.58-1.03) 

1 

(10.6%) 

0 

(89.4%) 

0.085 

𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

= 0.1 

0.72 

(0.55-0.99) 

1 

(40.4%) 

0 

(59.6%) 

0.036 

Original 
0.75 

(0.57-1.00) 
0 0.051 

STAH 

𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

= 0.05 

0.70 

(0.56-0.87) 

1 (98.4%) 

0 

(1.6%) 

< 0.002 

𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

= 0.1 

0.66 

(0.53-0.82) 

1 

(97.6%) 

0 

(2.4%) 

< 0.002 

Original 
0.73 

(0.57-0.91) 
1 0.0086 

 

For each clinical trial, the 500 simulated PFS curves in the control group 

were summarized by their median PFS profiles and their prediction intervals. 

As shown in Figure 4.3, PFS curves from the original control arm and the 

hybrid control arm closely match, with a notable overlap along the entire 

profile. This holds true for both thresholds (𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.05 in the first 

row, 𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.10 in the second row) used as stopping criteria. 
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Figure 4.3 Median PFS profiles and prediction intervals for 500 simulated 

PFS curves. The green solid line represents the observed PFS for the 

investigational arm, with the shaded area indicating the 95% CI. In red, the 

original control arm while the hybrid control arm is shown in gray. The first 

row displays results for 𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑  = 0.05, while the second row shows 

results for 𝐷𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.10. 

4.5. Wrap up and future developments 

This chapter presents the first proposed real-world application of the 

developed translational framework. The findings of this study demonstrate 

the potential of using hybrid control arms, composed of both real and PDX-

generated virtual patients, to address the challenges posed by low enrollment 

in cancer clinical trials. The study explores the use of Control groups 

composed of PDX-generated virtual patients as an alternative to control 

groups composed of external patients derived from historical data/literature. 

Indeed, a BCG report [184] identified two main barriers limiting the adoption 

of external control arms in clinical practice. The first is the lack of historical 

data, stemming from both the actual absence of data and the reluctance of 

many pharmaceutical companies to share their data with other organizations. 

The second barrier is the lack of standardization across data sources. The 

approach proposed in this thesis for generating virtual patients could offer a 

solution to these limitations. 

 

The results across three clinical trials (FOHAIC-1, SILIUS, and STAH) 

indicate that the proposed translational framework effectively integrates 
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virtual patients into control arms, providing comparable results to traditional 

methods while reducing the number of real patients required, at least in the 

case study under analysis. 

One of the significant strengths of this approach is the close alignment 

between the hybrid control arms and the original control arms across all 

trials. The computed hazard ratios and log-rank tests consistently showed 

that the hybrid arms closely mirrored the outcomes of the original control 

groups. This similarity was particularly evident in the FOHAIC-1 and STAH 

trials, where the hybrid arm performed almost identically to the original 

control arm, with minimal deviations in HR and p-values (Table 4.2). In the 

SILIUS trial, while the hybrid arm performance was slightly more variable, 

the results remained within an acceptable range, especially in the more 

conservative scenario. The ability to achieve such alignment with the 

original control arms suggests that the virtual patient model used here 

captures the essential characteristics of the real patients in the control arms, 

at least within the constraints of PFS as the primary endpoint. 

Despite these promising results, several limitations must be acknowledged. 

First, the study, due to translational constraints, focused solely on PFS as the 

primary endpoint. While PFS is a critical outcome in oncology trials, it does 

not capture other important aspects of treatment efficacy, such as OS, quality 

of life, or long-term treatment benefits. Second, the framework was validated 

using a single case study involving hepatocellular carcinoma treated with 

sorafenib. Although the results across the three clinical trials were 

encouraging, the generalizability of these findings to other cancer types and 

treatment regimens remains uncertain and additional case studies in different 

cancer settings are needed to confirm the broad applicability of the proposed 

method. Third, virtual patients were generated without accounting for 

individual patient characteristics, such as genetic profiles, comorbidities, or 

treatment histories. This lack of personalization could limit the accuracy of 

the virtual patients in reflecting the diversity of real-world populations. 

Incorporating patient-specific covariates in the translational framework, 

particularly genetic data, could enhance the realism of virtual patients and 

improve the reliability of hybrid control arms. Lastly, the study employed a 

single dynamic borrowing method based on the test-and-pool approach. 

While this method was effective in balancing the hybrid arms with the 

investigational arms, it may not be the optimal approach in all cases.  Aware 

of the limitations, but strengthened by the success of this initial study, 

avenues for future research and development can be thought of. Future 

developments are oriented in two different but complementary directions, 

one involving the improvement and exploration of different dynamic 

borrowing techniques, and one the refinement and extension of the 

translational approach. Regarding the first one, future studies should explore 

different dynamic borrowing techniques, including Bayesian approaches like 
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the calibrated power prior and robust mixture prior. These methods may offer 

improved flexibility in balancing real and virtual patient data and could 

provide better control over the degree of borrowing based on the similarity 

between external and current data. 
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Chapter 5  

5 Enhancing nonlinear joint modeling 

for tumor kinetics and survival 

through Bayesian integration of 

preclinical insights 

In this chapter, we enhance nonlinear joint modeling techniques by 

integrating preclinical insights through Bayesian methods.  

The goal is to improve the accuracy of joint models for longitudinal and TTE 

data in oncology using preclinical-derived prior information. Section 5.1 

introduces the concept of joint models for these data types and contextualize 

nonlinear joint models and Bayesian inference. Section 5.2 describes the aim 

of the study, and the case study used to test the proposed approach. Section 

5.3 outlines the mathematical model structures used in this study. We start 

by discussing the clinical longitudinal model, baseline TTE models, and 

association functions evaluated. Section 5.4 details the prior distribution 

used for this application and the analysis performed. We explain how 

preclinical information is translated into clinical contexts and describe the 

methods used to evaluate model performance and the impact of prior 

information on posterior estimates. Section 5.5 described how models are 

assessed. Finally, Section 5.6 presents the analysis results, and Section 5.7 

wraps up with a discussion of the strengths and weaknesses of the approach.  
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5.1. Joint models for longitudinal and TTE data in 

oncology 

 

Joint modeling of longitudinal and TTE data is a growing area of research 

that enables the simultaneous analysis of repeated measurements and 

survival outcomes. This approach involves two connected sub-models, a 

longitudinal model and a TTE model, which are linked through an 

association structure quantifying the relationship between the outcomes of 

interest [185]. 

In the context of advanced cancer, joint models have been developed to 

describe the relationship between the dynamics of some biomarkers, such as 

tumor size, and TTE outcomes, like survival. These models are particularly 

valuable because they increase the understanding of relation between 

changes in biomarkers over time and patient outcomes. By linking 

longitudinal tumor measurements with survival data, joint models can 

improve patient monitoring and inform decision-making in clinical trials 

[186, 187].  

Historically, most joint models were designed with linear components in the 

longitudinal part to simplify calculations [188–190]. Linear models assume 

that changes in biomarkers over time follow a straight line or constant rate . 

This assumption simplifies computations but may not capture the true 

complexity of tumor growth and treatment response. To overcome these 

limitations, recent research has shifted towards developing nonlinear joint 

models. Nonlinear models can accommodate more complex patterns in 

tumor progression, such as exponential growth or decay, providing a more 

accurate and nuanced understanding of how treatments affect tumors and 

survival outcomes. The development of these models in specialized software 

tools, like Monolix and NONMEM, has facilitated their wider adoption 

within the statistical community [191, 192]. 

Most of the literature on joint models in oncology has used SLD as a 

biomarker, calculated according to RECIST criteria [193, 194]. However, in 

advanced cancer patients, where multiple target lesions may be present in 

different organs, using SLD significantly reduces the available information 

by combining all measured lesions into a single value. 

Over the past decade, semi-mechanistic nonlinear joint models have gained 

attention for their ability to better characterize the response to cancer 

treatments. These models incorporate biological mechanisms into the 

statistical framework, offering parameters that have direct biological 

interpretations, such as growth rates or drug efficacy levels. By doing so, 

they help to understand not only the statistical relationship between tumor 

kinetics and survival but also the underlying biological processes driving 
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these outcomes. In this context, a significant area of research that has 

advanced the field involves joint models that account for the dynamics of 

individual lesions dynamics and link them with patient survival [195, 196]. 

5.1.1. Nonlinear joint models and Bayesian inference 

The nonlinear nature of these models makes the calculation of the likelihood 

function and the estimation of the model parameters more difficult. These 

tasks become even more challenging when the model focuses on tumor 

dynamics at the individual lesion level. Bayesian inference offers a useful 

way to include prior information and manage uncertainty more effectively. 

In studies by Kerioui et al. [191, 195] ,the HMC-NUTS algorithm in Stan 

software was used for the SLD, OS, and lesion-level models. However, these 

studies only partially used Bayesian methods, relying on non-informative 

priors due to a lack of information. This limited the full potential of the 

Bayesian approach. Kerioui et al. [191] also showed that using non-

informative or weakly informative priors can lead to inaccurate parameter 

estimates, highlighting the need for better prior characterization. 

5.2. Aim and case study 

The purpose of this application is to assess the developed translational 

approach as a tool to derive informative prior from preclinical PDX studies 

to inform the estimation of joint models for individual tumor lesions and OS 

in advanced oncology trials. To evaluate this application, the same case study 

used in the previous application, i.e., the HCC cancer treated with Sorafenib 

with PDX TGI model already analyzed and results presented in Section 3, 

was considered. 

5.2.1. Clinical data 

On December 1, 2022, data from the control arm of the Phase 3 clinical trial 

NCT00699374 were accessed through the online database Project Data 

Sphere [197]. NCT00699374 was an international, Phase 3, randomized, 

open-label study designed to compare the efficacy of Sunitinib malate versus 

Sorafenib in the treatment of advanced hepatocellular carcinoma. The 

control arm, which involved 544 patients diagnosed with inoperable liver 

cancer, received 400 mg of Sorafenib twice daily as specified by the study 

protocol. 

The dataset included longitudinal measurements of individual lesion 

diameters for each patient, along with TTE data such as drop-out or death. 
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Tumor locations were recorded in various sites, including the liver, lungs, 

lymph nodes, adrenal glands, and peritoneum. Additionally, the data allowed 

for the derivation of each patient's specific administration schedule, 

including any dose adjustments based on changes in the patient’s clinical 

condition. No specific PK data was available. 

Data management and cleaning procedures were then applied to the dataset, 

with detailed documentation available in the supplementary section Data 

management of NCT00699374 clinical trial of Appendix D. 

5.3. Joint model for longitudinal tumor 

measurements and OS data 

The observations of individual lesion diameters in various organs were 

modeled using a non-linear mixed effect approach to better understand the 

distribution and characteristics of these lesions across different tissues.  

5.3.1. Structure of the clinical TGI model 

The Claret TGI model describing tumor volume dynamics, presented in Eq. 

6, was considered. However, since the dataset under analysis provides tumor 

measurements in diameters rather than volumes, it was reformulated in terms 

of tumor diameter as detailed in the Supplementary material Adapting the 

volumetric TGI model to describe tumor diameter data: 

 

𝑑𝑇𝑆(𝑡)

𝑑𝑡
= (𝑘𝑔,ℎ𝑢𝑚𝑎𝑛

′ − 𝑘𝑑,ℎ𝑢𝑚𝑎𝑛
′ ⋅ 𝑐(𝑡)) ⋅ 𝑇𝑆(𝑡) 

 

(7) 

 

 

where 𝑇𝑆(𝑡) represents tumor diameter dynamics, 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛 
′ =

𝑘𝑔,ℎ𝑢𝑚𝑎𝑛
3
⁄  is 

the exponential tumor diameter growth rate and 𝑘𝑑,ℎ𝑢𝑚𝑎𝑛 
′ =

𝑘𝑑,ℎ𝑢𝑚𝑎𝑛
3
⁄  the drug 

potency. Since no PK information was available, as already done in chapter 

3, we used the two-compartment PK model developed by Choi et al. [158] 

to simulate individual Sorafenib concentration profiles, 𝑐(𝑡). 

5.3.2. Nonlinear mixed-effect model 

The following formalization of the nonlinear mixed-effects (NLME) model 

is adopted here. 
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Let 𝑦𝑖,𝑗,𝑘,𝑙 represents the 𝑙𝑡ℎ measurement of the 𝑘𝑡ℎ target lesion in organ 𝑗 

for subject 𝑖. Let 𝐾𝑖,𝑗 denotes the number of target lesions monitored over 

time in organ 𝑗 of patient 𝑖, and let 𝐾𝑖 = ∑ 𝐾𝑖,𝑗
5
𝑗=1  be the total number of 

target lesions for patient 𝑖 (up to 5, according to RECIST 1.1). Let 𝐿𝑖 be the 

total number of organs affected by tumor for patient 𝑖 . The NLME is 

described by: 

 

𝑦𝑖,𝑗,𝑘,𝑙 = 𝑇𝑆(𝑡𝑖,𝑗,𝑘,𝑙 , 𝝍𝒊,𝒋,𝒌) + (𝜎1 ⋅ 𝜈𝑖,𝑗,𝑘,𝑙 + 𝜎2 ⋅ 𝜖𝑖,𝑗,𝑘,𝑙 ⋅ 𝑇𝑆(𝑡𝑖,𝑗,𝑘,𝑙 , 𝝍𝒊,𝒋,𝒌)) (8) 

 

where: 

• the first term, 𝑇𝑆(𝑡𝑖,𝑗,𝑘,𝑙, 𝝍𝒊,𝒋,𝒌) is the structural model function at 

time 𝑡𝑖,𝑗,𝑘,𝑙 with 𝝍𝒊,𝒋,𝒌 the individual parameter vector for lesion 𝑘 in 

organ 𝑗 of patient 𝑖; 

• the second term is a combined residual error model with 𝜈𝑖,𝑗,𝑘,𝑙 ∼

𝒩(0,1) and 𝜖𝑖,𝑗,𝑘,𝑙  ∼ 𝒩(0,1) the standard Gaussian error terms. 𝜎1 

and 𝜎2 are the additive and multiplicative components of the error 

term. 

 

The individual parameters 𝝍𝒊,𝒋,𝒌  are assumed to follow a log-normal 

distribution: 

 

𝑙𝑜𝑔(𝝍𝒊,𝒋,𝒌) = 𝑙𝑜𝑔(𝜽) + 𝝃𝒋 + 𝑔(𝜼𝒊) + 𝝆𝒊,𝒋,𝒌 (9) 

 

where: 

• 𝜽 is the vector of fixed-effect parameters; 

• 𝝃𝒋 is the fixed effect specific to organ j. To ensure identifiability of the 

parameters, the fixed organ-specific effect for the primary lesion was 

fixed to zero (𝝃𝟏=0); 

• 𝑔(𝜼𝒊) represents subject-specific random effects. The 𝑔 function is the 

identify function for all parameters except the initial tumor size 𝑇𝑆0, 

where 𝑔 is a Box-Cox transformation characterized by the parameter 𝜆 

[198]; 

• 𝝆𝒊,𝒋,𝒌  captures the lesion-specific random effects. 

 

Thus, for each biological parameter, i.e., each component of the vector 𝝍𝒊,𝒋,𝒌, 

we assume that there are two random effects. The first one is specific to 

subject i: 𝛈𝒊 ∼ 𝒩(0,𝛀𝟏) and 𝛀𝟏 diagonal matrix of standard deviations, in 

which each diagonal component corresponds to the inter-individual 

variability of the biological parameters. The second random effect is the 

lesion effect: 𝝆𝒊,𝒋,𝒌 ∼𝒩(0,𝛀𝟐)  and 𝛀𝟐 diagonal matrix of standard 
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deviations, with its diagonal components corresponding to the inter-lesion 

variability of the biological parameters. We assume independence between 

the two random effect sources. 

5.3.3. TTE model for OS data 

Let (𝑇𝑖, δ𝑖) denote the vector of survival data for subject 𝑖, with 𝑇𝑖 being the 

time to event for subject 𝑖, corresponding to the minimum between the time 

of death 𝑋𝑖  and time of censoring 𝐶𝑖 , and 𝛿𝑖  the death indicator. The 

individual hazard function ℎ𝑖(𝑡) describing the survival data of subject 𝑖 is 

given by: 

 

ℎ𝑖(𝑡|𝝓,𝛃,𝝍𝒊) = ℎ0(𝑡 ⋅ 𝛼(𝛃,𝝍𝒊)|𝝓) × 𝛼(𝛃,𝝍𝒊) (10) 

 

where: 

• ℎ0(𝑡 ⋅ 𝛼|𝛟)  represents a parametric baseline hazard function 

characterized by the vector of parameters 𝝓; 

• 𝛼(𝛃,𝝍
𝒊
) = 𝑒𝑥𝑝(𝛃 × 𝑓(𝝍𝒊, 𝑡)) with 𝛃 the vector of the associations 

between the longitudinal biomarker and the survival process, and 

𝒇(𝝍𝑖, 𝑡) the vector of link functions, which depends on the vector of 

individual parameters specific to subject 𝑖 , 𝝍𝒊 =

(𝝍𝒊,𝒋,𝒌)𝑗∈{1,…,𝐿𝑖}, 𝑘∈{1,…,𝐾𝑖,𝑗}
, and could be also a function of time. 

 

Baseline hazard models 

Investigation of the baseline OS hazard model involved a comparison of 

exponential, log-logistic, log-normal, gamma, generalized gamma, 

Gompertz, and Weibull distribution models. The same range of models was 

also used to examine the censoring process. 

 

Association between tumor size and survival 

Different association structures between the individual lesions and the 

instantaneous risk of death were considered. They can be divided into two 

groups, finite-time association structure, where 𝒇 =  𝒇(𝝍𝑖), and continuous-

time association structure, where 𝒇 =  𝒇(𝝍𝑖, 𝑡) . Two selected association 

structures, one per group, are described here, while further tested alternatives 

are described in the Alternative association structure section of the 

supplementary material for this chapter. 

 

The finite-time link function assumes that: i) the lesion in each organ with 

the highest 𝐶𝑡  value, and ii) the sum of the baseline tumor diameters, 
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stratified by organ, influence patient survival. The following equation 

characterizes this relationship: 

 

𝛃 × 𝑓(𝛙𝒊)

=∑ (β𝐶𝑡,𝑗 ×max𝑘
(𝐶𝑡,𝑖,𝑗,𝑘)

γ
)

𝐿𝑖

𝑗=1
+∑ (β𝑇𝑆0,𝑗 ×∑ 𝑇𝑆0,𝑖,𝑗,𝑘

𝐾𝑖,𝑗

𝑘=1
)

4

𝑗=1
 

 

(11) 

 

 

where 𝐶𝑡,𝑖,𝑗,𝑘  =  
𝑘𝑔,𝑖,𝑗,𝑘
′

𝑘𝑑,𝑖,𝑗,𝑘
′  represents the concentration at steady state that, if 

exceed, enables lesion remission in patient i, organ j, lesion k. 

The continuous-time link function considers that the sum of diameters, 

stratified by organ, impacts patient survival with different parameters for 

each organ: 

𝛃 × 𝑓(𝛙𝒊, 𝑡) = ∑ (β𝑇𝑆,𝑗 × 𝑙𝑜𝑔 (∑ 𝑇𝑆𝑖,𝑗,𝑘(𝑡)
𝐾𝑖,𝑗
𝑘=1 ))

𝐿𝑖
𝑗=1 . 

 

(12) 

 

 

5.4. Prior definition and analysis 

The prior distributions for θ𝑘𝑔′  and θ𝑘𝑑
′ , as well as for ω1,𝑘𝑔′  and ω1,𝑘𝑑

′ , are 

derived using the translational approach outlined in chapter 3. Of note, since 

the volumetric parameters 𝑘𝑔 and 𝑘𝑑, follow a lognormal distribution, their 

corresponding population values θ𝑘𝑔 and θ𝑘𝑑  were divided by 3 to adjust for 

tumor diameter dynamics (θ𝑘𝑔′  = 
θ𝑘𝑔

3
⁄  and θ𝑘𝑑

′  = 
θ𝑘𝑑

3
⁄  ), while ω1,𝑘𝑔′ =

 ω1,𝑘𝑔  and ω1,𝑘𝑑
′ = ω1,𝑘𝑑  (Supplementary section Adapting the volumetric 

TGI model to describe tumor diameter data). We decided to use a highly 

informative prior for tumor growth rate θ𝑘𝑔′ , an informative prior for drug 

effect θ𝑘𝑑
′ , and a weakly informative prior for the inter-individual variability 

ω1,𝑘𝑔′  and ω1,𝑘𝑑
′ . Specifically, from the estimated PDX parameters (Table 

3.3), via Eq. 13, we derived the following prior distributions: 

 

• θ𝑘𝑔′  ~ 𝐿𝑜𝑔𝑛𝑜𝑟𝑚𝑎𝑙(2.3𝑒 − 2,0.1) 

• θ𝑘𝑑
′~ 𝐿𝑜𝑔𝑛𝑜𝑟𝑚𝑎𝑙(1.1𝑒 − 4,0.3) 

• ω1,𝑘𝑔′~ 𝑁𝑜𝑟𝑚𝑎𝑙(5.4𝑒 − 1,0.5) 

• ω1,𝑘𝑑
′~ 𝑁𝑜𝑟𝑚𝑎𝑙(6.3𝑒 − 1,0.5) 

 

We set informative prior distribution for the remaining fixed-effect 

parameter θ𝑇𝑆0 ∼ 𝐿𝑁(40,0.5) . All the rest of random effects standard 
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deviation priors were half-normal distributions. As it reasonable, from a 

biological point of view, to assume that the greater source of variability 

comes from the patient level, we chose 𝑁 ∼ (1,1) for diagonal terms of Ω1 

(if different value not specified) and 𝑁 ∼ (0.8, 0.8) for diagonal terms of Ω2. 

λ ∼ 𝑁(−0.5,0.5) based on the observed left-skewed distribution of tumor 

size at the baseline. Other prior distributions were weakly informative, that 

is ξ ∼ 𝑁(0, 𝐼), with 𝐼  the identity matrix. All the components of the link 

parameter vector β  follow 𝑁(0,1) , γ ∼ 𝐵𝑒𝑡𝑎(2,2) . We chose lognormal 

distribution for the error terms σ1 ∼ 𝐿𝑁(2,2) and σ2 ∼ 𝐿𝑁(0.1,2) to ensure 

a smooth positive constraint. 

5.4.1. Prior sensitivity analysis  

We performed a prior sensitivity analysis to test the robustness of our results 

and to evaluate the influence of PDX-derived priors. We selected two 

alternative models for the PDX-informed parameters. First, we compared a 

model using PDX-informative (PI) priors against one using literature-

informed (LI) priors. In particular, information from [199] where used to 

specify prior for θ𝑘𝑔′ ∼ 𝐿𝑁(0.0019,0.1). For 𝑘𝑑
′ , as well as for and ω𝑘𝑔′ , due 

to a lack of specific information, we applied a weakly/uninformative prior: 

θ𝑘𝑑
′ ∼ Γ(1,100), ω𝑘𝑔′  ∼ 𝑁(1,1),  ω𝑘𝑑

′ ∼ 𝑁(1,1).  

Second, we compared the PI model against a model employing 

weakly/uninformative (UI) priors, where both θ𝑘𝑔′  and θ𝑘𝑑
′  were assigned 

𝛤(1,100) priors, and random effects were modeled with half-normal 𝑁(1,1) 

as the others random effects. 

 

We adopt the framework described in [200] to present the results of the prior 

sensitivity analysis. Specifically, we compare alternative prior models by 

evaluating model convergence and the impact of prior variations on the 

posterior distributions of the parameters. Runtime was also considered. 

5.4.2. Phase II trial emulation 

In this retrospective analysis, we aimed to further emphasize how different 

prior sources (i.e., the PI, LI, and UI models) influence model outcomes 

through emulation of Phase II studies.  

By adopting an approach inspired by Bruno et al. [60], we resampled data 

from the NCT00699374 Phase III HCC trial to simulate 100 distinct Phase 

II trials, each composed by 40 patients. For each simulated Phase II trial, we 

estimated the best joint model, which had been selected from the complete 

Phase III dataset. We ran four chains, each with 1000 warm-up iterations and 
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1000 sampling iterations, for each model with a different prior structure.  We 

then compared the results by examining convergence, the consistency of 

parameter estimates, and the association functions included in the final 

models, evaluating these aspects across the simulated trials. 

To evaluate convergence, we applied four criteria to determine whether each 

model run (i.e., one estimated for each simulated trial) had converged or not:  

i) 𝑅ℎ𝑎𝑡  < 1.05, ii) 𝑅ℎ𝑎𝑡  < 1.02, iii) ESS > 100, iv) ESS < 400 for each 

parameter [201]. For parameter consistency, we compared the distribution of 

the posterior median values from the Phase II simulations with the nominal 

median values from the full Phase III trial. Finally, we counted how many of 

the simulated Phase II trials produced a 95%CI for the 𝜷 parameters that did 

not include zero. 

5.5. Model assessment 

This section provides details about how model is estimated using Bayesian 

inference, statistical criteria for the comparison of different model structures 

and different association functions that links longitudinal dynamics to 

patients’ survival. 

5.5.1. Model estimation 

Conditional on all parameters, we assume independence among all 

longitudinal measurements of a single patient, as well as independence 

between the longitudinal and survival data of the same patient. Of note, 

lesion measurements below the quantification limit are treated as left -

censored in the longitudinal density (see Supplementary Material Accounting 

for the limit of quantification for more details). 

 

The likelihood was maximized using the Hamiltonian Monte Carlo (HMC) 

algorithm implemented in Stan via the R package cmdstanr (version 

0.6.1.9000). For the longitudinal sub-model, we ran 4 chains with 1000 

iterations each (500 warm-up and 500 sampling). For the baseline survival 

models, we also used 4 chains with 1000 iterations per chain (500 warm-up 

and 500 sampling). In the joint models, we ran 4 chains in parallel with 2000 

iterations each, including 1000 warm-up iterations, resulting in a total of S 

= 4000 posterior samples. Convergence was assessed through Markov Chain 

Monte Carlo (MCMC) trace plots, inter-chain autocorrelation, and additional 

Stan diagnostic tools such as Rhat and effective sample sizes (ESS), were 

also used. To expedite Stan model execution, a within-chain parallelization 

routine was employed.  
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5.5.2. Statistical criteria for model comparison 

The Bayesian criteria used for model comparison included the Watanabe-

Akaike Information Criterion (WAIC) and the Leave-One-Out Information 

Criterion (LOOIC).  

We defined WAIC as follows: 

 

𝑊𝐴𝐼𝐶 = −2 ×∑ (log (
1

𝑆
∑ 𝐿(𝑦𝑖, 𝑇𝑖 , δ𝑖 ∣∣ 𝛘

𝒔, ψ𝑖
𝑠 )

𝑆

𝑠=1
))

𝑁

𝑖=1
+ 2 × 𝑝WAIC 

𝑝𝑊𝐴𝐼𝐶 =∑ V𝑠=1
𝑆 (𝐿( 𝑦𝑖, 𝑇𝑖, δ𝑖 ∣∣ 𝛘

𝑠, ψ𝑖
𝑠 ))

𝑁

𝑖=1
 

 

where 𝒚𝒊  denote the vector of all lesion measurements of patient 𝑖 , χ =

{𝛟, 𝛃, 𝛉, 𝛏, 𝛀𝟏, 𝛀𝟐, σ1, σ2}  the vector of population parameters, 

𝐿( 𝑦𝑖 , 𝑇𝑖, δ𝑖 ∣∣ χ, ψ𝑖 ) the individual patient likelihood and 𝑉(𝑠=1)
𝑆  the sample 

variance. 𝑆 represents the number of posterior replicates. 

 

Similarly, we defined LOOIC as: 

 

𝐿𝑂𝑂𝐼𝐶 = −2 ×∑ log(
∑ 𝑤𝑖

𝑠𝐿( 𝒚𝒊, 𝑇𝑖, 𝛿𝑖 ∣∣ 𝝌
𝒔, 𝝍𝒊

𝒔 )𝑆
𝑠=1

∑ 𝑤𝑖
𝑠𝑆

𝑠=1

)
𝑁

𝑖=1
 

 

where 𝑤𝑖
𝑠 are the truncated importance sampling weights [202]. 

5.5.3. Model selection and evaluation 

The model in Eq. 7 was identified on longitudinal tumor measurements to 

evaluate its ability to accurately describe the data or the need of model 

adjustments.  

Subsequently, survival data were modeled independently, and different 

baseline hazard models were compared. The model yielding the lowest 

WAIC/LOOIC values was selected to describe the baseline hazard process. 

The same procedure was applied to model the censoring process. 

After finalizing the longitudinal structural model and baseline hazard model, 

we constructed the joint model. Several joint models, each utilizing different 

association structures, were fitted to the complete dataset. The model with 

the lowest WAIC/LOOIC was selected as the final model. 

Posterior predictive checks (PPCs) were plotted to visually assess the model 

ability to replicate the original dataset (details provided in the Supplementary 

section Posterior Predictive Checks). 
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5.5.4. Association magnitude quantification 

If ending up with the finite-time association function, a strategy was 

implemented to quantify the magnitude of different factors 𝑓 ∈ 𝐹 , where 

𝐹 = 𝐹𝐶𝑡  ∪ 𝐹𝑇𝑆0  with 𝐹𝐶𝑡 = {max𝑘
(𝐶𝑡,𝑖,𝑗,𝑘)

γ
| 𝑗 = 1,… , 𝐿𝑖}  and 𝐹𝑇𝑆0 =

{∑ 𝑇𝑆0,𝑖,𝑗,𝑘
𝐾𝑖,𝑗
𝑘=1 |  𝑗 = , … , 𝑁𝑖}. This approach allows for a direct comparison of 

their impacts on patient survival. The effect of each factor was quantified as: 

  

𝐸𝑓
𝑠 = log2 (

(𝑆𝑠)−1 (0.5|𝝓𝒔, 𝐹𝑓
−1(0.975), 𝐹𝐹−𝑓

−1 (0.5), 𝜷𝒔)

(𝑆𝑠)−1 (0.5|𝝓𝒔, 𝐹𝑓
−1(0.025), 𝐹𝐹−𝑓

−1 (0.5), 𝜷𝒔)
) 

 

where 𝜷𝒔 and 𝝓𝒔 represents the 𝑠𝑡ℎ posterior replicate of parameter vector 𝜷 

and 𝝓, respectively. 𝐹−𝑓 denotes the set of factors excluding 𝑓 and 𝐹−1(𝑥) 

the inverse of the cumulative distribution computed in 𝑥 . The log2 

transformation helps make the effects symmetric around zero and easier to 

interpret. Factors were then ranked based on the median 𝐸𝑓 values. 

Additionally, to assess the overall impact of 𝐹𝐶𝑡 and 𝐹𝑇𝑆0, the model was re-

estimated including only a subset of these factors (i.e., 𝐹𝐶𝑡 or 𝐹𝑇𝑆0) in the 

survival function. The performance of the model with these subsets was 

compared using the WAIC and LOOIC to determine how much model 

performance deteriorated when excluding certain factors. 

5.6. Results 

5.6.1. Data 

128/544 patients were excluded from the analysis. A total of 923 individual 

target lesions were monitored over time, including 518 in the liver, 209 in 

the lung, 127 in the lymph nodes and 69 in other locations. Table 5.1 details 

the characteristics of these patients, summarizing the findings. 

 

Table 5.1 Characteristics of the data used. 

 Sorafenib group (N=416) 

Mean age, years (STD) 56.5 (12.8) 

Median age, years (IQR) 56 (48 – 66) 

Sex  

Men 352 (84.6%) 

Women 64 (15.4 %) 

Number of target Lesions  
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 Sorafenib group (N=416) 

1 118 (28.4%) 

2 176 (42.3%) 

3 61 (14.7%) 

4 41 (9.9%) 

5 21 (5.0%) 

Location  

Liver 518 (59.4%) 

Lung 209 (23.2%) 

Lymph node 127 (11.9%) 

Other 69 (5.4%) 

  

To relate to the previously introduced model formulation, the following 

index-organ map was used: j = 1: liver, j = 2: lung, j = 3: lymph node, j = 4: 

other. 

5.6.2. Longitudinal model tuning 

An analysis of the residuals revealed a trend during the later stages of tumor 

growth (more details in Effects of drug resistance on longitudinal model 

performance section in Appendix D). This trend was attributed to the model 

inability to account for resistance mechanisms. Consequently, the model was 

updated to include a decrease in drug effectiveness proportional to drug 

exposure. 

 

𝑑𝑇𝑆(𝑡)

𝑑𝑡
= (𝑘𝑔

′ − 𝑘𝑑
′ 𝑒−𝑅⋅𝐴𝑈𝐶0−𝑡 ⋅ 𝑐(𝑡)) ⋅ 𝑇𝑆(𝑡) 

 

(13) 

 

 

where 𝑅  is the resistance parameter and 𝐴𝑈𝐶0−𝑡  the cumulative exposure 

from 𝑡 = 0 to 𝑡 . A non-informative prior distribution was assigned to 𝑅 , 

specifically following a gamma distribution, Γ(1,100). 

5.6.3. Baseline TTE submodel investigation 

We selected the lognormal model for describing OS data and the Gompertz 

model for the censoring process, based on WAIC model ranking (Table 5.2). 

 

Table 5.2 Baseline TTE model fitting. 

Distribution 
OS Censoring 

WAIC Rank WAIC Rank 

Gamma 4311. 4 1637. 5 

Generalized gamma 4293. 3 1570. 2 
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Distribution 
OS Censoring 

WAIC Rank WAIC Rank 

Gompertz 4334. 7 1542. 1 

Exponential 4333. 6 1721. 6 

Loglogistic 4293. 2 1633. 4 

Lognormal 4291. 1 1721. 7 

Weibull 4319. 5 1598. 3 

 

Lognormal survival model is described as 

 

𝑆(𝑡|𝜇, 𝜎) = 1 −  ∫
1

𝑥𝜎√2𝜋
ⅇxp [−

(𝑙𝑜𝑔𝑥 − 𝜇)2

2𝜎2
] 𝑑𝑥

𝑡

0

. 

 

A weakly-informative prior distribution was assigned to 𝜇  and 𝜎 : 

𝜇 ~𝐿𝑁(5,1) and  𝜎 ~𝐿𝑁(1,1). 

 

Conversely, the censoring model was specifically developed to facilitate the 

replication of this process during the PPCs generation phase. Consequently, 

the results of this model are detailed in the supplementary section, where the 

process is explained. 

5.6.4. Association between tumor size and survival 

Values of WAIC and LOOIC criteria for each candidate model are reported 

in the following table. 

 

Table 5.2 Comparison between the best finite-time and the best continuous-

time association functions. 

Association function WAIC LOOIC 

Finite-time (Eq.11) 31459.1 32083.8 

Continuous-time (Eq. 12) 34385.2 33199.1 

 

As results were consistent across different finite-time candidate models (See 

Alternative association structures in Appendix D) and the association 

structure presented in Eq. 13 provided the best fit to the data, we mainly 

focus on the latter model in this and the following section. 

5.6.5. Inter-lesions variability 

In Table 5.3 model estimates (i.e, posterior median), along with their 

coefficient of variation (i.e. posterior standard deviation divided by posterior 

median) and the 95% posterior credibility interval (95%CI) are reported.  
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Table 5.3 Parameter estimated values. 

Parameter Median CV (%) 95%CI 

𝜇 6.8e+0 1.6e+0 [6.6e+0, 7.0e+0] 

𝜎 7.2e-1 5.9e+0 [6.5e-1, 8.1e-1] 

𝛾 3.7e-1 1.4e+1 [2.8e-1, 4.8e-1] 

𝛽𝐶𝑡,1 -1.5e-1 3.1e+1 [-2.6e-1, -7.3e-2] 

𝛽𝐶𝑡,2 -2.6e-1 3.0e+1 [-4.3e-1, -1.3e-1] 

𝛽𝐶𝑡,3 -3.7e-2 1.4e+2 [-1.6e-1, 5.3e-2] 

𝛽𝐶𝑡,4 2.9e-2 2.6e+2 [-1.2e-1, 1.9e-1] 

𝛽𝑇𝑆0,1  -4.3e-3 1.4e+1 [-5.4e-3, -3.0e-3] 

𝛽𝑇𝑆0,2  1.3e-4 1.7e+3 [-4.1e-3, 4.8e-3] 

𝛽𝑇𝑆0,3  -7.1e-3 2.6e+1 [-1.1e-2, -3.3e-3] 

𝛽𝑇𝑆0,4  -1.0e-2 2.9e+1 [-1.6e-2, -4.2e-3]  

𝜃𝑘𝑔′  1.7e-3 6.2e+0 [1.5e-3, 1.9e-3]  

𝜃𝑘𝑑
′  1.3e-4 2.2e+1 [8.8e-5, 2.0e-4] 

𝜃𝑇𝑆0  4.3e+1 4.0e+0 [3.9e+1, 4.6e+1] 

𝜃𝑅  1.5e-3 4.9e+1 [6.4e-4, 3.5e-3] 

𝜉𝑘𝑔,2′  -2.9e-1 4.3e+1 [-5.4e-1, -4.0e-2] 

𝜉𝑘𝑔,3′  -8.0e-2 1.9e+2 [-3.6e-1, 2.1e-1] 

𝜉𝑘𝑔,4′  -2.9e-1 7.0e+1 [-7e-1, 1.1e-1] 

𝜉𝑘𝑑,2
′  7.6e-1 4.0e+1 [1.6e-1, 1.3e+0] 

𝜉𝑘𝑑,3
′  3.7e-1 9.0e+1 [-2.8e-1, 1.0e+0] 

𝜉𝑘𝑑,4
′  3.4e-1 1.4e+2 [-5.9e-1, 1.3e+0] 

𝜉𝑇𝑆0,2 -9.2e-1 5.9e+0 [-1.0e+0, -8.1e-1] 

𝜉𝑇𝑆0,3 -4.9e-1 1.3e+1 [-6.1e-1, -3.5e-1] 

𝜉𝑇𝑆0,4 -2.6e-1 3.2e+1 [-4.3e-1, -9.7e-2] 

𝜉𝑅2  9.7e-1 3.9e+1 [2.1e-1, 1.7e+0] 

𝜉𝑅3  7.8e-1 5.8e+1 [-3.5e-1, 1.7e+0] 

𝜉𝑅4  1.5e+0 4.7e+1 [4.2e-2, 2.8e+0] 

ω1,𝑘𝑔′  8.3e-1 8.2e+0 [7.1e-1, 9.8e-1] 

ω1,𝑘𝑑
′  1.7e+0 9.9e+0 [1.4e+0, 2.1e+0] 

ω1,𝑇𝑆0 3.9e-1 7.0e+0 [3.4e-1, 4.5e-1] 

ω1,𝑅 2.3e+0 1.6e+1 [1.7e+0, 3.1e+0] 

ω2,𝑘𝑔′  5.5e-1 8.6e+0 [4.6e-1, 6.4e-1] 

ω2,𝑘𝑑
′  7.1e-1 1.3e+1 [5.3e-1, 9.1e-1] 

ω2,𝑇𝑆0  5.3e-1 2.7e+0 [5.0e-1, 5.6e-1] 

ω2,𝑅 5.6e-1 4.2e+1 [1.2e-1, 1.0e+0] 

𝜆 -3.4e-1 8.6e+1 [-1.0e+0, -1.6e-1] 

𝜎1 1.9e+0 5.4e+0 [1.7e+0, 2.1e+0] 

𝜎2 5.6e-2 4.3e+0 [5.0e-2, 6.2e-2] 
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Individual fits showed the good ability of the model to describe the data, 

despite the large diversity of longitudinal profiles (Figure 5.1). The model 

was able to capture different lesion kinetics between patients (i.e., liver 

lesions of patients A6181170 198 and A6181170 234) and within the same 

patient (i.e., patient A6181170 296), including lesions with heterogeneous 

responses to treatment, that is, some lesions growing and some others 

shrinking. 

 

 
Figure 5.1 Individual fits for a subset of 25-patients. Different colors 

represent different organs while different point-shapes represent different 

lesions. 

 

After accounting for IIV and the organ-effect the inter-lesion variability was 

not negligible. Notably, ω2,𝑇𝑆0  was greater than ω1,𝑇𝑆0 , meaning that the 

inter-lesions heterogeneity of baseline lesion sizes within a patient was 

greater than between inter-patient heterogeneity. IIV was particularly large 

for the tumor growth rate parameter (𝑘𝑔
′ ) and the treatment effect parameters 

(𝑘𝑑
′ , 𝑅). For these parameters, the proportion of total variance explained by 

inter-lesion variability was 55%, 71% and 56%, respectively. 

5.6.6. Organ-specific lesion kinetics 

Table 5.4 presents the posterior mean estimates of the longitudinal 

population parameters, stratified by organ.  
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Table 5.4 posterior median estimates and 95% credibility interval of the 

longitudinal population parameters stratified by organ. 

Parameter 
𝒌𝒈
′  𝒌𝒅

′  𝑻𝑺𝟎 𝑹 

Median 95%CI Median 95%CI Median 95%CI Median 95%CI 

Liver 1.7e-3 

[1.5e-

3, 

1.9e-3] 

1.3e-4 

[8.8e-

5, 

2.0e-4] 

4.3e+1 

[3.9e+1, 

4.6e+1] 1.5e-3 

[6.4e-

4, 

3.5e-3] 

Lung 1.3e-3 

[9.9e-

4,1.7e-

3]  

2.9e-4 

[1.4e-

4, 

5.8e-4] 

1.7e+1 

[1.5e+1, 

1.9e+1] 3.8e-3 

[1.1e-

3, 

1.2e-2] 

Lymph 

Node 
1.6e-3 

[1.1e-

3, 

2.3e-3] 

2.0e-4 

[8.5e-

5, 

4.4e-4] 

2.6e+1 

[2.2e+1, 

3.0e+1] 3.2e-3 

[7.5e-

4, 

1.1e-2] 

Other 1.3e-3 

[8.3e-

4, 

1.9e-3] 

1.9e-4 

[7.4e-

5, 

5.0e-4] 

2.7e+1 

[2.7e+1, 

3.9e+1] 7.1e-3 

1.4e-3, 

3.1e-2] 

 

The baseline lesion size was found to be significantly smaller in secondary 

locations compared to the liver, with the liver baseline lesion size being 

approximately double that of the lung. Several other organ-specific fixed 

effects were notably different from zero. Specifically, the growth rate in the 

lung was significantly slower than in the liver, while no significant 

differences were observed for lymph nodes or other locations. A similar 

pattern was observed for the drug effect at baseline. Differently, resistance 

to treatment was significant across all the organs, with metastases showing 

greater resistance, indicated by a faster decline in the drug effect. For 

parameters that were not significantly different from zero, either there was 

insufficient information or the differences from the liver were not 

substantial. In Figure 5.2, longitudinal PPC stratified by organ are reported. 

It can be noticed that PPCs accurately describe data. 
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Figure 5.2 Longitudinal PPC stratified by organ. The black solid lines 

represent the observed median, 5th, and 95th percentiles. The solid-colored 

lines represent the predicted median, 5th, and 95th percentiles. The colored 

area depicts the 90%CI for each percentile. 

5.6.7. Association between individual lesions and survival 

Under the finite-time association structure, only the dynamics of liver and 

lung lesions, characterized by the parameter 𝛽𝐶𝑡, significantly impacted on 

patient survival (Table 5.3). In contrast, the presence of metastasis in the 

lymph nodes or other locations significantly decreased survival time, 

regardless of lesion dynamics. Liver tumor size at baseline was also a 

significant predictor of reduced survival, while lung tumor size did not show 

a similar effect. Clinically, this suggests that having a liver tumor is 

associated with a significant decrease in patient survival, particularly if the 

tumor is larger or more aggressive. On the other hand, while the presence of 

lung metastases negatively affects survival, the number or size of these 
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lesions does not appear to be critical factors. For metastases in the lymph 

nodes or other locations, the growth rate of the tumors does not influence 

survival. However, the mere presence of such metastases is associated with 

a faster decline in patient survival compared to those without these 

metastases. 

 

Link factor magnitude 𝐸 was then computed for each factor 𝑓. In Figure 5.3, 

panel A, median factors values and their 95%CI are shown, highlighting 

factor that were significantly different from zero. Therefore, Panel B shows 

that the most impacting factor is the 𝐶𝑡 related to lung metastasis. Indeed, if 

metastasis have reached the lung in two patients, if the most aggressive/less 

sensible to treatment metastasis is growing fast (i.e. 97.5th) in patient 1 and 

slow (i.e. 2.5th) in patient 2, the median survival time of patient 1 is about 

one-sixteenth of patient 2 ( 𝐸𝐶𝑡,𝐿𝑈𝑁𝐺 = −4.02  [-7.15, -1.80]). Other 

significant longitudinal parameters that impacted patients’ survival 

includes 𝑓𝐶𝑡,1, followed by 𝑓𝑇𝑆0,4 and 𝑓𝑇𝑆0,1 . 

 

 
Figure 5.3 Covariate effect values 𝐸𝐶 for the tested covariates. Black dots 

indicate the median values, vertical bars represent the 95%CI, and the dashed 

red line indicates 𝐸𝑓 = 0. 

 

Then, the following comparison involve the ablation of the tumor size effect 

and the concentration threshold effect 𝐶𝑡 , accounting for all lesion 

altogether. Table 5.5 shows that, according to both evaluation metrics, 

𝐶𝑡 ablation impact is greater than not accounting for lesion size. Indeed, the 

drop in the evaluation metrics is higher for both WAIC (+140.0 vs 103.6) 

and LOOIC (+105.6 vs +37.4). 
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Table 5.5 Results of the ablation of factors in the association link function. 

 No 𝑭𝑻𝑺𝟎 No 𝑭𝑪𝒕  

∆𝑊𝐴𝐼𝐶  +103.6 +140.0 

∆𝐿𝑂𝑂𝐼𝐶  +37.4 +105.6 

5.6.8. Prior vs posterior 

We analyzed the posterior distributions for the parameters 𝜃𝑘𝑔′  , 𝜃𝑘𝑑
′ , 𝜔𝑘𝑔′  and 

𝜔𝑘𝑑
′  compared to the respective a priori distributions.  

 

Figure 5.4 shows prior vs posterior graphical analysis. In Panel A, the 

posterior distribution of population parameters 𝜃𝑘𝑔′  and 𝜃𝑘𝑑
′  for the main 

location (liver, 𝜉 = 0 ) and other organs ( 𝜃𝑘𝑔′ + 𝜉𝑘𝑔′ ,𝑗 , 𝜃𝑘𝑑
′ + 𝜉𝑘𝑑

′ ,𝑗)  are 

compared to the prior distribution obtained from the translational approach. 

The analysis indicates that the prior and posterior distributions closely 

match. However, for inter-individual parameters (Panel B), the prior and 

posterior distributions do not align as closely with the prior underestimating 

the observed variability in the data. 

 

 
Figure 5.4 Prior vs Posterior. (A) shows prior distribution (violet area under 

the thick black line) and posterior distributions for 𝜃𝑘𝑔′  and 𝜃𝑘𝑑
′  together with 
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𝜃𝑘𝑔′ + 𝜉𝑘𝑔′ ,𝑗 and 𝜃𝑘𝑑
′ + 𝜉𝑘𝑑

′ ,𝑗 (colored areas under the thin black lines). (B) 

shows prior distribution (blue area under the thick black line) and posterior 

distribution for 𝜔𝑘𝑔′  and 𝜔𝑘𝑑
′  (pink area under the thin black line). 

5.6.9. Comparison using alternative prior models  

A sensitivity analysis was conducted comparing the PI model with the LI and 

UI alternative prior models.  

The results show that the PI model has better WAIC and LOOIC values, 

indicating its advantages. Additionally, the PI model has a shorter 

computational time (PI: ~10h, LI: ~12h, UI: ~13h). Table 5.6 provides a 

summary of these findings. 

 

Table 5.6 Different prior model comparisons on the Phase III trial dataset  

 PI LI UI 

𝑊𝐴𝐼𝐶 31479.8 31587.0 31528.2 

𝐿𝑂𝑂𝐼𝐶 32083.8 32089.9 32101.0 

Time (hrs) 10.1 11.8 11.6 

5.6.10. Phase II trial simulation 

Convegence. Two mild criteria (𝑅ℎ𝑎𝑡 < 1.05 and 𝐸𝑆𝑆  > 100) and two more 

strict criteria (𝑅ℎ𝑎𝑡 < 1.01  and 𝐸𝑆𝑆  > 400) where employed to test the 

convergence of the models. In Table 5.7 the percentage of simulated trial 

that reach convergence criteria are reported.  

 

Table 5.7 Convergence results for the Phase II trial simulation 

 PI model LI model UI model 

𝑅ℎ𝑎𝑡 < 1.05 86% 78% 75% 

𝑅ℎ𝑎𝑡 < 1.01 19% 11% 11% 

𝐸𝑆𝑆 > 100 78% 68% 66% 

𝐸𝑆𝑆 > 400 25% 10% 8% 

 

As can be observed from the table, for every criterion, PDX-informed model 

reaches convergence in more simulated trials than the two alternative prior 

models, underlining the impact of having an informative prior on model’s 

stability. 

 

Parameter estimation. The three different prior models are then compared 

in terms of parameter estimation. Specifically, the three parameters that are 

more effected by alternative prior information are here compared and the 

results reported in Figure 5.5. Observing the prior distribution, it can be 
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observed that the posterior variability is way lower in PDX prior for 

parameter 𝑘𝑔, in comparison with UI, while PDX and LI distributions are 

almost overlapped. Otherwise, considering the 𝑘𝑑
′  parameters, only PI model 

manages to return a consistent parameter estimation across different 

simulated trials. For the R parameters, for which the prior distribution is 

shared along the three different models, a slightly different can be observed 

from this analysis. 

 

 
Figure 5.5 Comparison of parameter estimation for 𝑘𝑔

′ , 𝑘𝑑
′  and 

𝑅 parameters. Different colored-areas represent different prior model (PI 

blue, LI pink, UI green). Dashed vertical lines indicate the median parameter 

values estimated on the original Phase III trial. 

 

Association link factors assessment. The three models are compared based 

on the number of simulations where factors are significant, as shown in the 

table below. It is important to note that the percentages are intended for 

model comparison rather than absolute interpretation. Indeed, the low 

percentages of simulations that include tumor size at the baseline for lymph 

node and other lesions might seem low. However, these percentages are 

influenced by the sampling procedure. Lymph node and other locations can 

be strongly underrepresented when sampling only 40 patients, making 

precise parameter estimation challenging. 

 

Table 5.8 Covariate inclusion results for the Phase II trial simulation  

Link 

parameter 

Percentage of Simulated Phase II Trials that 

includes the covariate 

Significance in 

Full Phase III 

Trial (Yes/No) PI LI UI 

𝛽𝐶𝑡,1  63% 59% 52% Yes 

𝛽𝐶𝑡,2  57% 54% 46% Yes 

𝛽𝐶𝑡,3  5% 4% 7% No 

𝛽𝐶𝑡,4  6% 3% 2% No 

𝛽𝑇𝑆0,1  50% 50% 49% Yes 

𝛽𝑇𝑆0,2  21% 23% 22% No 

𝛽𝑇𝑆0,3  20% 17% 15% Yes 

𝛽𝑇𝑆0,4  20% 19% 20% Yes 
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5.7. Wrap up and future developments 

This chapter describes the second application of the translational framework, 

specifically focused on advancing nonlinear joint modeling of tumor 

dynamics and survival outcomes using Bayesian methods enriched by 

preclinical insights.  

Historically, joint models in oncology predominantly used linear 

components due to their simplicity. However, linear models often fail to 

capture the complex nature of tumor growth and treatment response. 

Nonlinear joint models, which can represent exponential growth or decay 

patterns, offer a more realistic depiction of tumor dynamics. The use of 

nonlinear joint models in advanced cancer is often limited to summary 

measures like the SLD of tumors, which can oversimplify analyses when 

multiple lesions are present in different organs. To achieve a more 

comprehensive and detailed understanding of treatments effect on tumors, it 

is important to employ more biologically sophisticated models that accounts 

for the dynamics of individual lesions rather than relying solely on aggregate 

measures. 

However, one challenge in nonlinear joint modeling is the complexity of 

calculating the likelihood function and estimating parameters, especially 

when modeling tumor dynamics at the individual lesion level. Bayesian 

inference offers a solution by incorporating prior information and managing 

uncertainty effectively. However, the potential of Bayesian methods is often 

underutilized due to the reliance on non-informative priors, leading to less 

accurate parameter estimates. 

By leveraging preclinical data and our model-based translational framework 

to inform prior distributions, we aimed to enhance the accuracy of joint 

models that integrate longitudinal tumor measurements with TTE data.  

 

Two main achievements are reached in this application. The first one is to 

develop a non-linear joint model accounting for individual lesion variability 

in the context of hepatocellular cancer treated with Sorafenib, which clinical 

relevance is independent on the use of PDX-derived priors. Our analysis 

found that liver and lung lesions have a notable impact on patient survival, 

with dynamics of lung lesions being particularly influential. The analysis 

reveals that also lymph node or other location metastasis size has a 

significant influence on patient survival. Furthermore, the model 

successfully captured variability in tumor growth and treatment response 

across different lesions, revealing that inter-lesion variability is more 

significant than inter-patient variability.  

The second key achievement involves the use of information from PDX 

models. The results show several important advancements. First, the analysis 
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revealed that the prior distributions for 𝜃𝑘𝑔  and 𝜃𝑘𝑑  closely matched the 

posterior distributions while the predicted clinical IIV is underestimated. 

Furthermore, integrating preclinical-derived priors improved model 

accuracy. Indeed, the use of highly informative priors for tumor growth and 

drug effects resulted in more precise parameter estimates and a better model 

fit (Table 5.6), as evidenced by the lower WAIC and LOOIC values for the 

PI model compared to other models. This point is important because having 

a prior closely aligned with the posterior can be beneficial. However, it is 

not always ideal if the prior is too restrictive. An overly constrained prior 

can limit the model flexibility, even when it does not accurately reflect the 

true values. The benefits of using informative priors were further confirmed 

in simulated Phase II trials, where they led to more successful model 

convergence and more consistent parameter estimates across trials.   

Despite its many advantages, the proposed approach has some limitations. 

The benefits demonstrated are based on a single case study, and its 

generalizability remains uncertain. Additionally, while the method uses an 

existing preclinical analysis, creating a pipeline from scratch, such as 

generating PDX animal models and conducting TGI studies, would be costly 

and challenging to justify solely based on improvements in accuracy, 

convergence, and fit. However, since preclinical studies are common in drug 

development, the translational framework could be used to inform clinical 

data analysis without generating new preclinical models. Future research 

should focus on applying this approach to a broader range of case studies to 

further validate the use of joint models with priors from the proposed 

translational framework.
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Chapter 6  

6 Conclusions 

This thesis presents the development and application of a translational 

modeling framework designed to predict tumor dynamics and PFS in cancer 

patients based on preclinical data from PDX mice. The work contributes to 

bridging the gap between preclinical research and clinical outcomes, offering 

a systematic approach to predicting cancer dynamics and aiding in the design 

of more efficient clinical trials. 

The first part of the research focused on untreated cancer patients. A method 

was developed to predict TVDT distributions and PFS curves by analyzing 

tumor growth data in PDX mice. This approach relied on the assumption of 

exponential growth for human tumors and used allometric scaling to translate 

findings from mice to humans. The predictions closely matched clinical data, 

with the framework successfully capturing the median TVDT values across 

multiple cancer types. However, some limitations were noted, particularly in 

estimating inter-patient variability, which was partly attributed to the limited 

number of PDX models available for each cancer type. While these 

limitations suggest areas for improvement, the overall results demonstrated 

that the framework can effectively predict tumor growth dynamics in 

untreated patients. 

Building on this foundation, the framework was extended to account for the 

effects of anticancer treatments. The methodology was applied to two case 

studies, i.e., Gemcitabine treatment for pancreatic cancer and Sorafenib 

treatment for hepatocellular carcinoma. The framework proved capable of 

predicting tumor size dynamics and PFS in treated patients, with results 

generally aligning with clinical outcomes. The addition of mortality risk 

models helped refine the PFS predictions, particularly in cases where deaths 

played a significant role. Although the framework performed well, there 
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were some discrepancies, particularly in predicting extreme tumor size 

percentiles and accounting for drug resistance mechanisms.  

 

The following part of the thesis explored two practical applications of the 

developed translational framework in clinical trial design. 

First, by integrating virtual patients generated from PDX data into hybrid 

control arms, the study addressed challenges related to single-arm and/or low 

enrollment in cancer trials. The study demonstrated that hybrid control arms, 

which combine real patients with virtual patients generated from PDX data, 

could closely replicate the outcomes of traditional control arms. In several 

clinical trials where Sorafenib is used as the standard-of-care treatment for 

patients with HCC, the hybrid approach produced hazard ratios and log-rank 

test results nearly identical to those observed in trials with only real patients. 

This suggests that hybrid control arms can effectively maintain the scientific 

rigor and validity of clinical trials while significantly reducing the reliance 

on large numbers of real patients. However, some limitations were identified. 

The approach primarily focused on PFS as the endpoint, which does not 

capture all aspects of treatment efficacy, such as overall survival. 

Additionally, the virtual patients did not account for individual 

characteristics like genetics or comorbidities, which could affect the 

accuracy of predictions. Future works should explore incorporating more 

personalized data into the virtual models and refining the integration of real 

and virtual patients to enhance the framework applicability across different 

cancer types and treatment scenarios.  

The second application of the framework advanced the nonlinear joint 

modeling of tumor dynamics and survival outcomes using Bayesian methods 

enriched with preclinical insights. The control arm of NCT00699374 Phase 

III is used as a case study. Individual lesion dynamic data of 416 Asian 

patients with hepatocellular cancer treated with Sorafenib were analyzed. 

The study demonstrated that informative prior distributions derived from 

preclinical PDX data, via the proposed translational framework, could help 

complex joint model to converge and could lead to better and faster 

parameter estimations rather than when relying on less-informative priors 

derived from the literature. This evidence shown on the full Phase III trial 

was then further underlined by simulating Phase II trials. Applied to a single 

case study, it would be interesting to extend the methodology to a larger pool 

of tumor types and treatments. 

 

To conclude, this thesis presents a translational modeling framework that 

predicts tumor growth and PFS in cancer patients using data from PDX 

models. The framework accurately forecasts tumor dynamics in both 

untreated and treated patients. Moreover, the practical applications of the 

framework in clinical trial design highlight its potential to innovate the field. 
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The integration of virtual patients into hybrid control arms offers a novel 

solution to challenges in cancer trials while the use of Bayesian methods and 

preclinical information to enhance the modeling of tumor dynamics and 

survival outcomes further emphasizes the framework's capability in 

improving clinical predictions. 
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Appendix A  

7 Supplementary material for Chapter 2 

A.1. Calculation of time of progression 

Based on a simplified version of the RECIST, progressive disease (PD) 

events due to target lesions progression were defined as a 20% increase of 

the sum of longest diameters of target tumor lesions. To compute time of 

progression, 𝑡𝑒𝑣𝑒𝑛𝑡, tumors were assumed to be composed by a single 

spherical lesion. Let d be the tumor diameter. Thus, a PD event occurs in 

𝑡𝑒𝑣𝑒𝑛𝑡 if: 

 𝒅(𝒕𝒆𝒗𝒆𝒏𝒕) =  𝟏. 𝟐𝒅𝟎 (Eq. A.1) 

where 𝒅𝟎  is the basal tumor diameter. Using the volume of a sphere, it 

followed that  

 
𝑽(𝒕𝒆𝒗𝒆𝒏𝒕) =  

𝟒

𝟑
𝝅(

𝒅(𝒕𝒆𝒗𝒆𝒏𝒕)

𝟐
)
𝟑

=
𝟒

𝟑
𝝅(

𝟏.𝟐𝒅𝟎

𝟐
)
𝟑

= 𝟏. 𝟐𝟑𝑽𝟎 =

𝟏. 𝟕𝟐𝟖𝑽𝟎 

(Eq. 

A.2) 

where 𝑉0 =
4

3
𝜋 (

𝑑0

2
)
3

was the basal tumor volume. Thus, the tumor volume 

change associated to a 20% increase in diameter  corresponded to a 1.728-

fold change. Let now suppose that tumor volume grows exponentially with 

a rate 𝜆, thus: 

 𝑽(𝒕𝒆𝒗𝒆𝒏𝒕) =  𝑽𝟎𝒆
𝝀𝒕𝒆𝒗𝒆𝒏𝒕 . 

(Eq. 

A.3) 

 Equaling the right expressions of Eq. A.2 and A.3, it followed: 
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 𝑽𝟎𝒆
𝝀𝒕𝒆𝒗𝒆𝒏𝒕  =  𝟏. 𝟕𝟐𝟖 𝑽𝟎  

and applying the logarithm  

 𝒕𝒆𝒗𝒆𝒏𝒕  =  
𝒍𝒏(𝟏. 𝟕𝟐𝟖)

𝝀
  

For simplicity, in this work we assumed that tumor lesion is spherical in 

shape and grows accordingly. We demonstrated that, under this assumption, 

a disease progression event (i.e., 20% increase of longest diameter) can 

express as 1.728-fold increase in tumor volume. This relationship still holds 

also for not-spherical tumors under the hypothesis that tumor growth rate is 

the same in the three spatial dimensions (a condition that is intrinsically true 

for spherical mass).   

For example, if we consider an ellipsoidal tumor (a common more realistic 

alternative to spherical shape assumption), its volume is given by: 

 𝑽(𝒕) =  
𝟒

𝟑
𝝅 ∙ 𝑳(𝒕) ∙ 𝒍𝟏(𝒕) ∙ 𝒍𝟐(𝒕) 

(Eq. 

A.4) 

where 𝐿(𝑡)  is the radius of the longest length, i.e., 𝑳(𝑡) = 𝒅(𝑡)/2 , and 

𝑙1(𝑡), 𝑙2(𝑡) the radius of the shorter ones. Under the hypothesis that tumor 

growth follows the same dynamics in all the three spatial dimensions, also 

the radius of shorter lengths can express as a function of  𝒅(𝑡), i. ⅇ., 𝑙1(𝑡) =

𝛼1𝐿(𝑡) and 𝑙2(𝑡) = 𝛼2𝐿(𝑡) with 𝛼1, 𝛼2 constants ≤ 1. Thus, it followed that 

the tumor volume is given by: 

 

 𝑽(𝒕) =  (
𝟒

𝟑
𝝅 ∙ 𝜶𝟏𝜶𝟐 ∙ (

𝐝(𝐭)

𝟐
)

𝟑

) 
(Eq. 

A.5) 

Combining Eq. A.1 and Eq. A.5, it followed that when a progression event 

occurs, the tumor volume is: 

𝑽(𝒕𝒆𝒗𝒆𝒏𝒕) = (
𝟒

𝟑
𝝅 ∙ 𝜶𝟏𝜶𝟐 ∙ (

𝟏. 𝟐𝟑 𝒅𝟎
𝟐

)

𝟑

) = 𝟏. 𝟐𝟑𝑽𝟎 = 𝟏. 𝟕𝟐𝟖𝑽𝟎 
(Eq. 

S2.6) 

where 𝑉0 =
4

3
𝜋 ∙ 𝛼1𝛼2 ∙ (

𝑑0

2
)
3

 . This is the same equation derived under the 

assumption that tumor is spherical. 

A.2. Complete List of the analyzed PDX 

experiments 
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Table A1 Considered PDX mouse models. 

BR CC CR GA HN LI 
LU 

ADC 

LU 

SCC 
ME PA SA 

BR10

014 

CC667

9 

CR00

04 

GA00

06 

HN03

66 

LI00

50 

LU114

7 

LU03

50 

ME11

54 

PA03

72 

SA063

9 

BR10

539 

CC663

9 

CR00

12 

GA00

23 

HN05

86 

LI03

48 

LU116

06 

LU03

57 

ME11

971 

PA06

92 

SA101

99 

BR10

582 

CC663

8 

CR01

50 

GA00

44 

HN06

96 

LI06

12 

LU123

5 

LU03

67 

ME11

972 

PA11

94 

SA131

27 

BR11

15 

CC627

9 

CR01

70 

GA00

46 

HN19

72 

LI08

01 

LU138

0 

LU03

95 

ME12

035 

PA11

98 

SA132

26 

BR12

82 

CC621

6 

CR01

93 

GA00

55 

HN21

74 

LI10

05 

LU145

2 

LU06

97 

ME12

047 

PA12

22 

SA133

89 

BR12

83 

CC044

9 

CR01

96 

GA00

80 

HN22

21 

LI10

25 

LU203

8 

LU07

41 

ME12

056 

PA12

33 

SA322

4 

BR14

58 

CC113

07 

CR02

05 

GA00

87 

HN25

74 

LI10

35 

LU204

9 

LU07

43 

ME12

057 

PA12

65 

SA328

3 

BR14

74 

CC147

0 

CR15

19 

GA00

95 

HN25

76 

LI10

37 

LU207

1 

LU08

84 

ME12

068 

PA12

80 

SA329

6 

BR20

14 

CC620

4 

CR18

01 

GA00

98 

HN25

81 

LI10

54 

LU250

5 

LU11

43 

ME12

070 

PA13

01 

SA382

9 

BR32

67 

CC620

5 

CR21

10 

GA01

19 

HN25

83 

LI10

55 

LU253

5 

LU11

55 

ME12

079 

PA13

06 

SA383

1 

BR50

09 

CC660

0 

CR21

61 

GA01

38 

HN25

86 

LI10

58 

LU516

5 

LU11

60 

ME12

080 

PA13

32 

SA406

2 

BR50

10 

CC660

4 

CR23

94 

GA01

51 

HN25

94 

LI10

69 

LU517

6 

LU12

04 

ME12

107 

PA13

38 

SA409

4 

BR50

11 

CC660

7 

CR25

17 

GA03

18 

HN26

06 

LI10

74 

LU518

7 

LU12

06 

ME12

120 

PA13

90 

SA409

7 

BR50

13 

CC660

9 

CR25

18 

GA04

29 

HN35

04 

LI10

78 

LU519

4 

LU14

23 

ME12

149 

PA24

10 

SA410

9 

BR50

15 

CC661

4 

CR25

19 

GA21

01 

HN35

08 

LI10

81 

LU520

9 

LU16

61 

ME12

172 

PA30

13 

SA412

8 

BR66

95 

CC662

5 

CR25

24 

GA22

78 

HN35

37 

LI10

97 

LU521

2 

LU16

90 

ME12

208 

PA30

29 

SA414

8 

BR94

56 

CC663

7 

CR28

14 

GA30

55 

HN36

42 

LI10

98 

LU524

0 

LU17

76 

ME12

212 

PA30

65  

BR94

64 

CC664

5 

CR30

79 

GA31

21 

HN36

74 

LI62

06 

LU524

5 

LU30

75 

ME12

216 

PA31

26  

BR94

65 

CC665

8 

CR31

50 

GA31

58 

HN36

90 

LI62

80 

LU524

7 

LU64

39 

ME12

217 

PA31

27 
 

BR94

66 

CC668

0 

CR33

15 

GA38

39 

HN37

12 

LI62

81 

LU534

9 

LU64

40 

ME12

222 

PA31

36 
 

BR94

69 

CC672

4 

CR34

96 

GA62

00 

HN37

92 

LI66

05 

LU537

1 

LU69

01 

ME13

996 

PA31

37 
 

BR94

79 

CC932

6 

CR36

12 

GA62

12 

HN37

96 

LI66

10 

LU538

1 

LU69

05 

ME21

94 

PA31

39 
 

BR94

80 

CC950

6 

CR62

19 

GA68

22 

HN51

11 

LI66

11 

LU641

2 

LU69

17 

ME23

19 

PA62

33 
 

BR94

93  

CR62

27 

GA68

77 

HN51

25 

LI66

12 

LU641

4 

LU93

57 

ME52

85 

PA62

59 
 

Notes: (*) PDX codes from HuBase database (Crownbio Bioscience Inc., 

https://www.crownbio.com/). 
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A.3. TVDT data in untreated cancer patients 

Clinical data indicated that the frequency distribution of TVDT obtained is 

positively skewed, with some very long TVDTs compared to the typical 

value. To mitigate the impact of these outliers, a range of TVDT variation 

was estimated for each study based on the following strategy: 

 

• TVDT was supposed to be log-normally distributed, i.e., 𝑇𝑉𝐷𝑇 =

𝑇𝑉𝐷𝑇𝑚𝑒𝑑𝑖𝑎𝑛 ⋅ 𝑒
𝜂 with  𝜂 ~  𝒩(0, 𝜎2)  and 𝑇𝑉𝐷𝑇𝑚𝑒𝑑𝑖𝑎𝑛  fixed to the 

reported median; 

• the observed [𝑇𝑉𝐷𝑇𝑚𝑖𝑛𝑖𝑚𝑢𝑚 , 𝑇𝑉𝐷𝑇𝑚𝑎𝑥𝑖𝑚𝑢𝑚 ]  range was supposed 

representative of the 95%CI of TVDT; consequently, the 95%CI of 𝜂 

was given by [ln (
𝑇𝑉𝐷𝑇𝑚𝑖𝑛𝑖𝑚𝑢𝑚 

𝑇𝑉𝐷𝑇𝑚𝑒𝑑𝑖𝑎𝑛 
) , ln (

𝑇𝑉𝐷𝑇𝑚𝑎𝑥𝑖𝑚𝑢𝑚 

𝑇𝑉𝐷𝑇𝑚𝑒𝑑𝑖𝑎𝑛 
)] = [−2𝜎, 2𝜎], as 𝜂 

is normally distributed with zero mean; thus, 𝜎  could be 

approximated as  𝜎 = ln (
𝑇𝑉𝐷𝑇𝑚𝑎𝑥𝑖𝑚𝑢𝑚 

𝑇𝑉𝐷𝑇𝑚𝑖𝑛𝑖𝑚𝑢𝑚 
) /4; 

• 10th and 90th percentiles (p10 and p90) of 𝜂 were computed; 

• the range of TVDT (80% CI) was approximated with 

[𝑇𝑉𝐷𝑇𝑚𝑒𝑑𝑖𝑎𝑛𝑒
𝑝10, 𝑇𝑉𝐷𝑇𝑚𝑒𝑑𝑖𝑎𝑛𝑒

𝑝90]. 

 

For cancer type for which multiple studies are available, the geometric means 

of the medians weighted by the corresponding number of patients, 

𝑻𝑽𝑫𝑻𝒎𝒆𝒅𝒊𝒂𝒏̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ , were used to summarize the typical TVDT value. In addition, 

a unique lognormal distribution was reconstructed for each cancer type and 

parametrized as 𝑻𝑽𝑫𝑻 = 𝑻𝑽𝑫𝑻𝒎𝒆𝒅𝒊𝒂𝒏̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ 𝐞𝐱𝐩(𝝋)  with  𝝋 ~𝓝(𝟎,𝝂𝟐)  where 

the variance 𝝂𝟐 was computed as the algebraic mean of the 𝝈𝟐 weighted by 

the number of patients. From the obtained distributions, a unique range, 80% 

CI, for each cancer type was derived considering 

[𝑻𝑽𝑫𝑻𝒎𝒆𝒅𝒊𝒂𝒏̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ 𝒆𝒑𝟏𝟎, 𝑻𝑽𝑫𝑻𝒎𝒆𝒅𝒊𝒂𝒏̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ 𝒆𝒑𝟗𝟎]. The predicted TVDT ranges stratified 

by study and cancer type is reported in Table A2.  

 

 

Table A2 Observed TVDT [month] in untreated cancer patients stratified by 

study and cancer type.  

Cancer 

Type 
Reference 

N. 

pz 

Individu

al TDVT 

data 

Median 

TVDT 

[month] 

Reported 

TVDT 

range 

[month] 

Estimated 

80%CI of 

TVDT 

[month] 

Estimated 

median 

TVDT for 

cancer 

type 

[month] 

Estimated 

sd*, 

𝒗𝑻𝑽𝑫𝑻, for 

cancer 

type [-] 

Estimated 

80%CI of 

TVDT by 

cancer 

type 

[month] 

BR 

Fournier  
14

7 
Y 7.97 

[1.47, 

62.3] 
[2.4, 26.7] 

5.66 0.84 
[1.92, 

16.55] Gershon-

Cohen  
18 Y 4 

[0.77, 

6.97] 
[1.98, 8.12] 
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Cancer 

Type 
Reference 

N. 

pz 

Individu

al TDVT 

data 

Median 

TVDT 

[month] 

Reported 

TVDT 

range 

[month] 

Estimated 

80%CI of 

TVDT 

[month] 

Estimated 

median 

TVDT for 

cancer 

type 

[month] 

Estimated 

sd*, 

𝒗𝑻𝑽𝑫𝑻, for 

cancer 

type [-] 

Estimated 

80%CI of 

TVDT by 

cancer 

type 

[month] 

Ryu  66 N 4.7 
[1.53, 

27.5] 
[1.87, 11.85] 

Tabbane  75 N 3.83 
[0.47, 

25.73] 
[1.06, 13.76] 

Zhang  69 N 5.47 
[2.2, 

17.37] 
[2.81, 10.66] 

CC De Rose  79 N 2.33 
[0.48, 

17.07] 
[0.75, 7.32] - 0.89 - 

CR 

Bolin  27 N 4.33 
[1.77, 

52.33] 
[1.46, 12.93] 

6.12 0.59 
[2.87, 

13.02] 
Burke  43 N 7.03 

[3.73, 

13.47] 
[4.66, 10.59] 

Tada  12 Y 8.11 
[3.08, 

34.41] 
[3.75, 17.44] 

GA 

Haruma  12 Y 8.1 [2.2, 23.4] [3.8, 17.22] 

8.57 0.74 
[3.33, 

22.16] 
Seung-

Young  
97 N 8.63 [1, 21.1] [3.27, 22.97] 

HN 
Jensen  61 N 3.3 [0.5, 7.8] [1.36, 7.96] 

2.99 0.68 
[1.26, 

7.18] Waaijer  13 Y 1.9 [0.7, 8.53] [0.85, 4.25] 

LI 

Barbara  58 N 5.72 
[0.91, 

20.19] 
[2.12, 15.28] 

3.22 0.68 [1.35, 7.7] 

Kubota  22 N 2.77 
[1.08, 

16.55] 
[1.16, 6.63] 

Park  59 Y 2.03 [0.7, 6.97] [0.98, 4.22] 

Sheu  30 Y 3.9 
[0.97, 

13.27] 
[1.69, 8.96] 

Nakajima  34 Y 2.48 
[0.57, 

9.13] 
[1.03, 6.02] 

LU ADC 

Honda  34 Y 8.53 [2.3, 91.2] [2.61, 27.63] 

5.52 0.89 
[1.77, 

17.3] 

Kanashiki  
14

0 
N 4.47 

[1.53, 

49.77] 
[1.47, 13.67] 

Mackintos

h   
36 N 8.3 [1.8, 75.2] [2.53, 27.44] 

LU SCC 

Honda  11 Y 4.37 [1.3, 7.37] [2.51, 7.55] 

3.46 0.65 [1.5, 7.95] 
Kanashiki  44 N 3.3 

[1.33, 

23.73] 
[1.31, 8.27] 

Mackintos

h   
6 N 3.23 [2.2, 8.5] [2.08, 4.98] 

ME Carlson  5 Y 3.13 
[1.67,11.23

] 
[1.69, 5.78]  0.48 - 

PA 

Furukawa 9 Y 4.8 [2.13, 8.5] [3.07, 7.53] 

3.74 0.36 
[2.36, 

5.94] Rezai  10 Y 2.99 
[1.13, 

5.03] 
[1.87, 4.83] 

SA 
Galante  44 Y 0.24 [0.05,4.23] [0.06, 0.99] 

0.27 1.07 
[0.07, 

1.06] Spratt  5 Y 0.83 [0.7,5.83] [0.42, 1.63] 

Notes: (*)𝜔 = standard deviation of the associated normal distribution.  
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A.4 PFS data in untreated cancer patients 

Table A3 Published PFS curves. 

Cancer 

Type 
Reference 

N. 

pz 
Cohort/ Treatment 

Median PFS 

[month] 

Median OS 

[month] 

Overall 

response rate 

CC 

Casak 2022  61 Placebo 
1.4 

[1.34, 1.85] 

7.5 

[4.8, 11.1] 
- 

Zhu 2021 * 59 Placebo 
1.6  

[1.46,1.86] 

7.5  

[4.8, 11.1] 
- 

CR 

Bendell 2011  18 Capecitabine 
2.53 

[1.65, 3.26] 

7.6 

[5, 16.3] 
7% 

Cutsem 2007  232 Best supportive care 
1.8  

[1.77, 2.02] 

6.5  

[na] 
- 

Dasari 2023  230 Placebo 
1.8 

[1.8, 1.93] 

4.8 

[4, 5.8] 
- 

Hecht 2017  85 
FOLFIRI + 

Simtuzumab 

5.4 

[3.4, 5.6] 

10.5 

[9.2, 12.6] 
5.9% 

GA 

Bang 2015  62 Paclitaxel 
3.55 

[2.35, 5.12] 

8.3 

[na] 
9% 

Boku 2009  234 FU 
2.9  

[1.7, 5.7] 

10.8  

[5.7, 17.8] 
9% 

Ohtsu 2003  70 UFTM 
2.4  

[1.3, 3.2] 

6  

[4.6, 7.4] 
9% 

Vanhoefer 2000  122 ELF 
3.3  

[2.9, 4.43] 

7.2  

[6, 8.3] 
5.7% 

HN 

Burtness 2005  60 Cisplatin 
2.7  

[1.9, 4.01] 

8  

[6.1, 10.6] 
10% 

Cohen 2019  248 

Standard-of-care 

therapy (methotrexate, 

docetaxel, or 

cetuximab) 

2.3  

[1.79, 2.8] 

6.9  

[5.9, 8] 
10% 

Ferris 2016  121 

Standard-of-care 

therapy (methotrexate, 

docetaxel, or 

cetuximab) 

2.3  

[1.9, 3.14] 

5.1  

[4, 6] 
5.1% 

LI 

Cheng 2009* 76 Placebo 
1.4  

[1, 1.55] 

4.2  

[3.75, 5.46] 
- 

Llovet 2008  303 Placebo 2.8 [2.7, 4.11] 
7.9  

[6.8, 9.1] 
- 

Zhu 2015  282 Placebo 
2.1  

[1.6, 2.83] 

7.6  

[6, 9.3] 
- 

ME 

Chapman 2011  274 Dacarbazine 
1.6  

[1.55, 1.77] 

64% alive 

after 6 months 
5% 

Hauschild 2012  40 Dacarbazine 
2.7  

[1.51, 2.95] 
na 7% 

Kim 2013  63 Dacarbazine 
1.8  

[1.78, 2.04] 
14% of death 0% 

PA 

Conroy 2011  171 Gemcitabine 
3.3  

[2.2, 3.83] 

6.8  

[5.5, 7.6] 
9.4% 

Girardi 2019  54 Gemcitabine 
1.7  

[0.98, 2.57] 

6.8  

[2.6, 11.0] 
9.3% 

Kindler 2010  256 Gemcitabine 
2.9  

[2.4, 4.52] 

5.9  

[5.1, 6.9] 
10% 

Moore 2007  284 Gemcitabine 3.6  5.91  8% 
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Cancer 

Type 
Reference 

N. 

pz 
Cohort/ Treatment 

Median PFS 

[month] 

Median OS 

[month] 

Overall 

response rate 

[3.29, 4.11] [na] 

SA 

Gounder 2022  97 Placebo 
2.1  

[1.51, 3.06] 

12.9 

[8.54, 15.90] 
- 

Kawai 2016  16 Placebo 
1.75  

[0.93, 2.91] 

14.9 

[6.8, na] 
- 

Notes: *Kaplan Meyer curve for PFS was not available, information about time to 

progression (TTP) was used. 

 

From each of the study reported in Table S1.3, the PFS curve was digitalized. 

Let 𝑆(𝑡) denote its value at time 𝑡  and N the number of patients involved in 

the study. Thus, the 95%CI of 𝑆(𝑡)  for any time 𝑡  was reconstructed, 

assuming that there were not censored data, based on the following step: 

• the standard error of 𝑆(𝑡)  was approximated as 𝑆𝐸 =

√𝑆(𝑡)(1 − 𝑆(𝑡)) 𝑁⁄ ; 

• the 2.5 and 97.5 percentiles were approximated respectively as: 

• 𝐿(𝑡) = 𝑆(𝑡)𝑒
𝑧0.025
ln (𝑆(𝑡))

∙
𝑆𝐸

𝑆(𝑡) and 𝑈(𝑡) = 𝑆(𝑡)𝑒
−𝑧0.025
ln (𝑆(𝑡))

∙
𝑆𝐸

𝑆(𝑡)  

where 𝑧0.025 was the 2.5th percentile of the normal distribution. 

A.5. Model fitting of tumor growth studies in PDX 

mice 
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Figure A1 Fitting plots of the population Simeoni growth models in PDX 

mice. For each cancer type, colored dots and lines represent the individual 

observed and predicted tumor weight profiles stratified by PDX mouse 

model; black line marks the typical model prediction; grey area is the 90% 

CI of model predictions (2500 simulations). 

Table A4 Individual parameter estimates of the Simeoni tumor growth 

model in PDX mice. 

BR     

 

CC      

 

CR     

 
GA    

   

HN 

     

LI     

   
LU ADC 

 

LU SCC

 

ME    

 
PA  

    

SA    

           

 

 1 

Cancer 

Type 
PDX 

λ0 [1/day] 

Rate of exponential 

growth 

λ1 [cm3/day] 

Rate of linear growth 

W0 

[g] 

Initial tumor weight 

BR 

BR10014 0.050 0.022 0.013 

BR10539 0.049 0.025 0.013 

BR10582 0.060 0.047 0.015 

BR1115 0.075 0.085 0.065 

BR1282 0.286 0.122 0.001 

BR1283 0.061 0.049 0.007 

BR1458 0.111 0.068 0.009 
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Cancer 

Type 
PDX 

λ0 [1/day] 

Rate of exponential 

growth 

λ1 [cm3/day] 

Rate of linear growth 

W0 

[g] 

Initial tumor weight 

BR1474 0.049 0.024 0.024 

BR2014 0.059 0.040 0.008 

BR3267 0.043 0.034 0.040 

BR5009 0.042 0.054 0.029 

BR5010 0.040 0.057 0.027 

BR5011 0.040 0.052 0.060 

BR5013 0.049 0.106 0.037 

BR5015 0.136 0.133 0.012 

BR6695 0.057 0.053 0.019 

BR9456 0.078 0.049 0.030 

BR9464 0.058 0.059 0.014 

BR9465 0.049 0.048 0.029 

BR9466 0.061 0.034 0.011 

BR9469 0.060 0.059 0.003 

BR9479 0.062 0.071 0.009 

BR9480 0.077 0.015 0.002 

BR9493 0.061 0.040 0.008 

BR9494 0.222 0.174 0.001 

CC 

CC6679 0.135 0.044 0.004 

CC6639 0.256 0.051 0.004 

CC6638 0.160 0.065 0.018 

CC6279 0.153 0.058 0.006 

CC6216 0.158 0.083 0.003 

CC0449 0.088 0.010 0.002 

CC11307 0.097 0.018 0.004 

CC1470 0.088 0.151 0.003 

CC6204 0.118 0.034 0.003 

CC6205 0.138 0.042 0.004 

CC6600 0.078 0.132 0.002 

CC6604 0.162 0.127 0.006 

CC6607 0.083 0.032 0.002 

CC6609 0.155 0.061 0.005 

CC6614 0.092 0.011 0.003 

CC6625 0.205 0.091 0.007 

CC6637 0.166 0.046 0.004 

CC6645 0.140 0.020 0.003 

CC6658 0.216 0.091 0.005 

CC6680 0.135 0.012 0.004 

CC6724 0.095 0.046 0.004 

CC9326 0.130 0.007 0.003 

CC9506 0.207 0.072 0.003 

CR 
CR0004 0.077 0.047 0.024 

CR0012 0.063 0.019 0.012 
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Cancer 

Type 
PDX 

λ0 [1/day] 

Rate of exponential 

growth 

λ1 [cm3/day] 

Rate of linear growth 

W0 

[g] 

Initial tumor weight 

CR0150 0.063 0.012 0.015 

CR0170 0.036 0.040 0.086 

CR0193 0.105 0.050 0.021 

CR0196 0.060 0.033 0.007 

CR0205 0.080 0.037 0.023 

CR1519 0.079 0.083 0.060 

CR1801 0.051 0.012 0.014 

CR2110 0.056 0.017 0.026 

CR2161 0.056 0.034 0.034 

CR2394 0.080 0.059 0.007 

CR2517 0.044 0.041 0.072 

CR2518 0.050 0.025 0.041 

CR2519 0.064 0.018 0.023 

CR2524 0.081 0.023 0.035 

CR2814 0.042 0.032 0.025 

CR3079 0.040 0.032 0.044 

CR3150 0.065 0.024 0.014 

CR3315 0.071 0.036 0.022 

CR3496 0.053 0.066 0.039 

CR3612 0.080 0.022 0.022 

CR6219 0.053 0.031 0.037 

CR6227 0.039 0.027 0.046 

CR6228 0.017 0.028 0.043 

GA  

GA0006 0.09 0.048 0.02 

GA0023 0.12 0.069 0.025 

GA0044 0.11 0.075 0.011 

GA0046 0.082 0.015 0.012 

GA0055 0.043 0.0088 0.02 

GA0080 0.12 0.046 0.0095 

GA0087 0.04 0.026 0.05 

GA0095 0.018 0.026 0.039 

GA0098 0.043 0.013 0.019 

GA0119 0.045 0.058 0.044 

GA0138 0.064 0.013 0.036 

GA0151 0.03 0.026 0.029 

GA0318 0.046 0.023 0.052 

GA0429 0.11 0.029 0.014 

GA2101 0.043 0.011 0.033 

GA2278 0.047 0.017 0.018 

GA3055 0.044 0.026 0.005 

GA3121 0.11 0.034 0.0099 

GA3158 0.037 0.026 0.06 

GA3839 0.046 0.026 0.0097 
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Cancer 

Type 
PDX 

λ0 [1/day] 

Rate of exponential 

growth 

λ1 [cm3/day] 

Rate of linear growth 

W0 

[g] 

Initial tumor weight 

GA6200 0.048 0.026 0.023 

GA6212 0.048 0.02 0.046 

GA6822 0.03 0.026 0.028 

GA6877 0.051 0.026 0.054 

GA6898 0.042 0.026 0.029 

HN  

HN0366 0.17 0.075 0.011 

HN0586 0.047 0.065 0.024 

HN0696 0.06 0.039 0.023 

HN1972 0.072 0.065 0.009 

HN2174 0.061 0.074 0.036 

HN2221 0.048 0.065 0.007 

HN2574 0.11 0.07 0.011 

HN2576 0.13 0.057 0.010 

HN2581 0.15 0.071 0.02 

HN2583 0.12 0.074 0.007 

HN2586 0.14 0.082 0.012 

HN2594 0.05 0.065 0.07 

HN2606 0.039 0.065 0.054 

HN3504 0.031 0.065 0.067 

HN3508 0.13 0.063 0.014 

HN3537 0.15 0.081 0.016 

HN3642 0.067 0.065 0.017 

HN3674 0.11 0.066 0.016 

HN3690 0.12 0.061 0.008 

HN3712 0.1 0.064 0.026 

HN3792 0.14 0.076 0.034 

HN3796 0.08 0.065 0.043 

HN5111 0.14 0.051 0.04 

HN5125 0.14 0.075 0.011 

HN5126 0.052 0.065 0.036 

LI  

LI0050 0.15 0.071 0.008 

LI0348 0.089 0.028 0.024 

LI0612 0.25 0.065 0.002 

LI0801 0.097 0.058 0.024 

LI1005 0.1 0.079 0.013 

LI1025 0.13 0.059 0.01 

LI1035 0.13 0.054 0.004 

LI1037 0.14 0.11 0.001 

LI1054 0.084 0.055 0.014 

LI1055 0.044 0.069 0.014 

LI1058 0.053 0.066 0.006 

LI1069 0.11 0.14 0.008 
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Cancer 

Type 
PDX 

λ0 [1/day] 

Rate of exponential 

growth 

λ1 [cm3/day] 

Rate of linear growth 

W0 

[g] 

Initial tumor weight 

LI1074 0.1 0.11 0.04 

LI1078 0.061 0.066 0.028 

LI1081 0.092 0.074 0.009 

LI1097 0.24 0.093 0.006 

LI1098 0.16 0.01 0.019 

LI6206 0.035 0.071 0.013 

LI6280 0.11 0.084 0.023 

LI6281 0.12 0.028 0.015 

LI6605 0.03 0.076 0.026 

LI6610 0.099 0.14 0.002 

LI6611 0.25 0.076 0.007 

LI6612 0.21 0.15 0.006 

LI6664 0.12 0.15 0.036 

LU ADC 

 

LU1147 0.064 0.023 0.007 

LU11606 0.077 0.057 0.012 

LU1235 0.093 0.042 0.017 

LU1380 0.092 0.026 0.009 

LU1452 0.033 0.036 0.014 

LU2038 0.039 0.027 0.029 

LU2049 0.043 0.040 0.032 

LU2071 0.053 0.018 0.025 

LU2505 0.053 0.034 0.031 

LU2535 0.029 0.036 0.047 

LU5165 0.064 0.072 0.029 

LU5176 0.076 0.045 0.016 

LU5187 0.055 0.022 0.015 

LU5194 0.042 0.032 0.005 

LU5209 0.028 0.037 0.057 

LU5212 0.090 0.039 0.032 

LU5240 0.033 0.037 0.040 

LU5245 0.070 0.050 0.022 

LU5247 0.069 0.058 0.007 

LU5349 0.145 0.037 0.009 

LU5371 0.035 0.036 0.014 

LU5381 0.135 0.032 0.008 

LU6412 0.048 0.025 0.034 

LU6414 0.183 0.068 0.012 

LU6425 0.205 0.064 0.011 

LU SCC 

LU0350 0.223 0.078 0.006 

LU0357 0.046 0.073 0.045 

LU0367 0.052 0.030 0.003 

LU0395 0.082 0.031 0.010 
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Cancer 

Type 
PDX 

λ0 [1/day] 

Rate of exponential 

growth 

λ1 [cm3/day] 

Rate of linear growth 

W0 

[g] 

Initial tumor weight 

LU0697 0.086 0.018 0.007 

LU0741 0.041 0.014 0.034 

LU0743 0.150 0.095 0.018 

LU0884 0.074 0.051 0.019 

LU1143 0.137 0.058 0.010 

LU1155 0.141 0.019 0.012 

LU1160 0.058 0.096 0.023 

LU1204 0.190 0.115 0.015 

LU1206 0.077 0.048 0.042 

LU1423 0.063 0.030 0.018 

LU1661 0.185 0.054 0.007 

LU1690 0.222 0.044 0.009 

LU1776 0.086 0.024 0.005 

LU3075 0.061 0.023 0.011 

LU6439 0.160 0.087 0.013 

LU6440 0.123 0.106 0.022 

LU6901 0.139 0.036 0.009 

LU6905 0.154 0.048 0.002 

LU6917 0.043 0.023 0.041 

LU9357 0.136 0.092 0.010 

LU9358 0.171 0.061 0.005 

ME 

ME1154 0.085 0.064 0.022 

ME11971 0.144 0.089 0.009 

ME11972 0.139 0.087 0.009 

ME12047 0.260 0.109 0.004 

ME12056 0.052 0.050 0.030 

ME12057 0.109 0.082 0.023 

ME12068 0.113 0.105 0.014 

ME12070 0.048 0.023 0.008 

ME12079 0.147 0.092 0.018 

ME12080 0.100 0.053 0.032 

ME12107 0.088 0.032 0.025 

ME12120 0.050 0.077 0.027 

ME12149 0.157 0.052 0.006 

ME12172 0.105 0.055 0.009 

ME12208 0.136 0.073 0.011 

ME12212 0.090 0.037 0.030 

ME12216 0.045 0.073 0.023 

ME12217 0.071 0.104 0.027 

ME12222 0.047 0.061 0.019 

ME13996 0.155 0.059 0.007 

ME2194 0.134 0.101 0.006 

ME2319 0.044 0.065 0.042 
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Cancer 

Type 
PDX 

λ0 [1/day] 

Rate of exponential 

growth 

λ1 [cm3/day] 

Rate of linear growth 

W0 

[g] 

Initial tumor weight 

ME5285 0.139 0.056 0.014 

ME9384 0.149 0.054 0.008 

MR12035 0.054 0.054 0.021 

PA  

PA0372 0.011 0.053 0.019 

PA0692 0.081 0.053 0.023 

PA1194 0.045 0.054 0.07 

PA1198 0.08 0.082 0.018 

PA1222 0.038 0.038 0.01 

PA1233 0.051 0.013 0.018 

PA1265 0.13 0.034 0.019 

PA1280 0.092 0.028 0.022 

PA1301 0.095 0.044 0.034 

PA1306 0.084 0.04 0.007 

PA1332 0.21 0.12 0.007 

PA1338 0.14 0.11 0.013 

PA1390 0.09 0.066 0.02 

PA2410 0.08 0.09 0.043 

PA3013 0.093 0.055 0.013 

PA3029 0.098 0.051 0.014 

PA3065 0.12 0.041 0.027 

PA3126 0.1 0.034 0.014 

PA3127 0.062 0.064 0.017 

PA3136 0.12 0.13 0.008 

PA3137 0.095 0.055 0.008 

PA3139 0.09 0.12 0.006 

PA6233 0.055 0.054 0.013 

PA6259 0.098 0.024 0.02 

PA6265 0.075 0.015 0.013 

SA  

SA0639 0.295 0.125 0.014 

SA10199 0.156 0.239 0.003 

SA13127 0.167 0.081 0.009 

SA13226 0.161 0.046 0.005 

SA13389 0.160 0.169 0.006 

SA3224 0.192 0.160 0.006 

SA3283 0.170 0.142 0.007 

SA3296 0.195 0.309 0.007 

SA3829 0.189 0.148 0.007 

SA3831 0.148 0.059 0.005 

SA4062 0.166 0.217 0.006 

SA4094 0.239 0.096 0.008 

SA4097 0.306 0.275 0.006 

SA4109 0.203 0.082 0.005 

SA4128 0.215 0.269 0.004 
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Figure A2 Log-normal distributions of the parameter λ0 of the Simeoni 

growth model in PDX mice. Black solid lines represent the nominal densities 

(corresponding to the 𝜆0,𝑝𝑜𝑝  and 𝜔𝜆0 values reported in Table S3.1). Red 

vertical line marks the typical (median) value. Blue bands are the 95%PIs of 

the densities obtained propagating uncertainty of parameter estimates (1000 

values of 𝜆0,𝑝𝑜𝑝 and 𝜔𝜆0 were extracted assuming a normal distribution). 
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A.6. Scaling of the exponential tumor growth in 

untreated cancer patients 

Table A5 Scaled exponential tumor growth rate in humans 

Cance

r Type 

Log-normal 

distribution of 

𝒌𝒈,𝒉𝒖𝒎𝒂𝒏* 

[1/month] Individual 𝒌𝒈,𝑯𝒖𝒎𝒂𝒏 [1/month] from PDX mouse models 

𝒌𝒈,𝒉𝒖𝒎𝒂𝒏 

(CV%)

** 

𝝎𝑘𝒈,𝒉𝒖𝒎𝒂𝒏 

(CV%)** 

BR 
0.140 

(10%) 

0.50 

(15%) 

BR10014 - 

0.11 

BR10539 - 

0.10 

BR10582 - 

0.13  

BR1115 - 

0.16  

BR1282 - 

0.61  

BR1283 - 

0.13 

BR1458 - 

0.24 

BR1474 - 

0.1 

BR2014 - 

0.13 

BR3267 - 

0.09 

BR5009 - 

0.09 

BR5010 - 

0.09 

BR5011 - 

0.09 

BR5013 - 

0.1 

BR5015 - 

0.29 

BR6695 - 

0.12 

BR9456 - 

0.17 

BR9464 - 

0.12 

BR9465 - 

0.11 

BR9466 - 

0.13 

BR9469 - 

0.13 

BR9479 - 

0.13 

BR9480 - 

0.16 

BR9493 - 

0.13 

BR9494 - 

0.47 

CC 
0.298 

(9%) 

0.37 

(17%) 

CC6679 -

0.29 

CC6639 - 

0.54 

CC6638 - 

0.34 

CC6279 – 

0.33 

CC6216 – 

0.34 

CC0449 - 

0.19 

CC11307 - 

0.21 

CC1470 - 

0.19 

CC6204 - 

0.25 

CC6205 - 

0.29 

CC6600 - 

0.17 

CC6604 - 

0.34 

CC6607 - 

0.18 

CC6609 - 

0.33 

CC6614 - 

0.2 

CC6625 - 

0.44 

CC6637 - 

0.35 

CC6645 - 

0.30 

CC6658 - 

0.46 

CC6680 – 

0.29 

CC6724 - 

0.2 

CC9326 - 

0.28 

CC9506 - 

0.44 
- - 

CR 
0.121 

(8%) 

0.39 

(16%) 

CR0004 – 

0.16 

CR0012 – 

0.13 

CR0150 – 

0.13 

CR0170 – 

0.0.08 

CR0193 – 

0.22 

CR0196 – 

0.13 

CR0205 – 

0.17 

CR1519 – 

0.17 

CR1801 – 

0.11 

CR2110 – 

0.12 

CR2161 – 

0.12 

CR2394 – 

0.17 

CR2517 – 

0.09 

CR2518 – 

0.11 

CR2519 – 

0.14 

CR2524 – 

0.17 

CR2814 – 

0.09 

CR3079 – 

0.09 

CR3150 – 

0.14 

CR3315 – 

0.15 

CR3496 – 

0.11 

CR3612 – 

0.17  

CR6219 – 

0.11 

CR6227 – 

0.08 

CR6228 – 

0.04 

GA  
0.113 

(10% 

0.50 

(14%) 

GA0006 – 

0.19 

GA0023 – 

0.26 

GA0044 – 

0.23 

GA0046 – 

0.17 

GA0055 – 

0.09 

GA0080 – 

0.26 

GA0087 – 

0.09 

GA0095 – 

0.04 

GA0098 – 

0.09 

GA0119 – 

0.1 

GA0138 – 

0.14 

GA0151 – 

0.06 

GA0318 – 

0.1 

GA0429 – 

0.23 

GA2101 – 

0.09 

GA2278 – 

0.1 

GA3055 – 

0.09 

GA3121 - 

0.23 

GA3158 – 

0.08 

GA3839 – 

0.1 
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Cance

r Type 

Log-normal 

distribution of 

𝒌𝒈,𝒉𝒖𝒎𝒂𝒏* 

[1/month] Individual 𝒌𝒈,𝑯𝒖𝒎𝒂𝒏 [1/month] from PDX mouse models 

𝒌𝒈,𝒉𝒖𝒎𝒂𝒏 

(CV%)

** 

𝝎𝑘𝒈,𝒉𝒖𝒎𝒂𝒏 

(CV%)** 

GA6200 – 

0.1 

GA6212 – 

0.1 

GA6822 – 

0.06 

GA6877 – 

0.11 

GA6898 – 

0.09 

HN  
0.188 

(10%) 

0.50 

(15%) 

HN0366 -

0.36 

HN0586 -

 0.

1 

HN0696 - 

0.13 

HN1972 - 

0.15 

HN2174 - 

0.13 

HN2221 - 

0.1 

HN2574 - 

0.23 

HN2576 - 

0.28 

HN2581 - 

0.32 

HN2583 - 

0.26 

HN2586 - 

0.3 

HN2594 - 

0.11 

HN2606 - 

0.08 

HN3504 - 

0.07 

HN3508 - 

0.28 

HN2586 - 

0.32 

HN2594 - 

0.14 

HN2606 - 

0.23 

HN3504 - 

0.26 

HN3508 - 

0.21 

HN3792 - 

0.3 

HN3796 - 

0.17 

HN5111 - 

0.3 

HN5125 -

 0.

3 

HN5126 - 

0.11 

LI  
0.236 

(12%) 

0.58 

(15%) 

LI0050 - 

0.32 

LI0348 - 

0.19 

LI0612 - 

0.53 

LI0801 - 

0.21 

LI1005 - 

0.21 

LI1025 - 

0.28 

LI1035 - 

0.28 LI1037- 0.3  

LI1054 - 

0.18 

LI1055 - 

0.09 

LI1058 - 

0.11 

LI1069 - 

0.23 

LI1074 - 

0.21 

LI1078 - 

0.13 LI1081 - 0.2 

LI1097 - 

0.51 

LI1098 - 

0.34 

LI6206 - 

0.07 

LI6280 - 

0.23 

LI6281 - 

0.26 

LI6605 - 

0.06 

LI6610 - 

0.21 

LI6611 - 

0.53 

LI6612 - 

0.45 

LI6664 - 

0.26 

LU 

ADC 

0.136 

(11%) 

0.55 

(14%) 

LU1147 - 

0.14 

LU11606 - 

0.16 

LU1235 - 

0.2 

LU1380 - 

0.2 

LU1452 - 

0.07 

LU2038 - 

0.08 

LU2049 - 

0.09 

LU2071 - 

0.11 

LU2505 - 

0.11 

LU2535 - 

0.06 

LU5165 - 

0.14 

LU5176 - 

0.16 

LU5187 - 

0.12 

LU5194 - 

0.09 

LU5209 - 

0.06 

LU5212 - 

0.19 

LU5240 - 

0.07 

LU5245 - 

0.15 

LU5247 - 

0.15 

LU5349 – 

0.31 

LU5371 - 

0.07 

LU5381 - 

0.29 

LU6412 - 

0.1 

LU6414 - 

0.39 

LU6425 - 

0.44 

LU SCC 
0.213 

(11%) 

0.55 

(15%) 

LU0350 - 

0.47 LU0357-0.1 

LU0367-

0.11 

LU0395-

0.17 

LU0697-

0.18 

LU0741-

0.09 

LU0743-

0.32 

LU0884-

0.16 

LU1143-

0.29 LU1155-0.3 

LU1160-

0.12 LU1204-0.4 

LU1206-

0.16 

LU1423-

0.13 

LU1661-

0.39 

LU1690-

0.47 

LU1776-

0.18 

LU3075-

0.13 

LU6439-

0.34 

LU6440-

0.26 

LU6901-0.3 

LU6905-

0.33 

LU6917-

0.09 

LU9357-

0.29 

LU9358-

0.36 

ME 
0.211 

(10%) 

0.46 

(15%) 

ME1154-

0.18 

ME11971-

0.31 

ME11972-

0.3 

ME12047-

0.55 

ME12056-

0.11 
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Cance

r Type 

Log-normal 

distribution of 

𝒌𝒈,𝒉𝒖𝒎𝒂𝒏* 

[1/month] Individual 𝒌𝒈,𝑯𝒖𝒎𝒂𝒏 [1/month] from PDX mouse models 

𝒌𝒈,𝒉𝒖𝒎𝒂𝒏 

(CV%)

** 

𝝎𝑘𝒈,𝒉𝒖𝒎𝒂𝒏 

(CV%)** 

ME12057-

0.23 

ME12068-

0.24 

ME12070-

0.1 

ME12079-

0.31 

ME12080-

0.21 

ME12107-

0.19 

ME12120-

0.11 

ME12149-

0.34 

ME12172-

0.22 

ME12208-

0.29 

ME12212-

0.19 

ME12216-

0.1 

ME12217-

0.15 

ME12222-

0.1 

ME13996-

0.33 

ME2194-

0.29  

ME2319-

0.09 

ME5285-

0.29 

ME9384-

0.32 

ME120350.

11 

PA  
0.172 

(11%) 

0.54 

(15%) 

PA0372-

0.02 

PA0692-

0.17 PA1194-0.1 

PA1198-

0.17 

PA1222-

0.08 

PA1233-

0.11 

PA1265-

0.28 PA1280-0.2 PA1301-0.2 

PA1306-

0.18 

PA1332-

0.45 PA1338-0.3 

PA1390-

0.19 

PA2410-

0.17 PA3013-0.2 

PA3029-

0.21 

PA3065-

0.26 

PA3126-

0.21 

PA3127-

0.13 

PA3136-

0.26 

PA3137-0.2 

PA3139-

0.19 

PA6233-

0.12 

PA6259-

0.21 

PA6265-

0.16 

SA  
0.426 

(8%) 

0.27 

(21%) 

SA0639-

0.63 

SA10199-

0.33 

SA13127-

0.36 

SA13226-

0.34 

SA13389-

0.34 

SA3224-

0.41 

SA3283-

0.36 

SA3296-

0.42 SA3829-0.4 

SA3831-

0.32 

SA4062-

0.35 

SA4094-

0.51 

SA4097-

0.65 

SA4109-

0.43 

SA4128-

0.46 

SA4148-

0.71     

Notes: (*) Exponential tumor growth rate was parametrized as 

𝑘𝑔,𝐻𝑢𝑚𝑎𝑛,𝑖 = 𝑘𝑔,𝐻𝑢𝑚𝑎𝑛,𝑝𝑜𝑝 exp( 𝜂𝑘𝑔,𝐻𝑢𝑚𝑎𝑛,𝑖 ) where 𝑘𝑔,𝐻𝑢𝑚𝑎𝑛,𝑝𝑜𝑝 =

𝜆0,𝑝𝑜𝑝(𝐵𝑊𝐻𝑢𝑚𝑎𝑛 𝐵𝑊𝑀𝑖𝑐𝑒⁄ )−𝛼 was the typical value (median) and 𝜂𝑘𝑔,𝐻𝑢𝑚𝑎𝑛  a 

normally distributed variable with mean zero and standard deviation 

𝜔𝑘𝑔,𝐻𝑢𝑚𝑎𝑛 = 𝜔𝜆0. (**) Coefficient of variations (CV%) of the 𝑘𝑔,𝐻𝑢𝑚𝑎𝑛,𝑝𝑜𝑝 

and 𝜔𝑘𝑔,𝐻𝑢𝑚𝑎𝑛  parameters were obtained propagating the estimation 

uncertainty of the mice-related parameters (i.e., 𝜆0,𝑝𝑜𝑝 and 𝜔𝜆0). 
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Figure A3 Log-normal distributions of the exponential tumor growth rate in 

humans, 𝑘𝑔,𝐻𝑢𝑚𝑎𝑛, scaled from PDX mice. Black solid lines represent the 

nomial densities (corresponding to the 𝑘𝑔,𝐻𝑢𝑚𝑎𝑛,𝑝𝑜𝑝  and 𝜔𝜆𝐻𝑢𝑚𝑎𝑛  values 

reported in Table A5). Red vertical lines mark the typical (median) values. 

Blue bands are the 95%PIs of the densities obtained propagating estimation 

uncertainty of parameters (1000 values of 𝑘𝑔,𝐻𝑢𝑚𝑎𝑛,𝑝𝑜𝑝  and 𝜔𝜆𝐻𝑢𝑚𝑎𝑛  were 

extracted assuming a normal distribution).  

 

A.7. Predicting TVDTs and PFS in untreated cancer 

patients 

For each cancer type, the 80%PI of predicted TVDTs and PFS in humans 

was computed following these steps: 

- to account for estimation uncertainty, the parameters characterizing the 

log-normal distribution of exponential tumor growth rate 𝑘𝑔,𝐻𝑢𝑚𝑎𝑛  in 
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cancer patients,  i.e., 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛,𝑝𝑜𝑝  and 𝜔𝑘𝑔,ℎ𝑢𝑚𝑎𝑛 , were supposed 

normally distributed with means equal to values reported in Table A5 

and standard deviations derived from the corresponding CV% of 

estimates (see Table A5); 

- from the normal distributions of 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛,𝑝𝑜𝑝 and 𝜔𝑘𝑔,ℎ𝑢𝑚𝑎𝑛 , 1000 

samples, {𝑘𝑔,ℎ𝑢𝑚𝑎𝑛,𝑝𝑜𝑝,𝑖}𝑖=1,…1000  and {𝜔𝑘𝑔,ℎ𝑢𝑚𝑎𝑛,𝑖}𝑖=1,…1000
, were 

extracted, thus obtaining 1000 log-normal distributions of 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛 in 

cancer patients each characterized by a couple (𝑘𝑔,ℎ𝑢𝑚𝑎𝑛,𝑝𝑜𝑝,𝑖,

𝜔𝑘𝑔,ℎ𝑢𝑚𝑎𝑛,𝑖) ;   

- TVDTs: 

o from the 1000 log-normal distributions of 𝑘𝑔,ℎ𝑢𝑚𝑎𝑛 the 

corresponding 1000 log-normal distributions of 𝑇𝑉𝐷𝑇ℎ𝑢𝑚𝑎𝑛 

were derived, applying Eq. 2; 

o for each of the 1000 log-normal distributions of 𝑇𝑉𝐷𝑇ℎ𝑢𝑚𝑎𝑛, the 

10th and 90th percentiles (p10 and p90) were computed; 

 

o the 80%PI of predicted TVDTs was defined as the 2.5th 

percentile of p10 and 97.5th percentile of p80 to include both the 

inter-patient variability and the parameter estimation 

uncertainty. 

- PFS: 

o 200 growth rates (=patients) from each log-normal distribution 

were sampled and the corresponding 𝑡𝑒𝑣𝑒𝑛𝑡  derived, applying 

Eq. 3; 

o 1000 KM curve for PFS were derived and KM – visual predictive 

checks (VPC) constructed. 

 

   

Table A6 Predicted TVDTs in humans. 

Cance

r Type 

Log-normal 

distribution of 

TVDThuman [month]* Individual TVDThuman [month] from PDX mouse models 

TVDThum

an (CV%) 

𝜔𝑻𝑽𝑫𝑻𝑯𝒖𝒎𝒂𝒏 

(CV%) 

BR 
4.93 

(10%) 

0.50 

(15%) 

BR10014 – 

6.46 

BR10539 

– 6.6 

BR10582 – 

5.41  

BR1115 – 

4.32  

BR1282 – 

1.14  

BR1283 – 

5.35 

BR1458 – 

2.93 

BR1474 – 

6.6 

BR2014 – 

5.48 

BR3267 – 

7.51 
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BR5009 – 

7.76 

BR5010 – 

8.09 

BR5011 – 

8.07 

BR5013 – 

6.67 

BR5015 – 

2.4 

BR6695 – 

5.69 

BR9456 – 

4.18 

BR9464 - 

5.6 

BR9465 – 

6.59 

BR9466 – 

5.34 

BR9469 – 

5.41 

BR9479 – 

5.23 

BR9480 - 

4.23 

BR9493 – 

5.36 

BR9494 – 

1.47 

CC 2.33 (9%) 
0.37 

(17%) 

CC6679 -

2.41 

CC6639 - 

1.27 

CC6638 - 

2.04 

CC6279 - 

2.13 

CC6216 - 

2.06 

CC0449 - 

3.7 

CC11307 - 

3.36 

CC1470 – 

3.7 

CC6204 – 

2.76 

CC6205 – 

2.36 

CC6600 – 

4.18 

CC6604 – 

2.01 

CC6607 – 

3.92 

CC6609 – 

2.1 

CC6614 – 

3.54 

CC6625 – 

1.59 

CC6637 – 

1.96 

CC6645 – 

2.33 

CC6658 – 

1.51 

CC6680 – 

2.41 

CC6724 – 

3.43 

CC9326 – 

2.51 

CC9506 – 

1.57 
- - 

CR 5.71 (9%) 
0.39 

(16%) 

CR0004 – 

4.23 

CR0012 – 

5.17 

CR0150 – 

5.17 

CR0170 – 

9.05 

CR0193 – 

3.1 

CR0196 – 

5.43 

CR0205 – 

4.07 

CR1519 – 

4.12 

CR1801 – 

6.39 

CR2110 – 

5.82 

CR2161 – 

5.82 

CR2394 – 

4.07 

CR2517 – 

7.4 

CR2518 – 

6.51 

CR2519 – 

5.09 

CR2524 – 

4.02 

CR2814 – 

7.75 

CR3079 – 

8.14 

CR3150 – 

5.01 

CR3315 – 

4.59 

CR3496 – 

6.14 

CR3612 – 

4.07 

CR621 – 

6.14 

CR6227 – 

8.35 

CR622 – 

19.16 

GA  
6.14 

(10%) 

0.50 

(14%) 

GA0006 - 

3.62 

GA0023 - 

2.71 

GA0044 - 

2.96 

GA0046 - 

3.97 

GA0055 - 

7.57 

GA0080 - 

2.71 

GA0087 - 

8.14 

GA0095 - 

18.09 

GA0098 - 

7.57 

GA0119 - 

7.24 

GA0138 - 

5.09 

GA0151 - 

10.86 

GA0318 - 

7.08 

GA0429 - 

2.96 

GA2101 - 

7.57 

GA2278 - 

6.93 

GA3055 - 

7.4 

GA3121 - 

2.96 

GA3158 - 

8.8 

GA3839 - 

7.08 

GA6200 - 

6.78 

GA6212 - 

6.78 

GA6822 - 

10.86 

GA6877 - 

6.39 

GA6898 - 

7.75 

HN  
3.69 

(10%) 

0.50 

(15%) 

HN0366 - 

1.92 

HN0586 -

 6

.93 

HN0696 - 

5.43 

HN1972 - 

4.52 

HN2174 -

 5.

34 

HN2221 - 

6.78 

HN2574 - 

2.96 

HN2576 - 

2.51 

HN2581 - 

2.17 

HN2583 - 

2.71 

HN2586 - 

2.33 

HN2594 -

 6

.51 

HN2606 - 

8.35 

HN3504 - 

10.5 

HN3508 - 

2.51 

HN2586 - 

2.17 

HN2594 - 

4.86 

HN2606 - 

2.96 

HN3504 - 

2.71 

HN3508 - 

3.26 

HN3792 - 

2.33 

HN3796 - 

4.07 

HN5111 - 

2.33 

HN5125 - 

2.33 

HN5126 - 

6.26 

LI  
2.93 

(12%) 

0.58 

(15%) 

LI0050 - 

2.17 

LI0348 - 

3.66 

LI0612 -. 

1.3 

LI0801 - 

3.36 

LI1005 - 

3.26 

LI1025 - 

2.51 

LI1035 - 

2.51 

LI1037 - 

2.33 

LI1054 - 

3.88 LI1055 - 7.4 
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LI1058 - 

6.14 

LI1069 - 

2.96 

LI1074 - 

3.26 

LI1078 - 

5.34 

LI1081 - 

3.54 

LI1097 - 

1.36 

LI1098 - 

2.04 LI6206 - 9.3 

LI6280 - 

2.96 

LI6281 - 

2.71 

LI6605 - 

10.86 

LI6610 - 

3.29 LI6611 - 1.3 

LI6612 - 

1.55 

LI6664 - 

2.71 

LU 

ADC 

5.09 

(12%) 

0.55 

(14%) 

LU1147 - 

5.09 

LU11606 - 

4.23 

LU1235 - 

3.5 

LU1380 - 

3.54 

LU1452 - 

9.87 

LU2038 - 

8.35 

LU2049 - 

7.57 

LU2071 - 

6.14 

LU2505 - 

6.14 

LU2535 - 

11.23 

LU5165 - 

5.09 

LU5176 - 

4.28 

LU5187 - 

5.92 

LU5194 -

7.75 

LU5209 - 

11.63 

LU5212 - 

3.62 

LU5240 - 

9.87 

LU5245 - 

4.65 

LU5247 - 

4.72 

LU5349 - 

2.25 

LU5371 - 

9.3 

LU5381 - 

2.41 

LU6412 - 

6.78 

LU6414 - 

1.78 

LU6425 -

1.59 

LU SCC 
3.26 

(12%) 

0.55 

(15%) 

LU0350-

1.46 

LU0357-

7.08 

LU0367-

6.26 

LU0395-

3.97 

LU0697-

3.79 

LU0741-

7.94 

LU0743-

2.17 LU0884-4.4 

LU1143-

2.38 

LU1155-

2.31 

LU1160-

5.61 

LU1204-

1.71 

LU1206-

4.23 

LU1423-

5.17 

LU1661-

1.76 

LU1690-

1.47 

LU1776-

3.79 

LU3075-

5.34 

LU6439-

2.04 

LU6440-

2.65 

LU6901-

2.34 

LU6905-

2.11 

LU6917-

7.57 

LU9357-

2.39 LU9358-1.9 

ME 
3.29 

(10%) 

0.46 

(15%) 

ME1154-

3.85 

ME11971-

2.26 

ME11972-

2.34 

ME12047-

1.25 

ME12056-

6.22 

ME12057-

2.98 

ME12068-

2.89 

ME12070-

6.85 

ME12079-

2.22 

ME12080-

3.26 

ME12107-

3.69 

ME12120-

6.55 

ME12149-

2.07 

ME12172-

3.11 

ME12208-

2.4 

ME12212-

3.61 

ME12216-

7.25 

ME12217-

4.6 

ME12222-

6.87 

ME13996-

2.11 

ME2194-

2.42 

ME2319-

7.47 

ME5285-

2.35 

ME9384-

2.19 

ME12035-

6.04 

PA  
4.02 

(11.3) 

0.54 

(15%) 

PA0372-

29.6 

PA0692-

4.02 

PA1194-

7.24 

PA1198-

4.07 

PA1222-

8.57 

PA1233-

6.39 

PA1265-

2.51 

PA1280-

3.54 

PA1301-

3.43 

PA1306-

3.88 

PA1332-

1.55 

PA1338-

2.33 

PA1390-

3.62 

PA2410-

4.07 PA3013-3.5 

PA3029-

3.32 

PA3065-

2.71 

PA3126-

3.26 

PA3127-

5.25 

PA3136-

2.71 

PA3137-

3.43  

PA3139-

3.62 

PA6233-

5.92 

PA6259-

3.32 

PA6265-

4.34 

SA  1.63 (8%) 
0.27 

(21%) 

SA0639-1.1 

SA10199-

2.09 

SA13127-

1.95 

SA13226-

2.02 

SA13389-

2.04 

SA3224-1.7 

SA3283-

1.92 

SA3296-

1.67 

SA3829-

1.72 SA3831-2.2 

SA4062-

1.96 

SA4094-

1.36 

SA4097-

1.06 SA4109-1.6 

SA4128-

1.51 
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SA4148-

0.98     

Notes: (*) Distribution of TVDT was parametrized as 

𝑇𝑉𝐷𝑇 = 𝑇𝑉𝐷𝑇ℎ𝑢𝑚𝑎𝑛,𝑝𝑜𝑝 exp( 𝜂𝑇𝑉𝐷𝑇ℎ𝑢𝑚𝑎𝑛,𝑖 ) where 𝑇𝑉𝐷𝑇ℎ𝑢𝑚𝑎𝑛,𝑝𝑜𝑝  was the 

typical value (median) and 𝜂𝑇𝑉𝐷𝑇ℎ𝑢𝑚𝑎𝑛  a normally distributed variable with 

mean zero and standard deviation 𝜔𝑇𝑉𝐷𝑇ℎ𝑢𝑚𝑎𝑛 = 𝜔𝜆0 . (**) Coefficient of 

variations (CV%) of the 𝑇𝑉𝐷𝑇ℎ𝑢𝑚𝑎𝑛,𝑝𝑜𝑝  and 𝜔𝑇𝑉𝐷𝑇ℎ𝑢𝑚𝑎𝑛  parameters were 

obtained propagating the estimation uncertainty of the mice-related 

parameters (i.e., 𝜆0,𝑝𝑜𝑝 and 𝜔𝜆0). 

 

A.8. Predicting TVDTs and PFS in untreated cancer 

patients 

Table A7 Estimates of the allometric scaling exponents α 

Cancer type 𝛂 estimate SE 

All the 11 cancer types 0.3446 0.0074 

BR 0.3506 - 

CC 0.3335 - 

CR 0.3420 - 

GA 0.3753 - 

HN 0.3068 - 

LI 0.3451 - 

LU ADC 0.3436 - 

LU SCC 0.3410 - 

ME 0.3232 - 

PA 0.3242 - 

SA 0.1070 - 
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Appendix B  

8 Supplementary material for Chapter 3 

B.1. Complete List of the analyzed PDX 

experiments 

Table B1 Considered TGI studies in pancreatic cancer PDX mouse models. For 

each PDX mouse model, a single TGI study including one control arm, and one 

Gemcitabine arm was available.  

PDX code* Administration schedule Route of 

administration 

Dose Patient 

ethnicity 

PA0527 Q4D x 4 Intra-peritoneal 120 Asian 

PA0692 Q3D x 21 Intra-peritoneal 60 Asian 

PA1170 Day1,5/wk x 3.5wks Intra-peritoneal 40 Asian 

PA1178 Day1,4/wk x 3wks Intra-peritoneal 40 Asian 

PA1189 Day1,4/wk x 3.5wks Intra-peritoneal 40 Asian 

PA1194 Q3D x 7 Intra-peritoneal 60 Asian 

PA1198 Q3D x 16 Intra-peritoneal 60 Asian 

PA1266 Day1,4/wk x 3wks Intra-peritoneal 40 Asian 

PA1280 Q4D x 4 Intra-peritoneal 60 Asian 

PA1301 Q3D x 14 Intra-peritoneal 120 Asian 

PA1332 Q4D x 6 Intra-peritoneal 15 Asian 

PA1338 Q3D x 21 Intra-peritoneal 60 Asian 

PA1383 Day0,4,8,Day12,Day16,20,24,28 Intra-venous 60 Asian 

PA1390 Day3,7,11,15 Intra-peritoneal 60 Asian 

PA3029 Q3D x 9 Intra-peritoneal 120 Asian 

PA3065 Q4D x 4 Intra-peritoneal 60 Asian 

PA3137 Day1,4/wk x 3wks Intra-peritoneal 40 Asian 

PA3139 Day1,4/wk x 3wks Intra-peritoneal 40 Asian 

PA6259 Day1,4/wk x 3wks Intra-peritoneal 60 Asian 

PA6265 Day1,4/wk x 5wks Intra-peritoneal 40 Asian 

PA1168 Q3Dx6 Intra-peritoneal 100 Asian 

PA1222 QW x 2wks Intra-peritoneal 120 Asian 
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PA1233 Q4Dx4 Intra-peritoneal 60 Asian 

PA1265 QW x 2wks Intra-peritoneal 120 Asian 

PA1644 Day1,4/wk x 2.5wks Intra-peritoneal 40 Asian 

PA3013 Day1,4/wk x 2wks Intra-peritoneal 40 Asian 

PA3126 Q4D x 6 Intra-peritoneal 15 Asian 

PA3149 Day1,4/wk x 2wks Intra-peritoneal 120 Asian 

PA6233 QW x 2wks Intra-peritoneal 120 Asian 

Notes: PDX codes from HuBase database (Crownbio Bioscience Inc., 

https://www.crownbio.com/). List of abbreviations: QaD x b: dose administered 

once every a days for b times. Day X,Y/wk x Zwks: dose administered on days 

X and Y every week for Z weeks. 

 

 
Table B2 Considered TGI studies in hepatocellular cancer PDX mouse models. 

For each PDX mouse model, a single TGI study including one control arm and 

one Sorafenib arm was available.  

PDX code* Administration schedule Route of 

administration 

Dose Origin 

LI0050 QDx12 Oral 50 Asian 

LI0334 QDx50 Oral 50 Asian 

LI0348 QDx21 Oral 50 Asian 

LI0574 QDx14 Oral 50 Asian 

LI0612 QDx12 Oral 60 Asian 

LI0752 QDx17 Oral 50 Asian 

LI0801 QDx22 Oral 50 Asian 

LI0941 Day1-5/wk x 2wks Oral 50 Asian 

LI1005 QDx14 Oral 30 Asian 

LI1025 QDx21 Oral 50 Asian 

LI1035 QDx21 Oral 50 Asian 

LI1054 QDx14 Oral 50 Asian 

LI1057 QDx14 Oral 50 Asian 

LI1068 QDx13 Oral 50 Asian 

LI1069 QDx14 Oral 50 Asian 

LI1074 QDx13 Oral 50 Asian 

LI1078 QDx21 Oral 50 Asian 

LI1081 QDx21 Oral 50 Asian 

LI1088 QDx13 Oral 50 Asian 

LI1097 QDx14 Oral 50 Asian 

LI1098 QDx14 Oral 50 Asian 

LI1646 QDx21 Oral 50 Asian 

LI6206 QDx21 Oral 50 Asian 

LI6664 QDx21 Oral 50 Asian 

Notes: PDX codes from HuBase database (Crownbio Bioscience Inc., 

https://www.crownbio.com/). List of abbreviations: QaD x b: dose administered 

once every a days for b times. Day X,Y/wk x Zwks: dose administered on days 

X and Y every week for Z weeks. 
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B.2. Mice PK models 

B.2.1 Pharmacokinetic compartment model of i.p. administration 

of Gemcitabine in mice. 

 

 

Figure B1 Mice PK 2-compartment model with absorption: diagram. 

 
Table B3 Mice PK model: parameters. 

Parameter Value 

𝑉2[𝑚𝑙 ∗ 𝑘𝑔
−1] 887.2 

𝑘12[𝑑𝑎𝑦
−1] 92.272 

𝑘32[𝑑𝑎𝑦
−1] 20.376 

𝑘23[𝑑𝑎𝑦
−1] 45.192 

𝑘02[𝑑𝑎𝑦
−1] 177.12 

𝐹[−] 1 

 

B.2.2. Pharmacokinetic compartment model of oral 

administration of Sorafenib in mice. 

 

Table B4 Mice PK model: parameters. 

Parameter Value 

𝑉𝑐[𝑙] 0.0112 

𝑉𝑝[𝑙] 0.0120 

𝑘12[ℎ𝑜𝑢𝑟
−1] 0.663 
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𝑘21[ℎ𝑜𝑢𝑟
−1] 0.620 

𝑘𝑒[ℎ𝑜𝑢𝑟
−1] 0.334 

𝑘𝑎[ℎ𝑜𝑢𝑟
−1] 0.640 

B.3 Model fitting of preclinical TGI studies 

B.3.1 Pancreatic cancer PDX treated with Gemcitabine 

 

 
Figure B2 Individual fit plots for a subset of 9 TGI studies in 9 PDX mouse 

models of pancreatic cancer. In each panel, both the control arm and the 

Gemcitabine one is shown. 
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Figure B3 Individual Prediction vs Observations. 

 

 

B.3.2 Hepatocellular cancer PDX treated with Sorafenib 

 

 

Figure B4 Individual fits for a subset of 9 PDX liver cancer model. In each 

panel, both the control arm and the Sorafenib one is shown. 
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Figure B4 Individual Prediction vs Observations. 

B.4. Time-to-event model building for OS 

B.4.1. Gemcitabine treatment of pancreatic cancer 

For the considered clinal studies (Table 3.1 of the main test), the times at which 

the OS probability is equal to 0.75, 0.5 and 0.25 are reported below. 

 

Table B5 Summary statistics of the OS probability – Gemcitabine treatment of 

pancreatic cancer case study 

Reference 
Number of 

patients 

Time at which 

OS=0.75 

[months] 

Median OS 

time [months] 

Time at which 

OS=0.25 

[months] 

Hong  56 4.8 8.9 12.7 

Kindler  316 4.5 8.3 11.2 

Nakai  53 3.9 8.8 14.3 

Ozaka  59 5.2 8.0 16.5 

 

 

Seven different hazard functions have been fitted on the digitalized OS data 

from the study with the greatest number of patients [Kindler et al.]. Then, the 

best fitted model (in terms of AIC) has been selected to describe the OS curve. 
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Figure B5 In the right panel, the cumulative observed hazard ratio (black) and 

the fitted cumulative hazard ratio (colored lines). In the left panel, the observed 

survival (black) and the fitted survival (colored lines). 

 

Table B6 AIC of different TTE models for OS 

Distribution AIC 

Generalized gamma 1587.415 

Gompertz 1607.404 

Weibull 1634.517 

Gamma 1657.770 

Log-logistic 1689.091 

Lognormal 1710.036 

Exponential 1770.423 

 

The model selected to describe the hazard function is the generalized gamma 

function. 

 

Table B7 Estimated parameters of the best-fitted time to event model. 

Parameter Estimate 

mu 2.4918 

sigma 0.1442 

Q 4.7991 

B.4.2. Sorafenib treatment of hepatocellular cancer 

For the considered clinal studies (Table 3.2 of the main test), the times at which 

the OS probability is equal to 0.75, 0.5 and 0.25 are reported below. 
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Table B8 Summary statistics of the OS probability – Sorafenib treatment of 

hepatocellular cancer case study 

Reference 
Number of 

patients 

0.25-quantile 

OS time 

[months] 

Median OS 

time [months] 

0.75-quantile 

OS time 

[months] 

Park 169 6.1 10.8 21.2 

Qin  331 5.6 10.3 19.8 

Kudo  103 5.8 11.5 24.8 

Lyu  132 4.8 8.2 12.9 

 

Seven different hazard functions have been fitted on the digitalized OS data 

from the study with the greatest number of patients [Qin et al.]. Then, the best 

fitted model (in terms of AIC) has been selected to describe the OS curve. 

 

 

Figure B6 In the right panel, the cumulative observed hazard ratio (black) and 

the fitted cumulative hazard ratio (colored lines). In the left panel, the observed 

survival (black) and the fitted survival (colored lines). 

 

Table B9 AIC of different TTE models for OS 

Distributions AIC 

Log-logistic 2193.399 

Lognormal 2202.742 

Generalized gamma 2204.675 

Gompertz 2237.239 

Gamma 2240.992 

Exponential 2245.322 

Weibull 2246.040 

 

The model selected to describe the hazard function is the log logistic function. 
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Table B10 Estimated parameters of the best-fitted time to event model. 

Parameter Estimates 

shape 1.672 

scale 10.851 

B.5. Monte Carlo simulation procedure 

For both the case studies, the following Monte Carlo simulation procedure was 

applied: 

- to account for estimation uncertainty, parameters characterizing the 𝜆0 −

𝑘2 log-normal distribution in mice, i.e., 

(𝜆0,𝑝𝑜𝑝, 𝑘2,𝑝𝑜𝑝, 𝜔𝜆0 , 𝜔𝑘2 , 𝜔𝜆0,𝑘2), were assumed to follow a multivariate 

normal distribution, 𝑁(𝜇,𝛴), where 𝜇 is the vector of parameter estimates 

obtained by identifying the Simeoni TGI model on PDX mice data and  𝛴  

the covariance matrix of the estimates; 

- from the previous multivariate normal distribution, 1000 samples, 

{𝜆0,𝑝𝑜𝑝,𝑗, 𝑘2,𝑝𝑜𝑝,𝑗, 𝜔𝜆0,𝑗, 𝜔𝑘2,𝑗 , 𝜔𝜆0,𝑘2,𝑗} 𝑗=1…1000 were extracted, thus 

obtaining 1000  𝜆0 − 𝑘2  log-normal distributions in mice; 

- the 1000 𝜆0 − 𝑘2  log-normal distribution in mice were scaled to human 

according to Eq.5 of the main text, thus obtaining 1000 𝑘g,ℎ𝑢𝑚𝑎𝑛 −

𝑘d,ℎ𝑢𝑚𝑎𝑛 log-normal distributions; 

- from each of the 𝑘g,ℎ𝑢𝑚𝑎𝑛 − 𝑘d,ℎ𝑢𝑚𝑎𝑛 log-normal distributions a cohort of 

N=200 virtual cancer patients were generated. 

Overall, 1000 cohorts each composed by 200 virtual patients were generated 

accounting for parameter estimation uncertainty.    

 

B.5.1. Predictive Intervals of Tumor growth   

For each patient cohort, individual trajectories of tumor volume were simulated 

on a dense grid of time points and then, converted in terms of tumor diameter 

using Eq.2. The median, the 5th and 95th percentiles (𝑝0.05, 𝑝0.5, 𝑝0.95) of tumor 

diameter trajectories among the 200 virtual patients were computed. Finally, the 

median and the 90% confidence interval (90%CI) of 𝑝0.05, 𝑝0.5, 𝑝0.95 among the 

1000 replicates in the 1000 virtual patients cohorts were considered. 
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B.5.2. Predictive Intervals of KM curves  

 

For each virtual patient in each of the 1000 patient cohorts, the time to PFS 

events (i.e., PD or death which occurs first) was derived as detailed in the main 

text. Then, for each patient cohort, the KM estimator of PFS probability, 𝑆(𝑡), 

was computed together with its 90%CI, i.e., (𝐿(𝑡), 𝑈(𝑡)) which defined as: 

𝐿(𝑡) = 𝑆(𝑡)𝑒
𝑧0.05

ln (𝑆(𝑡))
∙
𝑆𝐸(𝑡)

𝑆(𝑡)      and      𝑈(𝑡) = 𝑆(𝑡)𝑒
−𝑧0.05
ln (𝑆(𝑡))

∙
𝑆𝐸(𝑡)

𝑆(𝑡)  

where 𝑧0.05  was the 5th percentile of the normal distribution and 𝑆𝐸(𝑡) =

√𝑆(𝑡)(1 − 𝑆(𝑡)) 𝑁⁄  with N=200 the size of patient cohort, approximated the 

standard error of 𝑆(𝑡).  

In this way, 1000 PFS curves, one for each patient cohort, were obtained.  The 

median of 𝑆(𝑡) , the 5th percentile of 𝐿(𝑡)  and the 95th percentile of 

𝑈(𝑡) among the 1000 patient cohorts, were finally considered. 

B.6. PFS prediction ignoring death events 

B.6.1. Gemcitabine treatment of pancreatic cancer 

 

 
Figure B7 KM-VPC plots (grey areas) generated from 1000 virtual clinical 

trials composed of 200 pancreatic cancer patients treated the standard 

gemcitabine schedule for 24 months were superimposed to PFS curves taken 

from literature studies (colored areas). In the left panel, both the progression 

events and deaths were included. In the right panel PFS, curves were predicted 

including only progression events. Solid lines depict the 0.05-quantile, median, 

and 0.95-quantile of PFS. 
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B.6.2. Sorafenib treatment of hepatocellular cancer 

 

 
Figure B8 KM-VPC plots (grey areas) generated from 1000 virtual clinical 

trials composed of 200 hepatocellular cancer patients treated the standard 

sorafenib schedule for 24 months were superimposed to PFS curves taken from 

literature studies (colored areas). In the left panel, both the progression events 

and deaths were included. In the right panel PFS, curves were predicted 

including only progression events. Solid lines depict the 0.05-quantile, median, 

and 0.95-quantile of PFS. 
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9 Supplementary material for Chapter 4 

C.1. From digitized PFS curves to TTE data 

The process of converting digitized PFS curves into individual TTE data 

involves several key steps. The aim is to reconstruct the PFS times for individual 

patients based on the digitized curve data from published Kaplan-Meier curves. 

Step 1: Digitization of Kaplan-Meier curves 

10 The first step in the process is to digitize the Kaplan-Meier curves from the 

referenced papers. This involves extracting pairs of coordinates (𝑡, 𝑆(𝑡)) , 

where: 

• 𝑡 represents the time point on the x-axis (usually in months or years), 

• 𝑆(𝑡)  represents the estimated survival probability at time 𝑡 , i.e., the 

proportion of patients who have not experienced the progression of the 

disease. 

To achieve this, the curves are digitized using WebPlotDigitizer 

(https://apps.automeris.io/wpd4/) that allows for precise extraction of 

the (𝑡, 𝑆(𝑡)) coordinates from the graphical representation of the curves. The 

digitization process is as precise as possible, capturing all relevant points on 

the curve, including the time points where there are drops in the survival 

probability 𝑆(𝑡). 

Step 2: Determining the initial number of patients at risk 
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After digitizing the curve, the number of patients at risk at time  𝑡 = 0 is 

extracted from the article. Let 𝑁0 be the initial number of patients at risk. 

Step 3: Estimating the number of events at each time point 

The number of events between two consecutive time points  𝑡𝑖  and 𝑡𝑖+1  is 

estimated based on the change in the survival probability. 

For each pair of consecutive time points (𝑡𝑖 , 𝑆(𝑡𝑖)) and (𝑡𝑖+1, 𝑆(𝑡𝑖+1)) the 

number of events 𝑑𝑖 that occurred between 𝑡𝑖 and 𝑡𝑖+1 can be approximated 

using the following formula: 

𝑑𝑖 = 𝑁𝑖 × (𝑆(𝑡𝑖) − 𝑆(𝑡𝑖+1)) 

where 𝑁𝑖  is the number of patients at risk just before time  𝑡𝑖. 

Step 4: Updating the number of patients at risk 

Once the number of events 𝑑𝑖 is estimated for the interval [𝑡𝑖, 𝑡𝑖+1]  the 

number of patients at risk for the next time point 𝑡𝑖+1 can be updated: 

𝑁𝑖+1 = 𝑁𝑖 − 𝑑𝑖 

 

Step 5: Reconstructing individual time-to-event data 

 

With the estimated number of events 𝑑𝑖 at each time point and the updated 

number of patients at risk 𝑁𝑖, the time-to-event data for individual patients 

can be reconstructed. 

 

For each timepoint 𝑡𝑖 , randomly assign the 𝑑𝑖  events across the interval 

[𝑡𝑖, 𝑡𝑖+1]. 
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Supplementary material for Chapter 5 

D.1. Data management of NCT00699374 clinical 

trial  

When downloading the .zip file from the Project Data Sphere website, the 

directory contained various .sas7bdat files. The four data files used in this 

analysis were: 'demog.sas7bdat,' which contains demographic information of 

the study population; 'tmm_p.sas7bdat,' which includes individual tumor 

lesion data; 'testdrug.sas7bdat,' which provides details on drug scheduling; 

and 'srv_p.sas7bdat,' which contains survival information. 

First, the patient population was narrowed down to include only Asian 

patients (from 544 to 417). Next, tumor measurements labeled as 'TOO 

SMALL TO MEASURE' were categorized as 'under the limit of 

quantification.' If the measurement was labeled as 'INDEFINITE,' it was 

treated as missing data. After this, one patient with unrealistic tumor 

measurements (each lesion had a baseline size greater than 60 cm) was 

excluded from the study. Finally, underrepresented tumor locations were re-

labeled as 'other' for modeling purposes. 

The 'testdrug.sas7bdat' data file was then used to create a Simulx-compatible 

file for simulating individual Sorafenib plasma concentration profiles.  
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D.2. Adapting the Volumetric TGI Model to 

Describe Tumor Diameter Data 

Assuming that the tumor grows uniformly in all dimensions, the tumor 

volume 𝑇𝑉(𝑡)  can be expressed as 𝑎 × TS3(𝑡) , where 𝑇𝑆(𝑡)  represents 

tumor’s diameter trajectory over time, and 𝑎 is a proportionality constant. 

By substituting this expression into Equation 9, we obtain: 

 

𝑎 ×
𝑑(𝑇𝑆3(𝑡))

𝑑𝑡
= (𝑘𝑔,ℎ𝑢𝑚𝑎𝑛 − 𝑘𝑑,ℎ𝑢𝑚𝑎𝑛 ⋅ 𝑐(𝑡)) × (𝑎 × 𝑇𝑆

3(𝑡)) 

 

(D1) 

 

 

Applying the chain rule to the left side, we have: 

 

3 × 𝑇𝑆2(𝑡) ×
𝑑𝑇𝑆(𝑡)

𝑑𝑡
= (𝑘𝑔,ℎ𝑢𝑚𝑎𝑛 − 𝑘𝑑,ℎ𝑢𝑚𝑎𝑛 ⋅ 𝑐(𝑡)) × 𝑇𝑆

3(𝑡) 

 

(D2) 

 

 

Dividing both sides by 3 × 𝑇𝑆2(𝑡), we simplify to find the relationship for 

the tumor’s diameter over time: 

 

𝑑𝑇𝑆(𝑡)

𝑑𝑡
= (

𝑘𝑔,ℎ𝑢𝑚𝑎𝑛

3
−
𝑘𝑑,ℎ𝑢𝑚𝑎𝑛

3
⋅ 𝑐(𝑡)) ⋅ 𝑇𝑆(𝑡) 

 

(D3) 

 

Where: 

 

𝑘′𝑔,ℎ𝑢𝑚𝑎𝑛~𝐿𝑜𝑔𝑛𝑜𝑟𝑚𝑎𝑙(𝜃𝑘𝑔,ℎ𝑢𝑚𝑎𝑛
′ = 

𝜃𝑘𝑔,ℎ𝑢𝑚𝑎𝑛
3

,𝜔𝑘𝑔,ℎ𝑢𝑚𝑎𝑛
′ = 𝜔𝑘𝑔,ℎ𝑢𝑚𝑎𝑛) 

𝑘′𝑑,ℎ𝑢𝑚𝑎𝑛~𝐿𝑜𝑔𝑛𝑜𝑟𝑚𝑎𝑙(𝜃𝑘𝑑,ℎ𝑢𝑚𝑎𝑛
′ = 

𝜃𝑘𝑑,ℎ𝑢𝑚𝑎𝑛
3

,𝜔𝑘𝑑,ℎ𝑢𝑚𝑎𝑛
′ = 𝜔𝑘𝑑,ℎ𝑢𝑚𝑎𝑛) 

 

(D4) 

 

D.3. Posterior Predictive Checks 

Posterior predictive checks (PPCs) rely on the visual comparison of the 

original dataset with many replicated data generated under the selected 

model. We replicated B = 4000 datasets using the following procedure. For 

each replicated dataset b, we drew a vector of population parameters in the 

posterior distribution 𝜃𝑏  ∼  𝑝(𝜃|𝑦, 𝑇, 𝛿) and we sampled the random effects 

of each replicated lesion k from organ j of each replicated patient i in their 

distributions 𝜂𝑖
𝑏  ∼  𝑁 (0, Ω1

𝑏 )  and 𝜌𝑖,𝑗,𝑘
𝑏  ∼ 𝑁 (0, Ω2

𝑏) . The individual 

parameters vector of patient i 𝜓𝑖
𝑏  was then computed as function of 𝜃𝑏 , 

𝜂𝑖
𝑏 and 𝜌𝑖,𝑗,𝑘

𝑏  following definition of individual parameters in the main 
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manuscript. Following study protocol, for each theoretical measurement time 

𝑡𝑙 , we derived the simulated trajectory of the lesion, drawing 𝑦𝑖,𝑗,𝑘,𝑙
𝑏  ∼

 𝑝𝐿(𝑦𝑖,𝑗,𝑘,𝑙|𝜽𝒃 , 𝝍𝒊,𝒋,𝒌
𝒃 ) , and we sampled a time-to-death 𝑇𝑖

𝑏  ∼

 𝑝𝑆(𝑇𝑖 |𝜽𝒃 , 𝝍𝒊,𝒋,𝒌
𝒃 ). To be consistent with study protocol, we assumed that 

SLD was no longer measured in case of progression defined by an increase 

of more than 20% and more than 5 mm from nadir. We used the 2.5 th and 

97.5th percentiles of the medians over the B replicated datasets to provide 

95% prediction intervals and we compared this prediction with the median 

of the lesion measurements in the original dataset.  

D.4. Accounting for the limit of quantification 

The lesion measurements below the limit of quantification 𝑙𝑜𝑞  were 

considered as left-censored in the longitudinal density, and we used the 

method developed by Jacqmin-Gadda et al. [203] to consider their 

contribution to the likelihood. Thus, we denoted ∆𝑖,𝑗,𝑘,𝑙  the left-censor 

indicator that is 1 if the 𝑙𝑡ℎ measurement of lesion 𝑘 in location 𝑗 in patient 𝑖 

is left-censored, 0 if it is not, and the density of longitudinal data 𝑝𝐿  is 

defined as follows: 

 

𝑝𝐿(𝑦𝑖,𝑗,𝑘,𝑙|𝜽, 𝝍𝒊,𝒋,𝒌)  =  𝑔𝑖,𝑗,𝑘,𝑙(𝑦𝑖,𝑗,𝑘,𝑙|𝜽, 𝝍𝒊,𝒋,𝒌) (1 −  ∆𝑖,𝑗,𝑘,𝑙)  +  𝛷𝑖,𝑗,𝑘,𝑙(𝑙𝑜𝑞|𝜽,𝝍𝒊,𝒋,𝒌) )∆𝑖,𝑗,𝑘,𝑙 

 

where 𝑔𝑖,𝑗,𝑘,𝑙 is the probability density and 𝛷𝑖,𝑗,𝑘,𝑙 the distribution function of 

a normal distribution with expectation 𝑇𝑆(𝑡𝑖,𝑗,𝑘,𝑙, 𝝍𝒊,𝒋,𝒌) and variance 𝜎1 +

 𝜎2  ×  𝑇𝑆(𝑡𝑖,𝑗,𝑘,𝑙, 𝝍𝒊,𝒋,𝒌), evaluated in 𝑦𝑖,𝑗,𝑘,𝑙. 

D.5. Reference joint model for sum of the longest 

diameters and survival 

Prior to the joint model for the individual lesion diameters, a reference joint 

model for sum of the longest diameters and survival has been developed. 

This simpler model helped informing and setting the more complicated one.  

D.5.1. Definition 

In this model, only the measurements of the SLD of the target lesions were 

fitted for the longitudinal part. Denoting 𝑧𝑖,𝑙 the l-th measurement of SLD for 

patient 𝑖 measured at time 𝑡𝑖,𝑙 : 
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𝑧𝑖,𝑙 = 𝑇𝑆(𝑡𝑖,𝑙 , 𝝍𝒊) + (𝜎1 + 𝜎2 × 𝑇𝑆(𝑡𝑖,𝑙 , 𝝍𝒊)) × 𝑒𝑖,𝑙 

 

with 𝑇𝑆(. ) the longitudinal model presented in Eq. 9. Formally, for each 

biological parameter 𝑞 ∈ {𝑇𝑆0, 𝑘𝑔, 𝑘𝑠} , individual parameters 𝜓𝑖,𝑞  is a 

function of fixed-effect 𝜇𝑞 and a patient random effect normally distributed 

𝜂𝑖,𝑞~ 𝑁(0, 𝜔1,𝑞
2 ): 

 

log(𝜓𝑖,𝑞) = log(𝜇𝑞) + 𝑔𝑞(𝜂𝑖,𝑞)  

 

where 𝑔𝑞 is the identity function for each parameter, except for 𝑇𝑆0 where 

𝑔𝑞  is a Box-Cox function characterized by 𝜆  parameter. We assumed an 

association between the values of the parameters characterizing SLD model 

and the instantaneous risk of death: 

 

ℎ𝑖(𝑡|ϕ,𝛙𝒊) = ℎ0(𝑡 ⋅ α|𝛟) × 𝛼 

 

With ℎ0(𝑡 ⋅ α|𝛟) a lognormal baseline hazard function characterized by the 

parameters 𝜇 and 𝜎, 𝛼 = ⅇxp (𝛽𝑘𝑔 × 𝑘𝑔,𝑖 + 𝛽𝑘𝑑 × 𝑘𝑑,𝑖 + 𝛽𝑇𝑆0 × 𝑇𝑆0,𝑖). 

D.5.2. Effects of drug resistance on longitudinal model 

performance 

The model was estimated on clinical data, but the analysis of the individual 

fits and the residual plot showed a lack of descriptive ability in the model of 

advanced states of tumor dynamics. Indeed, as can be seen from Figure D1, 

there is a trend starting from day 500, when the model underestimates the 

tumor size.  
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Figure D1 Residual analysis for TS structural model not accounting for drug 

resistance 

 

After this consideration, the model was updated by introducing a resistance 

term. At this stage, the fitting diagnostics improved, and model described in 

Eq. 12 was chosen as the reference model (Figure D2). 

 

 
Figure D2 Residual analysis for TS structural model not accounting for drug 

resistance 

 

The estimated parameters are reported in the following Table. 
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Table D1 Estimated parameters for the reference SLD model 

Parameter Median CV (%) 

𝜇 5.7e+0 1.2e+1 

𝜎 9.9e-1 5.2e+0 

𝛽𝑘𝑔  -3.1e-1 2.2e+1 

𝛽𝑘𝑑 1.6e-1 3.0e+1 

𝛽𝑇𝑆0  -5.5e-3 1.4e+1 

𝑘𝑔 1.7e-3 6.2e+0 

𝑘𝑑 1.5e-4 2.4e+1 

𝑇𝑆0 9.6e+1 4.6e+0 

𝑅 1.4e-3 4.2e+1 

𝜔𝑘𝑔 9.0e-1 7.6e+1 

𝜔𝑘𝑑  1.6e+0 8.8e+0 

𝜔𝑇𝑆0  7.9e-1 3.8e+1 

𝜔𝑅  1.7e+0 1.9e+1 

𝜆 -3.8e-1 1.3e+1 

𝜎1 5.4e-2 5.5e+0 

𝜎2 2.8e+0 6.7e+0 

D.6. Alternative association functions 

Alternative finite-time and continuous-time association functions were 

considered. Specifically, two alternative functions for each group. 

The two alternatives finite-time association functions were: 

 

A) β × 𝑓(𝛙𝒊) = ∑ (β𝐶𝑡,𝑗 ×max𝑘
(𝐶𝑡,𝑖,𝑗,𝑘))

4

𝑗=1
+∑ (β𝑇𝑆0,𝑗 ×∑ 𝑇𝑆0,𝑖,𝑗,𝑘

𝐾𝑖,𝑗

𝑘=1
)

4

𝑗=1
 

 

 

B) β × 𝑓(𝛙𝒊) = ∑ (β𝐶𝑡,𝑗 ×max𝑘
(𝐶𝑡,𝑖,𝑗,𝑘)

𝛤
)

4

𝑗=1
+∑ (β𝑇𝑆0,𝑗 ×∑ 𝑇𝑆0,𝑖,𝑗,𝑘

𝐾𝑖,𝑗

𝑘=1
)

4

𝑗=1
  

 

The models differ from the one presented in the main text, for the 

transformation applied to the maximum 𝐶𝑡,𝑖,𝑗,𝑘 .  Specifically, the simpler 

association structure A has no transformation applied, while association 

structure B, has an organ-specific transformation 𝜞 = {𝛾𝒋}
𝟒

𝒋=𝟏
. 

The two alternatives continuous-time link function consider were: 

 

𝐂) 𝛃 × 𝒇(𝛙𝒊, 𝒕) = ∑ (𝛃𝑻𝑺,𝒋 ×∑ 𝑻𝑺𝒊,𝒋,𝒌(𝒕)
𝑲𝒊,𝒋

𝒌=𝟏
)

𝟒

𝒋=𝟏
 

 

 

𝐃) 𝛃 × 𝒇(𝛙𝒊, 𝒕) =∑ (𝛃𝑻𝑺,𝒋 ×∑ 𝑙𝑜𝑔(𝑻𝑺𝒊,𝒋,𝒌(𝒕)
𝑲𝒊,𝒋

𝒌=𝟏
))

𝟒

𝒋=𝟏
 

 

These association functions differ from the transformation applied to the 

tumor size values. Namely, model C do not apply the logarithm 
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transformation of the tumor size, model D, applied the logarithm 

transformation before the sum of tumor sizes is applied. 

 

Table D2 summarize the WAIC and LOOIC comparison between these 

alternative models. 

 

Table D2 Comparison between alternative association structures 

Criteria Model A Model B Model C (*) Model D 

WAIC 31479.8 31463.2 - 33249.0 

LOOIC 32114.6 31097.1 - 34865.8 

Notes: (*) Model C has convergence issues, therefore, no reliable metrics  can be 

provided. 

 

Of note, several tries have been performed but model C never converged. 
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