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ABSTRACT 

Title of Dissertation: Learn & Apply Paradigm to Inform Drug Development & Optimize 

Clinical Therapeutics in Oncology 

Shailly Mehrotra, Doctor of Philosophy, 2017 

Dissertation Directed by: Dr. Jogarao Gobburu, Professor, Executive Director, Center for 

Translational Medicine, Schools of Pharmacy & Medicine 

Application of learn-apply paradigm in drug development and clinical therapeutics 

increases efficiency and supports decision making. The current research highlights the 

role of pharmacometrics to inform trial design and propose individualized management 

of chemotherapy induced peripheral neuropathy (CIPN) in oncology. 

The first project focuses on learning from early clinical trial of veliparib to inform future 

investigations. Population pharmacokinetics and exposure-response analyses were 

conducted to evaluate the contribution of intrinsic and extrinsic factors on veliparib PK, 

and assess the adequacy of veliparib dosing for the future trial. A 28% increase in AUC 

with mild renal impairment increases mucositis by only 7%, thus supporting the inclusion 

of patients with mild renal impairment in future trials without the need of dose 

adjustment. Exposure-response for efficacy (objective response rate and overall survival) 

and safety (mucositis) along with in vitro IC50 information supported 80 mg BID dose for 

veliparib.  Multivariate exposure-response analysis provided supportive evidence to 

further evaluate veliparib in patients with myeloproliferative neoplasms and with 14 day 

treatment duration. 



  

 

The second project proposes a novel strategy based on precision therapeutics for the 

management of CIPN in clinical setting. An indirect response model with linear drug 

effect was able to describe the longitudinal-CIPN data reasonably well for paclitaxel, 

nab-paclitaxel and ixabepilone. The model was utilized to identify an early time point of 

3 months that predicted later time course of CIPN (concordance probability ~ 75%). 

Utilizing the dose-CIPN model, a novel strategy to use patients own early CIPN data to 

predict their future CIPN time course was proposed. ‘CIPN management dosing card' and 

' CIPN precision therapeutics tool' were developed to prospectively manage CIPN in 

patients who may be at risk of developing CIPN later in the therapy. For paclitaxel, nab-

paclitaxel and ixabepilone, the proposed CIPN management dosing card resulted in 61%, 

48% and 35% fewer patients with CIPN after 6 cycles as compared to administering 

cycle 3 doses for 4
th

, 5
th

 and 6th chemotherapy cycle. With CIPN precision therapeutics 

tool, oncologists can visualize the predicted CIPN time course and tailor the dosing to 

manage CIPN in an individual patient based on overall benefit/risk.  
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Chapter 1 : Introduction and Research objectives 

1.1    Drug development and concept of “Confirmation”  

In a typical drug development cycle, preclinical phase is followed by phase I, phase II 

and phase III trials leading to approval and post marketing phases. Phase I trials are 

generally conducted in healthy subjects and the goal is to characterize pharmacokinetics 

(PK) and tolerability profile of the experimental drug. The main purpose of the phase II 

trials, also known as proof of concept trials, is to administer the drug at various dose 

levels to the patients and demonstrate that the drug shows the intended pharmacological 

effect. Although efficacy assessment is the primary goal of phase II trials, safety 

information is also collected to understand the potential side effects in patients. It is in 

phase II that the dose-response studies are conducted to select the optimal dose before 

proceeding to phase III trials also known as “confirmatory” or “pivotal” trials. Phase III 

trials are usually adequate and well controlled (AWC), conducted in a large number of 

patients, where patients are assigned to either study drug, placebo or active comparator. 

These trials are generally longer in duration than phase II trials and form the primary 

basis of demonstrating effectiveness and safety of the experimental drug. As such, drug 

development phase prior to phase III is referred to as ‘learning’ phase while phase III trial 

is the “confirmation” phase where the efficacy of the drug is confirmed in a setting close 

to real world clinical situation. The cycle of learning (pre-phase III) followed by 

confirming (phase III) is usually referred to as “learn-confirm” cycle. Confirmation 

usually entails conducing two AWC trials as described in the code of federal regulations, 

21CFR314.126 (CFR- Code of Federal Regulations Title 21).  However, the US Food 

and Drug Administration (FDA) guidance on providing clinical evidence of effectiveness 
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for human drug and biologic products outlines several scenarios where a single AWC 

trial with or without additional clinical evidence may be sufficient for approval (FDA 

Guidance for Industry: Providing clinical evidence of effectiveness for human drug and 

biological products, 1998). For example, in a scenario where there is internal consistency 

in efficacy across subgroups in a single AWC trial such that it addresses concerns about 

generalizability of results to overall patient population, single trial may be enough for 

approval. Timolol (approved based on one trial) post infarction trial randomized patients 

separately within three severity strata. The trial showed positive effects on survival in 

each stratum supporting that the drug’s efficacy was not limited to a particular disease 

stage (FDA Guidance for Industry: Providing clinical evidence of effectiveness for 

human drug and biological products, 1998). It’s worth noting that majority of the 

approvals in the area of oncology and for orphan indications are based on single clinical 

trial. Downing’s et al  surveyed the clinical trials that served as the basis of approval of 

novel therapeutics approved by FDA between 2005 and 2012, and found out that 80% 

and 55% of cancer and orphan indications, respectively were approved based on single 

pivotal trial (Downing NS et al., 2014). Furthermore, it is also documented that two third 

of the orphan drug approvals are based on single clinical trial (FDA Targeted drug 

development : Why are many diseases lagging behind?).  

Sometimes the artificial delineation of phases of drug development and classification of 

phase I and II as “learn” while phase III as the “confirm” phase may hinder the important 

learning that can be harnessed from the phase III trials. Although phase III trials are 

designed primarily to confirm that the drug demonstrates effectiveness, there is no reason 

that one cannot learn from the phase III trials either to apply the knowledge directly 
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towards approval or labeling decisions or to design informative trials in future. In fact, 

learning is one of the most needed and intellectual goals of drug development that should 

be considered while analyzing and interpreting the results from confirmatory trials. There 

are multiple reasons for doing so as described by Sheiner (Sheiner BL, 1997). The first 

and foremost is that no earlier stage trials collect efficacy and safety data from a large 

number patients with wide variety of demographic and prognostic risk factors. Data from 

confirmatory trials can be thus used to evaluate the effect of covariates on 

pharmacokinetics and response to inform dosing and other therapeutic decisions. Second, 

from an economic perspective, the major cost of executing the clinical trial is allocated 

for collecting efficacy/safety data in patients over time. Therefore the cost and time that 

could be incurred on learning is quite modest, and certainly much less than cost of 

conducting an additional trial if required. Third, and the most important reason for 

learning from confirmatory trials is when confirmatory trials fail (i.e., when the trial fails 

to show an evidence that the drug works), it opens an opportunity to ask several questions 

about the reasons behind the failure of the trial (dose, patient population, compliance, 

duration etc.). Adequate understanding of the potential reasons behind the failure will 

help design informative future trials. In fact, if there is a convincing hypothesis, one can 

make a case from a failed trial along with other body of evidence that the drug could be 

approved. In an example illustrated in the presentation by Gobburu, a drug was being 

developed for a life threatening condition where the company did three registration trials, 

all of which failed to meet the primary endpoint (Learn‐Apply paradigm : Re-configuring 

drug development goals). Subgroup analysis of efficacy indicated that the patients with 

mild baseline disease did not demonstrate efficacy while drug showed clear benefit in 
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patients with severe baseline disease. Patients with severe baseline disease constituted 40-

50% of the population. These trials took 5 years to complete. The drug was not approved 

and more trials were required for approval. If one would have applied the learning about 

effectiveness of drug in patients with severe baseline disease, data analysis beyond the 

primary analysis could have identified enrichment opportunities. In that case, the drug 

would have been approved for this subgroup of patients and the cost and time would have 

been saved (Learn‐Apply paradigm : Re-configuring drug development goals).  

Missing an opportunity of not learning from a confirmatory trial may be costly. If the trial 

is negative not because the drug is pharmacologically inactive but due to other reasons 

such as trial design, patient population, inadequate dose etc., not learning about those 

reasons may delay access of an otherwise effective drug. It is also possible that a 

pharmaceutical company may abandon the development of a promising drug due to a 

failed trial when in fact learning from that trial could have provided important insights for 

future clinical investigations or even an approval decision.  

Therefore, the approach of learn and apply i.e. continuous learning throughout the drug 

development regardless of the phases and simultaneously “apply” that learning towards 

drug development, regulatory or therapeutic decisions should be followed. If the data and 

the supporting evidence is robust enough, sometimes “confirming” of what is learned 

may not be needed, as outlined in the examples included in the next section. 

 

1.2 Learn-Apply paradigm  

Lewis B. Sheiner, a pioneer in the field of pharmacometrics discussed about “learning” 

versus “confirming” in clinical development in his seminal article published in 1997 
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(Sheiner BL, 1997). He also stated that the intellectual focus of drug development should 

also be on the science and learning rather than confirming alone. In last twenty years, 

with the advent of innovative tools and methodologies along with design of informative 

clinical trials, substantial progress has been made in learning from the clinical trials and 

applying towards drug development or regulatory decisions. Gobburu introduced the 

concept of learn-apply paradigm where he proposed to re-configure the drug 

development goals such that information collected over the course of drug development 

is transformed into knowledge (learn) and knowledge is then used for drug development 

or regulatory decisions (apply) (Learn‐Apply paradigm : Re-configuring drug 

development goals). Learn-apply paradigm is being utilized as an efficient way to 

enhance decisions such as dose selection, evidence of effectiveness, end point selection, 

understanding biomarker outcome relationship etc. Over-emphasis on “confirmation” can 

curtail innovation and mislead drug development. There are several scenarios where, if 

appropriate data are collected and suitable quantitative methods are utilized, the 

inferences can guide decisions without the necessity for further confirmation.  

One of the key difference between learn-apply and learn-confirm is that learn-apply is 

based on ‘totality of evidence’ approach while in case of learn-confirm, the trial(s) results 

alone primarily drive the drug development or regulatory decisions. For example, let us 

consider a scenario where a company conducts two trials for a drug which has been 

approved for other related indications, and only one of the trials meets the primary 

endpoint. Learn-confirm paradigm may require another trial to satisfy the two trial 

requirements for approval. On the other hand, if one were to follow learn-apply 

paradigm, a totality of evidence approach where evidence gathered from various sources 
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(not just confirmatory trials) is utilized. For instance, evidence from earlier phase 2 trials 

that could demonstrate significant dose or exposure-response would be gathered to 

provide supportive evidence of effectiveness. A positive effect on a biomarker could also 

be considered as a supportive evidence of effectiveness. Prior experience with this drug 

in other similar indication could be brought into consideration to bolster the argument of 

effectiveness of the drug in the current indication. All these pieces of evidence together 

constitute the totality of evidence which could then be used to support the approval of the 

drug despite of one failed trial.    

Several examples are included below to provide context to learn-apply paradigm. 

Edoxaban is approved for reducing the risk of stroke and systemic embolism in patients 

with non-valvular atrial fibrillation (Edoxaban label, 2016).
 
It was observed in the 

confirmatory Phase III trial that subgroup of patients with creatinine clearance ≥ 80 

ml/min had potentially unfavorable efficacy compared to the active comparator, warfarin.  

Edoxaban is primarily eliminated through kidney. It was concluded based on 

pharmacokinetics and exposure-response analysis that the exposures in patients with 

creatinine clearance ≥ 80 ml/min (close to normal renal function) with the proposed dose 

were lower than the patients with creatinine clearance < 80 ml/min (mild or moderate 

renal impairment). Even though the trial was positive and showed a favorable benefit-risk 

for the overall population, based on the above findings, FDA did not approve edoxaban in 

patients with creatinine clearance > 95 mL/min (Edoxaban label, 2016; Edoxaban 

advisory committee briefing document, 2014; Edoxaban advisory committee: questions, 

2014). In other words, analysis was conducted on the data collected from the 
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confirmatory trial (learn) and indication was restricted to patients with < 95 ml/min 

creatinine clearance (apply).  

In a separate example, obeticholic acid was recently approved for primary biliary 

cholangitis (Obeticholic acid label, 2016). The approval was based on reduction in 

alkaline phosphatase, a pharmacodynamic biomarker and a surrogate endpoint. The 

company tested a titration regimen in the trial where 5 mg QD dose was given for 6 

months and then non-responders were up titrated to 10 mg QD. Based on the longitudinal 

data collected in the efficacy trials, it was apparent that the alkaline phosphatase 

reduction plateaued at approximately 3 months suggesting that there was no need to wait 

until 6 months before deciding to increase the dose from 5 to 10 mg QD for non-

responders. Therefore, despite the fact that trial was conducted with a titration scheme of 

up titration at 6 months, the approved label recommends up titration at 3 months. In other 

words, there was no additional trial required to confirm the efficacy and safety of 

obeticholic acid with a 3 month titration scheme (Obeticholic acid advisory committee 

briefing document, 2016). In another example, multivariate analysis based on the 

population PK model informed the labeling with regard to intrinsic and extrinsic factors 

and avoided need of dedicated clinical pharmacology studies (Freiwald M et al., 2014; 

Marshall S et al., 2016). In another example, Moller and colleagues demonstrated the 

value of learning from already conducted efficacy trials in anti-diabetics, and showed that 

early efficacy data (12 week HbA1c reduction) is predictive of long term outcomes 

(HbA1c reduction at 24-48 weeks). This knowledge can be potentially used to optimize 

late stage clinical trials in diabetes drug development (Marshall S et al., 2016; Møller JB 

et al., 2013). Learn-apply approach does not necessarily supports only “go” decisions, it 
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can also be applied to make a “no-go” decision as highlighted in model based assessment 

that lead to discontinuation of a drug candidate for migraine prevention (Marshall S et al., 

2016; Høivik HO et al., 2010).  

The learn-apply concept is further illustrated in detail below using two examples. Each of 

the case examples is categorized into four subheadings: background, learn, apply and 

impact. 

 

Argatroban dosing in pediatric patients based on pharmacokinetic/pharmacodynamic 

(PK/PD) modeling and simulation (Madabushi R et al., 2011) 

Background 

Argatroban, a synthetic thrombin inhibitor is approved as an anticoagulant for 

prophylaxis or treatment of thrombosis in adult patients with heparin-induced 

thrombocytopenia (HIT) as well as in adult patients with or at the risk for HIT 

undergoing percutaneous coronary intervention (Argatroban label, 2016). The 

pharmaceutical company submitted a pediatric efficacy supplement to FDA in response 

to the pediatric written request (FDA Guidance for Industry: Qualifying for Pediatric 

Exclusivity Under Section 505A of the Federal Food , Drug , and Cosmetic Act, 1999). 

The trial included in the efficacy supplement was a multicenter, open label trial 

conducted in pediatric patients with age ranging from birth through 16 years (Kushner 

BH et al., 1996). Due to enrollment issues, PK and pharmacodynamic (PD) data could be 

collected only in 15 pediatric patients. At the time efficacy supplement was submitted to 

the FDA, dosing recommendations to ensure safe and effective use of argatroban in 

pediatric patients were not included in the label. The key question was to determine if one 

can “learn” from the PK and PD data collected in pediatric patients along with the known 
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PK/PD of argatroban in adults and “apply” towards determining the safe and effective 

dosing regimen of argatroban in pediatric patients (Madabushi R et al., 2011).  

 

Learn 

Argatroban plasma concentrations and activated plasma thromboplastin time (aPTT 

which is the pharmacodynamic marker of anticoagulation; higher value implies more 

anti-coagulation) was available for healthy adults and pediatric patients. Rich PK and PD 

data was available from 52 adults (600 plasma concentrations and 623 aPTT 

measurements) with doses ranging from 1 to 40 μg/kg/min. In pediatric patients, rich 

argatroban plasma concentrations and aPTT were available from 15 patients (167 plasma 

concentrations and 326 aPTT measurements) with a dose range of 0.3 to 13 μg/kg/min. A 

population PK model was first developed by combining adult and pediatric data to 

characterize PK of argatroban in pediatric patients and adults. Results indicated that 

pediatric patients and healthy adults had different clearance and thus argatroban clearance 

in adults and pediatric patients were estimated separately. Once population PK model 

was developed, PK/PD modeling was conducted to link PK and PD of argatroban. The 

PD variable utilized was aPTT and effect on aPTT was found to be concentration 

dependent. An Emax model was used to describe the relationship between concentrations 

and aPTT. The concentration-aPTT relationship appeared to be similar between adults 

and pediatric patient as shown in Figure 4 of Madabushi et al. 
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Apply 

The PK/PD model developed from the previous step was utilized to perform simulations 

(incorporating variability) to determine the pediatric dose that would result in maximum 

proportion of patients within the target aPTT window (expected benefit) and minimize 

the proportion of patients exceeding the therapeutic window (expected risk of bleeding). 

The target aPTT window was determined to be 1.5 to 3 times baseline aPTT and an 

absolute aPTT < 100 seconds. 

Increasing starting doses were associated with increased percentage of patients within the 

target aPTT window up to starting doses of 1.25 μg/kg/min (Figure 6 of Madabushi et al). 

However, the percentage of patients at risk of bleeding (with aPTT higher than the target 

aPTT window) exponentially increased beyond 0.75 μg/kg/min. 

For comparison, simulations of the adult dosing regimen indicated that with the approved 

starting dose of 2 μg/kg/min, 67% patients were within the target aPTT window while 

2% patients exceeded the target and thus were at potential risk for bleeding. Therefore, 

based on benefit-risk considerations, and comparison of pediatric predictions to adults, a 

starting dose of 0.75 µg/kg/min was recommended in pediatric patients. Since with 0.75 

µg/kg/min starting dose, 39% of the patients did not reach the target aPTT window, 

various titration strategies were simulated. It was shown that with a step size of 0.25 

μg/kg/min and a maximum dose allowance of 2 μg/kg/min, almost all patients reached 

the target aPTT window. 
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Impact 

Based on the PK/PD modeling and simulation, argatroban dosing recommendations          

(starting dose of 0.75 µg/kg/min and titration by 0.25 µg/kg/min increments to a 

maximum of 2 µg/kg/min to reach the target aPTT window) were included in the 

“pediatric use” section of the label, without the need of any additional clinical trial in 

pediatric patients. In this example, it took 4 years to enroll the pediatric patients and even 

then, data could be collected only from 15 pediatric patients from a total of 12 centers. In 

such cases, it is critical to maximize the learning from the data generated and translate 

into meaningful outcome such as dosing recommendations. Strictly following the 

“confirmation” paradigm, the argatroban dosing recommendations that were based on 

PK/PD modeling and simulation should have been evaluated in another prospective trial. 

The question is whether we need an additional trial to confirm the PK/PD based dosing 

recommendations, or do we have substantial evidence through the available data and 

scientific principles that can serve as ‘confirmation’. In this case, the latter approach was 

taken. It is also worth noting that developing PK/PD model allowed for conducting 

simulations to understand benefit/risk profile of several starting dosing /titration schemes 

since it is not practical to empirically study all these scenarios in clinical trials. In 

summary, understanding the PK and establishing the PK/PD of argatroban in pediatric 

patients was the “learn” part while conducting simulations and proposing a safe and 

effective starting dose and titration algorithm can be considered as “apply” part of the 

learn-apply paradigm.  
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Full extrapolation of efficacy from adults to children (≥ 4 years) of antiepileptic drugs 

indicated for the treatment of partial onset seizures as adjunctive therapy (Mehrotra S 

et al, 2016a; Mehrotra S et al., 2016b) 

Background 

In general, drug development of anti-epileptic drugs (AEDs) indicated for partial onset 

seizures (POS) as adjunctive therapy has followed a paradigm where efficacy trials are 

conducted first in adults to obtain regulatory approval. Once the drug is approved in 

adults, efficacy trial is conducted in pediatric patients to obtain pediatric indication. By 

conducting efficacy trials in both adults and children, we “learn and confirm” that the 

drug that is efficacious in adults is also efficacious in children. This paradigm was 

repeated for at least eight AEDs that are approved as adjunctive therapies for POS in both 

adults and children. Although extrapolation of efficacy from adults to children has been 

suggested in lieu of the efficacy trials in children, FDA’s policy until November 2015 

was to require companies to conduct efficacy trial in pediatric patients. FDA’s pediatric 

study planning and extrapolation algorithm provides a framework to determine when the 

efficacy in pediatric patients can be extrapolated from adults (FDA Guidance for 

Industry: General Clinical Pharmacology Considerations for Pediatric Studies for Drugs 

and Biological Products, 2014). The extrapolation algorithm  describes the concept of 

“full extrapolation” that is possible if the disease progression and response to intervention 

is reasonably similar between children and adults and there is evidence to conclude that 

the exposure-response relationship of efficacy is also similar. In such cases, pediatric 

indication and labeling can be provided without the need for efficacy trial in pediatric 

patients. The dose in pediatric patients is selected to match exposures to the approved 
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dose in adults. The main objective of the research was to utilize totality of evidence based 

on currently approved drugs in adults and children and transform the ‘learn-confirm’ 

paradigm to ‘learn-apply’ paradigm for a new AED. The key question was “Can the 

knowledge gained from efficacy trials conducted in adults and pediatric patients for 

approved AEDs be leveraged (learn) to innovate the regulatory policy such that for a new 

AED, efficacy in pediatric patients can be extrapolated from adults without the need for 

efficacy trial in pediatric patients (apply)”?  

 

Learn  

It has been previously shown that for AEDs indicated for the treatment of POS in adult 

and pediatric patients ≥ 4 years of age, the response to intervention (Pellock JM et al., 

2012) and disease progression is reasonably similar (unpublished  work). A systematic 

analysis was conducted by the FDA based on efficacy trials of 8 drugs (Table 1.1) where 

the following were compared between adults and pediatric patients: a) responses at the 

approved doses; b) exposures at the approved doses; c) exposures and responses in 

different pediatric age subgroups; d) exposure-response relationship. Available 

information included PK and efficacy information in both adult and pediatric patients. 

This analysis was conducted on the largest database for AEDs for the POS indication that 

consisted of more than 26 trials with PK and efficacy data from ~6000 patients, of which 

~1400 were pediatric patients. 
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Table 1.1: List of approved AEDs in adults and pediatric patients with their 

mechanism of action (Mehrotra S et al., 2016b) 

 

 

 

 

 

 

 

 

Across the eight drugs with varying mechanism of action, it was shown that the drugs 

that demonstrated efficacy in adults were also found to be effective in pediatric patients 

and placebo corrected responses were consistent between adults and pediatric patients at 

the approved doses. In addition, it was also concluded that exposures between adults and 

pediatric patients was also consistent at the approved doses. Furthermore, it was shown 

that exposures among different age subgroups were similar. Exposure-response analyses 

showed that the slopes of the exposure-response relationship were similar between adults 

and children (Figure 1.1). This indicated that if exposures obtained in adults with the 

approved doses are targeted in children, similar response as that in adults is expected in 

children. 



  

 

15 

 

Figure 1.1: Illustration of example of a drug with similar exposure-response in adult 

and pediatric patients, (a) Quantile plot (b) Linear regression (Mehrotra S et al., 

2016b) 

 

 

 

 

 

 

 

 
 

 

In the plot on the left, the solid circles denote the mean and error bar denotes 95% confidence interval. In 

the figure on the right, the solid red and blue lines are the mean model predictions with 95% confidence 

interval (shaded area). The overlap in exposures and responses in adult and pediatric patients 

demonstrated similar exposure-response in adults and pediatric patients. 

 

Apply 

Based on the analysis conducted above, it was concluded that efficacy in pediatric 

patients can be fully extrapolated from adults without the need of efficacy trial in 

pediatric patients. However, PK and long term safety studies need to be conducted in 

pediatric patients. More importantly, this example highlighted a scenario where wealth of 

prior knowledge was leveraged to make a data driven decision (learn- apply) rather than 

strategy of always “confirming” the effectiveness in pediatrics after efficacy in adults has 

been established.  
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Impact 

In November 2015, FDA issued a policy that for a new AED approved in adults, the 

efficacy in children ≥ 4 years of age can be extrapolated from adults in lieu of conducting 

efficacy trial (Mehrotra S et al., 2016b). Generation of the evidence of similar exposure-

response from the confirmatory trials in adults and pediatric patients from the approved 

AEDs forms the “learn” part of the learn-apply paradigm. This information was applied 

to support FDA’s policy of full extrapolation of efficacy in pediatric patients for AEDs 

indicated for POS as adjunctive therapy which is the “apply” part of learn-apply 

paradigm. It is critical to note that the analysis to support full extrapolation of efficacy 

was possible because PK was collected in all trials along with the efficacy information 

which made the analysis of exposure-response analysis of efficacy feasible. It is also 

worth mentioning that the transition from “lean-confirm” to “learn-apply” was possible 

through totality of evidence approach where demonstration of similar exposure-response 

of efficacy between adult and pediatric patients was just one piece of the puzzle. Apart 

from similarity in exposure-response, demonstrating that drugs that were effective in 

adults were always found to be effective in pediatrics, the dose selected for pediatric 

efficacy trials produced exposures similar to that of exposures observed in adults with 

effective doses, and responses achieved in pediatric trials with approved doses were 

similar to those observed with adults with approved doses, formed the other pieces of the 

puzzle to establish the totality of evidence. 

Having demonstrated the concept of learn-apply and contrasting it with learn-confirm 

using examples above, one also needs to acknowledge that in certain cases, where 

appropriate data is not collected or if scenarios are being extrapolated beyond the clinical 
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experience, further clinical investigation may need to be performed to confirm the 

findings. For instance, in case of adalimumab approval for the indication of ulcerative 

colitis, data indicated that the efficacy of adalimumab in the induction phase was modest 

(Adalimumab advisory committee briefing document, 2012). Furthermore, exposure-

response analysis indicated that the response increased linearly with increase in 

exposures without plateauing at higher exposures suggesting that higher induction dose 

may provide additional benefit (Adalimumab advisory committee briefing document, 

2012). Since efficacy and safety information at higher dose or exposures was not 

available, a post marketing trial was recommended to the sponsor to evaluate higher than 

already studied induction dose (Adalimumab approval letter, 2012).  

In summary, one should accumulate learnings from the clinical trials which can either be 

applied towards drug development and regulatory decisions or may support to design 

future experiments or trials to answer specific question(s). Pharmacometrics, a 

quantitative clinical pharmacology discipline leverages information across various 

sources and translates it into knowledge that can be applied towards influencing key 

decisions.  

 

1.3 Pharmacometrics: Evolution, Methodology, Dose Individualization and 

Case Studies 

This section is structured into 4 subsections: 1) pharmacometrics and its evolution, 2) 

pharmacometric techniques such as population pharmacokinetics and exposure response 
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analysis, and their applications, 3) optimizing clinical therapeutics through dose 

individualization and 4) case studies.  

 

1.3.1 Pharmacometrics and its evolution 

Pharmacometrics is the science of quantifying disease, drug, and trial characteristics with 

the goal of influencing drug development, regulatory and therapeutic decisions (Brar SS 

et al., 2014). Pharmacometrics utilizes biological, pharmacological, engineering, 

statistical, bioanalytical, and clinical theories or technologies (off-the shelf components) 

to effectively analyze data for generating knowledge (generalizations) that can then 

produce intelligence (actionable knowledge) (Gobburu JVS, 2014).  

The science of pharmacometrics has evolved from a research focused to a decision 

oriented discipline. Figure 1.2 is adapted from the figure published by Gobburu in his 

Pharmacometrics 2020 article where he summarized the growth of the discipline of 

pharmacometrics over several decades (Gobburu JVS, 2010). The concepts of PK and PD 

and steady state kinetics were developed during the 1950s but it was not until 1970s that 

we had computational capabilities to analyze complex PK and PD data using techniques 

such as non-linear regression and maximum likelihood methodology. This was followed 

by recognition of the field of pharmacometrics by the scientific community when journal 

of pharmacokinetics and pharmacodynamics created a new section on 

“pharmacometrics”. In 1999 and 2003, FDA issued the population PK and the exposure-

response guidance that described how to use such analysis to support drug development, 

approval and labeling decisions. Since 2000, the field of pharmacometrics has grown 

substantially and has demonstrated value in decision making both in the drug 
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development and the regulatory front. From a drug development perspective, 

pharmacometrics has played a substantial role in accelerating and optimizing compound 

development strategies that has made drug development more efficient (Milligan PA et 

al., 2013; Miller R et al., 2005). Role of pharmacometrics has been demonstrated in all 

the phases of drug development, right from the discovery phase to post marketing. Parke-

Davis reported that in about 50% of the cases reviewed, population based analysis  

influenced the drug development and approval, while a similar survey at Hoffmann La 

Roche found PK/PD guided approach was a key driver for adequate dose selection and 

led to significant saving in drug development time (Reigner BG et al., 1997; Olson SC et 

al., 2000). On a similar note, pharmacometric analyses have become an important 

component of regulatory submissions demonstrating its value in approval and labeling 

decisions (Bhattaram VA et al., 2005; Lee JY et al., 2011; Bhattaram VA et al., 2007; 

Mehrotra N et al., 2016). More recently, pharmacometrics reached an important 

milestone when “Advancing Model-Informed Drug Development” was incorporated into 

the Prescription Drug User Fee Act (PDUFA) VI commitment letter summarizing the 

steps FDA intends to undertake to advance model informed drug development through 

application of exposure-based, biological, and statistical models derived from preclinical 

and clinical data sources (PDUFA reauthorization performance goals and procedures 

fiscal years 2018 through 2022).  
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Figure 1.2: Milestones in evolution of pharmacometrics 

 

 

 

 

 

 

 

 

Adapted from Gobburu (Gobburu JVS, 2010) 

 

1.3.2 Pharmacometric techniques 

Pharmacometric techniques range from empirical to semi-mechanistic to purely 

mechanistic in nature. Population pharmacokinetics, exposure-response analysis for 

efficacy and safety, clinical trial simulations and disease progression modeling are some 

examples of pharmacometric analysis (Brar SS et al., 2014). Population pharmacokinetics 

and exposure-response analysis are two of the most common model based analysis that 

are routinely conducted to influence drug development, regulatory or therapeutic 

decisions.  

Some of the common applications of population PK and exposure-response analysis are 

summarized in Table 1.2. Concept and applications of population PK and exposure-

response analysis are described in the detail below. 
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Population pharmacokinetics 

Population pharmacokinetics is the study of the sources and correlates of variability in 

drug concentrations among individuals who are the target patient population receiving 

clinically relevant doses of a drug of interest (FDA Guidance for Industry:  Population 

Pharmacokinetics, 1999; Committee for medicinal products for human use (CHMP). 

Guideline on Reporting the Results of Population Pharmacokinetic Analyses, 2008). 

Population pharmacokinetics seeks to quantitate the effect of intrinsic (for e.g., body 

weight, age, sex, race, hepatic impairment, renal impairment etc.) and extrinsic factors 

(food effect, effect of concomitant administration of other drugs (drug interactions)) that 

can increase or decrease the concentrations of drug in the body. If the changes in 

concentrations are clinically meaningful then dose adjustments are recommended. 

Exposure-response of efficacy and safety (detailed in next section) informs about the 

clinical relevance of the magnitude of exposure change to determine whether or not dose 

adjustment is needed.  
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Table 1.2: Applications of population pharmacokinetics and exposure response 

analysis 

 

Traditional pharmacokinetic analysis which is usually conducted in healthy volunteers or 

patients requires rich plasma samples to be collected and PK parameters are estimated. In 

traditional PK analysis, rich PK profile from each patient is first analyzed by non-

compartmental analysis or compartmental analysis. This is followed by calculating 

average of PK parameters of interest. This approach is also referred to as two stage 

approach. Population pharmacokinetic analysis on the other hand has capability of using 

Population 
Pharmacokinetics 

Evaluate the effect of intrinsic factors (age, body weight, 
sex, race, organ impairment etc.) on PK  

Evaluate the effect of extrinsic factors (concomitant 
medications (drug-drug interactions), smoking etc) on 
PK 

Simulations of alternative dose/dosing regimen not 
studied in the clinical trial 

Inform pediatric study design and dose selection 

Derive individual exposures for conducting exposure-
response analysis 

Exposure Response Evidence of effectiveness 

Dose selection in general population through benefit risk 
assessment by exposure-response analysis of efficacy 
and safety 

Bridging efficacy of a new dose regimen, dosage form 
and route of administration 

Extrapolation of efficacy from adults to pediatric 
population 

Dosing recommendations in specific populations 
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either sparse (few samples per subject) or rich pharmacokinetic samples (many samples 

per subject) or a combination of both to estimate the PK parameters, effect of covariates, 

between subject variability and residual variability in a single step. Population 

pharmacokinetic analysis is widely referred to as single stage approach. One of biggest 

advantages of using population PK analysis is its ability to perform analysis by pooling 

the PK data across the various drug development programs. Additionally, population PK 

analysis allows pooling of data from healthy and patient population, variety of different 

PK collection designs which is usually not possible with traditional methods of analyzing 

PK data. Population PK allows for estimation for the effect of one covariate after 

adjusting for the other covariate with predefined statistical criteria, something which is 

not easily feasible with traditional pharmacokinetic analysis. Finally, population PK 

model allows for simulations beyond the scenarios that have been clinically evaluated 

and in some cases alleviating the need of clinical trials. Described below are some of the 

common applications of population PK analysis in context of drug development and 

regulatory decisions. 

 

Applications of population pharmacokinetics 

1. Evaluate the effect of intrinsic factors (age, body weight, sex, race, organ 

impairment etc.) on PK of the drug candidate 

Usually late phase trials include patients with varying body weights and age, both males 

and females and in some cases may have adequate representation of various race groups 

as well. In such cases, population pharmacokinetic analysis can be conducted by 

combining the data from all the studies to evaluate the effect of intrinsic factors on 
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pharmacokinetics of the study drug. In addition, if a drug is significantly eliminated 

through renal or hepatic pathway, dedicated studies are conducted to determine the extent 

of exposure increase in various degree of organ impairment, for example mild, moderate 

or severe renal impairment (FDA Guidance for Industry : Pharmacokinetics in Patients 

with Impaired Renal Function, 2010; FDA Guidance for Industry : Pharmacokinetics in 

Patients with Impaired Hepatic Function, 2003). These studies are usually dedicated 

phase 1 studies conducted in healthy volunteers with impaired organ function and rich 

PK is collected in all the patients. In some cases, these dedicated phase 1 studies may not 

be possible in healthy volunteers (e.g., cytotoxic cancer agents cannot be administered to 

healthy individuals). In such cases, if the organ impaired patients are included in late 

phase clinical trials, the effect of organ impairment on PK of the compound of interest 

can be estimated using population pharmacokinetic analysis.  

 

2. Evaluate the effect of extrinsic factors (concomitant medications (drug-drug 

interactions, smoking, food etc.) on PK  

Drug-drug interaction (DDI) studies are conducted to study the effect of other 

concomitant medications (interacting drug) on the drug of interest, and vice versa, to 

determine the extent of change of exposures and if any dose adjustment is necessary 

(FDA Guidance for Industry: Drug Interaction Studies, 2012). In general, dedicated phase 

1 clinical pharmacology studies are conducted to evaluate the effect of one drug on the 

PK of the other drug. These studies are specifically designed to assess DDI and therefore 

are conducted in a controlled manner such that the timing of drug administration relevant 

to the interacting drug is standardized and rich PK samples are collected either after 
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single dose or at steady state. However, in some cases where appropriate information 

(well-designed study procedures and sample collection schemes) is collected as part of 

trials conducted in patients, adequately designed population PK analysis can be used to 

evaluate the DDI.  

3. Simulations of alternative dosing regimen not directly studied 

Simulating the dose or dosing regimen that are not directly studied is one of the most 

important reasons for building population PK models. For instance, if the model is 

developed for once day daily regimen, it can be used to simulate the PK profile of twice a 

day or once a week dosing regimen in lieu of conducting a PK study. Additionally, if the 

model is developed based on PK data collected for x and 4x doses for a drug, one can 

simulate PK profile of a 2x dose if the dose-exposure relationship is known. 

 

4. Pediatric trial design and dose selection 

Population PK analysis is particularly useful in designing informative pediatric trials and 

assessing PK of a compound in children. The population PK model developed in adult 

can be extrapolated to children using well established principles of allometric scaling, 

and this can guide in selection of doses in children. Designing informative pediatric 

studies have been outlined in the FDA guidance on general pharmacokinetic 

considerations for pediatric studies for drug and biologic products (FDA Guidance for 

Industry: General Clinical Pharmacology Considerations for Pediatric Studies for Drugs 

and Biological Products, 2014). Sparse sampling is frequently employed in pediatric 

trials (especially in neonates, infants and younger children) and thus population PK 

analysis is the method of choice to estimate PK parameters.  
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5. Deriving individual exposures for conducting exposure-response analysis 

When sparse pharmacokinetic data is collected from late phase trials in patients, 

population PK modeling can be utilized to obtain individual level exposure metrics (Cmax 

(maximum concentration), Cmin (minimum concentration during the dosing interval) or 

AUC (area under the curve representing the overall exposure in an individual)  to perform 

sequential exposure-response analysis. The utility of exposure-response analysis in drug 

development and regulatory decision making is described in the following section. 

 

Exposure response analysis 

Exposure-response analysis for efficacy and safety is at the core of any pharmacometric 

analysis. It is one of the pivotal analyses routinely performed during drug development to 

understand the relationship between exposures and desired or toxic effects (FDA 

Guidance for Industry :  Exposure-Response relationships, 2003).One of the primary goal 

behind understanding the exposure-response information is to decide if the exposure 

increase or decrease due to an intrinsic or extrinsic factor warrants dose adjustment. 

Integration of exposure-response assessment throughout the development offers 

significant return on investment (Milligan PA et al., 2013; Miller R et al., 2005; Lalonde 

RL et al., 2007). Exposure implies the concentration or drug levels achieved in the body 

following drug administration. Exposure can be captured by various individual exposure-

metrics such as Cmax, Cmin, and AUC etc. Response refers to the desired or beneficial 

effect capturing drug’s effectiveness or the toxic or the adverse effect capturing the safety 

of the drug. For example, desired effect can be either a biomarker reduction that 

demonstrate clinical benefit for e.g., reduction in tumor size, HbA1c reduction, reduction 
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in cholesterol levels, reduction in viral load or a measure of  direct clinical benefit in a 

patient, for e.g., increase in progression free survival, reduction in number of strokes etc. 

Response can also be a toxic effect produced by a drug candidate, for e.g., risk of 

neutropenia, nausea, bleeding etc.  One of the important goals of conducting exposure-

response analysis is to define what is referred to as “therapeutic window”. Therapeutic 

window is a well-defined range of concentrations below which efficacy is suboptimal and 

above those concentrations the toxicity increases substantially. Some of the common 

applications of exposure-response analysis are summarized below (FDA Guidance for 

Industry: Exposure-Response relationships, 2003).   

 

1. Evidence of effectiveness 

A significant exposure-response relationship for efficacy implies that response increases 

with increase in concentrations which in turn supports the drug’s pharmacological 

activity/clinical benefit demonstrating that the drug works. In some cases, where placebo 

or control arm is not evaluated in the trial, a significant dose or exposure response 

relationship can serve as the primary evidence of effectiveness.  

 

2. Dose selection in general population 

Establishing the relationship between exposure and efficacy or safety enables to establish 

a therapeutic window of exposures that forms the basis of dose selection in the general 

population.  
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3. Bridging efficacy of a new dosing regimen, dosage form and route of 

administration 

If an exposure-response relationship is established, it can help in interpolating efficacy of 

new doses or dosing regimens not directly evaluated in the clinical trials. Exposure-

response information can sometimes be utilized to bridge efficacy of two dosing 

regimens, for e.g., if the efficacy is established with a once daily dosing regimen, the 

expected efficacy with a twice daily dosing regimen may be assessed without conducing 

an efficacy evaluation. In some cases, pharmaceutical companies may develop a new 

formulation for an already approved product. In these scenarios, a comparison of PK 

(AUC and Cmax) is often conducted to demonstrate that the new formulation is similar to 

the approved formulation in terms of systemic exposures and thus expected efficacy and 

safety profile should be similar. If the AUC or Cmax of a new formulation falls outside the 

predefined window (for e.g., 80-125%), a well understood relationship between exposure 

and efficacy/safety can determine if the deviation in exposure is clinically relevant to 

warrant any further clinical investigation.  

 

4. Extrapolation of efficacy from adults to pediatric population 

FDA provides a framework if it’s reasonable to assume that the disease progression and 

response to intervention between adults and pediatrics is similar, efficacy in pediatrics 

can be extrapolated from adequate and well controlled trials in adults (FDA Guidance for 

Industry: General Clinical Pharmacology Considerations for Pediatric Studies for Drugs 

and Biological Products, 2014). In such cases, assessment of exposure-response in adults 
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and children becomes a critical step which determines whether the efficacy can be fully 

or partially extrapolated in children. 

 

5. Dosing recommendations in specific populations 

Exposure-response analysis can help support dose adjustment or no dose adjustment in 

patients with increase or decrease in concentrations due to one or more intrinsic or 

extrinsic factors. For example, if AUC increase by 2-fold in patients with severe renal 

impairment and the exposure-response analysis for efficacy is flat while there is a steep 

exposure-safety relationship, then the dose in patients with severe renal impairment may 

be reduced without loss of efficacy. Furthermore, exposure-response information may 

also help support no dose adjustment if the change in exposure does not result in a 

clinically meaningful change in efficacy or safety. 

 

1.3.3 Dose individualization for optimizing clinical therapeutics 

Until now we have seen the application of population pharmacokinetics and exposure 

response analysis in assessing benefit risk for dose selection in an average patient or 

subgroup of patients with particular intrinsic or extrinsic factors. In general, the goal of 

drug development and regulatory practices is to find an optimal dose that works for an 

average patient. It is important to note that for optimizing dose for an average patient, 

techniques such as population PK and exposure-response are employed to identify 

baseline risk factors such as weight, age, sex, renal or hepatic impairment to optimize 

dose in subgroups. The average dose in each subgroup may serve as reasonable starting 

point for dosing in a patient. Once the drug is prescribed in the clinic, the dose has to be 
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tailored to an individual patient to optimize benefit/risk in that patient. Prescribing same 

dose to each patient may result in severe toxicity for some patients or insufficient efficacy 

for others. The “Precision Medicine Initiative” by President Obama in 2015 focuses on 

identifying genes, environments and lifestyle to select treatment options that improve 

chances of survival and minimize adverse effects in patients (Precision-Medicine). 

Generally, precision medicine terminology is interchangeably used with 

pharmacogenomics. Pharmacogenomics certainly is a step towards precision medicine, it 

accounts for one of many factors that can help tailor a dose in an individual patient. 

Precision Medicine advocates the usage of drug in an accurate manner for each patient 

(not to be confused with pharmacogenomics which also strives to find average doses in 

most cases). For example, eliglustat is approved for long term treatment of adult patients 

with Gaucher disease type I (Eliglustat label, 2016). Eliglustat is primarily metabolized 

by CYP2D6, therefore the recommended adult dose in extensive/ intermediate CYP2D6 

metabolizers (84 mg twice daily) is higher than poor CYP2D6 metabolizers (84 mg once 

daily). The patient needs to be genotyped for CYP2D6 status based in FDA-cleared test 

prior to starting the eliglustat treatment. It is important to note that identifying genotype 

status only identifies average dose in poor metabolizers or extensive metabolizers. It may 

be a combination of intrinsic (genetic, weight, renal impairment etc.) and extrinsic factors 

that are responsible for exposure variability in patient rather than a single genetic factor.  

On the other hand, warfarin dosing is more individualized and is based on a combination 

of genetic factors and targeting a therapeutic window based on International Normalized 

Ratio (INR) range in each patient. Patients starting dose is first determined based on 
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CYP2C9 and VKORC1 genotypes and then patients are routinely monitored to target 

their INR within a certain range depending on the indication (Warfarin label, 2016).  

Novel strategies such as Bayesian forecasting that utilize patient’s own data which 

encompasses information regarding intrinsic and extrinsic factors to predict future 

clinical outcome is one of the rational approach to optimize dosing strategy in a patient. 

Figure 1.3 summarizes the general framework for dose individualization. 
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Figure 1.3: General framework for dose individualization 

 

 

 

 

 

 

 

 

 

Concept of Bayesian Forecasting 

Bayesian forecasting utilizes the prior information about the parameter estimates along 

with their distribution and the current data to obtain posterior distribution of the 

parameter estimates. In Bayesian forecasting using maximum likelihood estimation, the 

empirical Bayes estimate of a parameter represents the mode of the posterior distribution. 

Using the posterior distribution or the empirical Bayes estimates, forecasting for the 

concentrations/clinical outcome can be conducted under different dosing scenarios. 

 



  

 

33 

 

1.3.4 Case studies  

The case studies presented in this section highlight the role of pharmacometric techniques 

in influencing drug development, regulatory decisions and optimizing therapeutics. 

Although, pharmacometrics based decisions are common across various therapeutic 

areas, some of the examples in the area of oncology are described below as they are 

relevant to the research projects of the dissertation. 

 

Ixazomib (Ninlaro®) 

Background: In 2015, FDA approved ixazomib which is a selective proteasome inhibitor 

indicated for the treatment of multiple myeloma in the second line setting in combination 

with lenalidomide and dexamethasone. There were no dedicated clinical studies 

conducted to evaluate the effect of age, sex, body surface area, race, mild hepatic 

impairment, mild or moderate renal impairment and co-administration of strong CYP1A2 

inhibitors on PK of ixazomib (Ixazomib label, 2016).  

Key question: Is dose adjustment needed in patients based on age, sex, body surface 

area, race, mild hepatic impairment, mild or moderate renal impairment and co-

administration of strong CYP1A2 inhibitors? 

Role of pharmacometrics: Company collected sparse PK data from patients enrolled in 

the late phase trials. Since the inclusion criteria for the late phase trials were broad, 

patients with organ impairment or taking a concomitant interacting drug were enrolled 

that allowed for the estimation of the effect of hepatic or renal impairment or drug-drug 

interaction using population pharmacokinetics (Ixazomib Clinical Pharmacology and 

Biopharmaceutics review).  
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Impact: Population pharmacokinetics informed dosing recommendations of ixazomib in 

specific populations in lieu of dedicated trials. The approved prescribing information of 

ixazomib includes the following statements:  

Labeling for Ixazonib (Ixazomib label, 2016) 

Effect of age, sex, body surface area or race: There was no clinically meaningful effect 

of age (range 23-91 years), sex, body surface area (range 1.2-2.7 m
2
), or race on the 

clearance of ixazomib based on population PK analysis. 

Hepatic impairment: The PK of ixazomib was similar in patients with normal hepatic 

function and in patients with mild hepatic impairment based on population PK analysis. 

Renal impairment: The PK of ixazomib was similar in patients with normal renal 

function and in patients with mild or moderate renal impairment (creatinine clearance ≥ 

30 ml/min) based on population PK analysis. 

Drug interaction: Co-administration of NINLARO with strong CYP1A2 inhibitors did 

not result in a clinically meaningful change in the systemic exposure of ixazomib based 

on population PK analysis. 

 

 

Olaparib (Lynparza®) 

Background: In 2014, FDA granted accelerated approval for Olaparib (400 mg BID as 

capsules) for the treatment of advanced ovarian cancer in patients who have been treated 

with three or more lines of chemotherapy (Olaparib label, 2016). The maximum tolerated 

dose of olaparib is 400 mg BID. The company observed a modest numerical advantage in 

objective response rate (ORR) and progression free survival (PFS) of 400 mg BID 

capsule over 100 mg BID and 200 mg BID capsule and thus evaluated 400 mg BID dose 

in the registration trial (Study 19). Since olaparib was approved under accelerated 

approval pathway, company is conducting a confirmatory trial (SOLO-2) post-marketing 

to convert the accelerated approval into full approval (Olaparib advisory committee 
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briefing document, 2014). The highest formulation strength of a capsule available was 25 

mg and therefore for a 400 mg BID dose, patients were required to take 16 pills per day. 

In order to reduce the pill burden, sponsor developed a tablet formulation for the SOLO-2 

trial at a dose level of 300 mg BID. Both 200 mg and 300 mg BID tablet formulation 

were found to be numerically inferior to 400 mg BID capsule in terms of percent change 

in tumor size at week 8 and 16. However, 300 mg BID tablet had similar activity in 

ovarian cancer patients. The 400 mg tablet was numerically superior to 400 mg BID 

capsule in percent change in tumor size but had 29% grade 3 or higher anemia and thus 

was not pursued. Therefore, the company decided to move forward with the 300 mg BID 

tablet formulation. However, based on the relative bioavailability study, the steady state 

exposures of tablet formulation at 300 mg BID dose were approximately 50% higher of 

400 mg BID capsule.  

Key questions: Is 300 mg BID olaparib dose adequate in terms of efficacy and safety to 

be studied in the confirmatory trial? 

Role of pharmacometrics: No exposure-response relationship was observed for efficacy 

(Figure 1.4) while a significant exposure-response relationship for anemia (a clinically 

important adverse event) was evident indicating increase in risk of all grade anemia with 

increase in Cmax or AUC (Figure 1.5). The 50% higher exposures with the tablet as 

compared to the capsule formulation implied that the tolerability profile of the tablet 

formulation in context of anemia may be compromised while there was data indicating 

that higher exposures may not provide additional efficacy (Olaparib Clinical 

Pharmacology and Biopharmaceutics review). Exposure-response analysis of efficacy 
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and safety conducted from the available trial data provided insights into the design of the 

confirmatory trial. 

Impact: Based on the exposure-response analysis of efficacy and safety, FDA has 

questioned the use of tablet formulation in the confirmatory clinical trial. This was an 

important issue that was included in the FDA briefing book published online for the 

oncology drug advisory committee (ODAC) meeting. The FDA ODAC briefing book 

stated that “There is insufficient evidence at this point to determine if there is an 

exposure-response relationship of efficacy; however, there appears to be an exposure-

response relationship for the incidence of anemia. This raises concerns that the overall 

tolerability of the new tablet formulation may be compromised in SOLO-2 as compared 

to Study 19” (Olaparib advisory committee briefing document, 2014).  

Figure 1.4: Kaplan Meier plot showing exposure-PFS relationship for olaparib from 

two studies 

 Source: Olaparib Clinical Pharmacology and Biopharmaceutics review 
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Figure 1.5: Exposure-response for anemia for olaparib from pooled tablet and 

capsule data 

Source: Olaparib Clinical Pharmacology and Biopharmaceutics review 

 

Idelalisib (Zydelig®) 

Background: In 2014, FDA approved idelalisib, a PI3Kδ kinase inhibitor, for the 

treatment of refractory indolent non-Hodgkin lymphoma (iNHL) and relapsed chronic 

lymphocytic leukemia (CLL) (Idelalisib label, 2016). The dose approved is 150 mg BID. 

This is an example where company collected exposure and best reduction in tumor 

growth (sum of products of greatest perpendicular diameters of index lesions; SPD) data 

from early clinical trials to guide dose selection for the registration trials. In addition, the 

dose was also justified based on the in vitro target inhibition data of PI3Kδ kinase. 

Furthermore, exposure-response analysis was also used to support the labeling 

recommendation of no dose adjustment in patients with hepatic impairment and with 

concomitant administration of strong CYP3A4 inhibitors (Idelalisib Clinical 

Pharmacology and Biopharmaceutics review).  

Key question: Is the 150 mg BID dosing regimen adequate for iNHL and relapsed CLL? 

Is there a need for dose adjustment in patients with impaired baseline hepatic function 

and patients taking concomitant strong CYP3A4 inhibitors? 
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Role of pharmacometrics: Company conducted a dose ranging trial with 50, 100, 150, 

200 and 350 mg BID and 150, 300 mg QD treatment arms. Although this was not a large 

trial, it had wide range of doses and individual level exposure data collected which 

enabled the company to develop the relationship between exposure and efficacy or safety 

endpoints. Based on the univariate exposure-response analysis of SPD, an increasing 

trend of tumor reduction was observed with increasing Ctau (steady state trough 

concentrations) and the Ctau of the 150 mg BID dose were in the flat part of this 

relationship indicating that increasing dose more than 150 mg BID may not offer 

additional benefit and reducing the dose below 150 mg BID may lead to lower effect on 

tumor reduction and thus lower efficacy (Figure 1.6 and Figure 1.7).The company also 

conducted in-vitro experiments to estimate the EC90 (effective idelalisib concentrations 

that produce 90% of PI3Kδ kinase inhibition) for PI3Kδ inhibition which was determined 

to be ~ 125 ng/mL. Considering the PK variability, simulations were conducted to 

demonstrate that with 150 mg BID dosing regimen, only 3% of the patients are expected 

to have steady state Ctau lower than 125 ng/ml indicating that 97% of the patients will 

have exposures that are needed to inhibit the target (Figure 1.8). Both the PK simulations 

and the exposure-response analysis led to selection of 150 mg BID for the iNHL and the 

CLL population and eventual labeling of this dose in the label (Idelalisib Clinical 

Pharmacology and Biopharmaceutics review).  

There was one more significant contribution of the exposure-response analysis of safety 

towards the dosing recommendations of patients with impaired hepatic function and 

patients taking concomitant strong CYP3A4 inhibitors. Idelalisib is metabolized via 

aldehyde oxidase and CYP3A4 inhibitors. It was observed that the mean exposure to 
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idelalisib increased by 1.7-fold in patients with baseline hepatic impairment defined as 

AST or ALT or TBIL greater than upper limit of normal. Similarly, mean exposure of 

idelalisib increased by 1.8-fold in patients with concomitant administration of strong 

CYP3A4 inhibitors. Since no exposure-response for safety was observed for adverse 

events (≥ 3 AST or ALT laboratory abnormalities and grade ≥ 3 neutropenia, diarrhea, 

skin rash, and infection), no dose adjustment has been recommended in these specific 

populations (Idelalisib Clinical Pharmacology and Biopharmaceutics review).  

Impact: Exposure-response analysis of efficacy and PK simulations supported the choice 

of 150 mg BID for  iNHL and CLL indications. Exposure-response analysis for safety 

was pivotal to recommend no dose adjustment in some specific populations despite 

increase in exposures. 

Figure 1.6: Boxplots of pre-dose trough concentrations (population PK predicted) 

with various dosing regimens in the dose ranging study 101-02 for iNHL and CLL 

patients 

 

 

 

 

 

 

 

 

Source: Idelalisib Clinical Pharmacology and Biopharmaceutics review  
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Figure 1.7: Exposure-response relationship in dose finding trial in indolent non-

Hodgkin lymphoma (left) and chronic lymphocytic leukemia (right)  

Source: Idelalisib Clinical Pharmacology and Biopharmaceutics review 

 

Figure 1.8: Analysis of simulated population for percentage of patients with Ctau < 

EC90 (125 ng/mL) with various BID dosing (50, 100 and 150 mg BID) 

 

 

 

 

 

 

 

 

 

Source: Idelalisib Clinical Pharmacology and Biopharmaceutics review 

A thousand patients with 75 kg weight were simulated for each dose level using final population PK 

parameters and with between subject variability and residual variability. Cumulative distribution of Ctau in 

the simulated population is plotted against Ctau and the proportion of patients with steady state trough 

levels of idelalisib below EC90 were quantified for each dose level. 
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Integration of Bayesian forecasting to guide clinical therapeutics 

The utility of Bayesian forecasting to recommend individualized dosing was described in 

1972 and 1973 for Digoxin (Lenert L et al., 1992; Peck CC et al., 1973; Sheiner LB et al., 

1975). Digoxin is prescribed for congestive heart failure and the doses to manage efficacy 

and toxicity balance are empirically derived. These empirically derived dosing resulted in 

20% of patients with toxicity. Therefore, a computer assisted digitalis therapy was 

proposed (Peck CC et al., 1973). Later in 1978, Gorry et al proposed a program that used 

the therapeutic and toxicity data of a patient and provided subsequent recommendations 

based on therapeutic-toxic state of the patient (Gorry GA et al., 1978). A clinical trial was 

performed that demonstrated the feasibility of the approach in acutely ill patients. It was 

reported that the patients who developed toxicity received doses higher than that 

recommended by the program (Gorry GA et al., 1978). The Bayesian forecasting 

approach has also been employed for other drugs such as aminoglycosides, phenytoin, 

vancomycin, factor VIII and warfarin (Burton ME et al., 1985; Ludden TM et al.,1986; 

Pryka RD et al.,1989; Ruffo S et al., 1986; White RH et al., 1987). Lenert et al developed 

a computer program incorporating Bayesian forecasting for individualization of dosing of 

aminoglycoside antibiotics. The program generated advice on dose adjustment, 

interpretation of measured drug concentrations in blood, and recommendations for 

monitoring drug concentrations (Lenert L et al., 1992).
 
 

Apart from the examples listed above, Bayesian forecasting approach has been used in 

clinical setting to optimize the therapy in terms of efficacy and safety in individual 

patient for anticancer drugs. Jayachandran et al utilized Bayesian population modeling to 

individualize 6-mercaptopurine dosing based on the patient’s ability to metabolize the 
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drug to 6-thioguanine nucleotide (active metabolite of 6- mercaptopurine) instead of the 

traditional one dose fits all approach (Jayachandran D et al., 2015). With the patient-

specific model, a model predictive control algorithm was utilized to optimize the dose 

scheduling with the objective of maintaining the 6-thioguanine nucleotide concentration 

within its therapeutic window. Another example by Barrett et al highlights the role of 

pharmacometrics in optimizing clinical therapeutics of methotrexate in pediatric cancer 

patients through therapeutic drug monitoring (Barrett JS et al., 2008). Methotrexate is a 

narrow therapeutic index drug with high inter-subject and intra-subject variability. The 

authors developed a dashboard that serves as a decision analytics tool in a hospital 

setting. Clinicians have a user interface where models are called and executed in an 

interactive manner through the web-based dashboard environment which interfaces to the 

hospital's electronic medical records system. Projected plasma concentrations are 

viewable along with protocol-specific nomograms to provide dosing guidance for 

potential rescue therapy. These data can also be viewed simultaneously with biomarkers 

for safety to make therapeutic decisions. When additional data becomes available via 

therapeutic drug monitoring, the model is re-executed and projections are revised and 

appropriate dose modifications are conducted. Another example by Mouterde et al is 

described in detail below that also developed a Bayesian population PK model to guide 

methotrexate dosing (Monjanel-Mouterde S et al., 2002).  

Background: Methotrexate is commonly used in the treatment of various solid 

malignancies including breast cancer. Methotrexate infusion has severe side effects 

which are usually managed by alkaline hydration along with folinic acid rescue. In 

general, the management of methotrexate toxicity is empirical without regard to 
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elimination differences of methotrexate among patients. The purpose of the research was 

to develop a data driven adaptive approach to administer rescue therapy by early 

detection of patients with impaired methotrexate elimination. 

Key question: Can Bayesian approach be utilized to identify the patients with impaired 

methotrexate elimination early on in order to manage methotrexate induced toxicity and 

reduce hospital stay for patients who are not at risk of developing toxicity? 

Role of pharmacometrics: A population PK model was developed for methotrexate by 

utilizing rich pharmacokinetic data from seven patients. The model was then qualified by 

performing Bayesian estimation of methotrexate PK parameters using data from 

additional patients with only two samples at 24 and 36 hours, to predict the concentration 

at 48 hours. Based on the threshold of methotrexate concentration for toxicity, patients 

above the threshold concentration (13% of the overall population) were retained at the 

hospital for further alkaline hydration and folinic rescue while 87% patients without the 

risk of potential toxicity were sent home, thus minimizing their stay in the hospital. 

Impact: Using the Bayesian estimation, patients with probability of achieving higher 

concentrations and thus having higher probability of toxicity could be identified. This 

allowed only selective treatment of the patients while allowing patients with normal 

predicted methotrexate exposure levels to return home thus reducing their hospital stay. 

 

1.4  Research objectives 

The overall research objectives of this dissertation is to utilize learn-apply paradigm to 

inform (1) early clinical development of an investigational agent and (2) optimize clinical 
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therapeutics for certain chemotherapeutic drugs to manage chemotherapy induced 

peripheral neuropathy (CIPN). The two projects and their significance are described 

briefly below. 

1.4.1 Veliparib project: Inform early clinical development of veliparib, an 

investigational anticancer agent 

Significance 

Late phase drug development failure rates are substantially high (Bhattaram VA et al., 

2005; Elias T et al., 2006). One of the reasons for high attrition rate is improper planning 

earlier in the drug development and failure to maximize the knowledge that can be gained 

from early clinical trials to inform late phase trials. It has been shown that utilization of 

pharmacometric principles and techniques can increase the efficiency of drug 

development and lower the attrition rates (Reigner BG et al., 1997; Olson SC et al., 2000; 

Bhattaram VA et al., 2005; Lalonde RL et al., 2007; Zhang L et al., 2006; Kola I et al., 

2004; Ouriadov A et al., 2016). Benefit/risk assessment is critical for oncology drug 

development since the aim is to improve the efficacy of the chemotherapeutic agents 

while minimizing toxicity (Schilsky RL et al., 2013). The use of quantitative clinical 

pharmacology approaches is critical to optimize drug development in oncology 

(Venkatakrishnan K et al., 2015; Sharma MR et al., 2012). Population pharmacokinetic 

and exposure response analysis are routinely conducted throughout the drug development 

process to not only help identifying the right dose but also to determine the need for dose 

adjustment due to certain intrinsic and extrinsic risk factors. Early oncology clinical trials 

that evaluate wide variety of doses, include heterogeneous patient population, allow 

inclusion of patients with concomitant medications or with varied degree of organ 
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impairment are particularly useful. This is because even though one cannot get precise 

answer to all relevant questions, using advanced methodological techniques such as 

population PK and exposure-response, one can obtain answer to several drug 

development questions from a single trial rather than conducting separate trials to answer 

different questions. Population PK in such cases can be used to integrate all the data 

across trials and doses to answer questions such as: Is there an effect of weight on PK of 

a drug to warrant body weight based dosing? Is there a need to dose adjustment in patient 

with certain degree of organ impairment or with concomitant drug administration? 

Furthermore, conducting exposure-response analysis of efficacy and safety can help 

identify a therapeutic window which can aid in dose selection for future trials. This 

particular research project highlights the use of pharmacometric techniques early on 

during the drug development to support the proof of concept trial design of veliparib in 

terms of dose selection, patient population, treatment duration, and whether or not 

patients with mild renal impairment can be included in future trials. The goals of the 

project were to 1) utilize population pharmacokinetic analysis to characterize and 

estimate the variability in the pharmacokinetics of veliparib in patients with 

hematological malignancies, identify the baseline covariates that affect the 

pharmacokinetics of veliparib, 2) conduct dose/exposure-response for efficacy 3) conduct 

dose/exposure response for safety and 4) provide recommendations for future clinical 

investigations of veliparib based on risk/benefit and totality of evidence (Figure 1.9). 
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Figure 1.9: Four steps undertaken to provide recommendations for future clinical 

investigations of veliparib 

 

 

 

 

 

 

 

Chapter 2 and 3 as summarized below discus the analyses and results for veliparib 

project. Chapter 2 describes the population pharmacokinetic model development for 

veliparib utilizing data obtained from a phase 1 trial. The effect of intrinsic (age, body 

mass index (BMI), body surface area (BSA), body weight, lean body weight (LBM), 

gender, renal impairment (measured using creatinine clearance (CrCL)) and extrinsic (co-

administration of topotecan plus carboplatin) factors on pharmacokinetics of veliparib 

was evaluated. A two compartment model with first order absorption with absorption lag 

(Tlag) described veliparib pharmacokinetics. The apparent clearance (CL/F) and volume 

(Vc/F) were 16.5 L/hr and 122.7 L, respectively. Consistent with the physiochemical 

properties of veliparib and its elimination mechanism, LBM and CrCL were found to 

affect pharmacokinetics of veliparib while concomitant administration of topotecan plus 
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carboplatin did not affect veliparib CL/F. The final model was qualified using visual 

predictive check and quantitative predictive check. In addition, plasma concentrations 

were found to be reasonable surrogate for veliparib concentrations in bone marrow 

supernatant but not in the blasts. The developed model was utilized to predict exposures 

to conduct exposure-response analysis to support dosing recommendation for the future 

trials of veliparib with topotecan plus carboplatin. 

Chapter 3 describes the exposure-response analysis for efficacy and safety of veliparib in 

combination with topotecan plus carboplatin. Pharmacokinetic, efficacy and safety data 

from 95 patients, who were administered 10 to 100 mg BID doses of veliparib for either 

8, 14 or 21 days with topotecan plus carboplatin, were utilized for exposure-efficacy 

(ORR & overall survival (OS)) and exposure-safety (≥Grade 3  mucositis) analysis. 

Multivariate cox proportional hazards and logistic regression analyses were conducted. 

The covariates evaluated were disease status, duration of treatment and number of prior 

therapies. The analysis indicated that patients with myeloproliferative neoplasms (MPN), 

less than 2 prior therapies and >8 days of treatment had higher ORR and longer OS.  A 

shallow exposure-efficacy relationship was observed. The odds of having grade ≥ 3 

mucositis increases by 29% with 1000 ng.hr/mL increase in AUC. Despite shallow 

exposure-efficacy relationship, doses lower than 80 mg do not exceed veliparib single 

agent preclinical IC50. The model predicted grade ≥3 mucositis only increased from 10% 

to 19% with increase in dose from 40 mg to 80 mg, thus supporting the 80 mg dose. 

Based on benefit/risk assessment, veliparib at a dose of 80 mg BID for at least 14 days in 

combination with topotecan plus carboplatin is recommended to be studied in MPN 

patients. 
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1.4.2 CIPN project: Propose novel strategy for optimizing clinical 

therapeutics for paclitaxel, nab-paclitaxel and ixabepilone with respect 

to management of CIPN 

Significance 

With better overall survival and progression free survival in cancer patients, the quality of 

life is an important factor for the cancer patients. CIPN is a debilitating adverse effect 

caused by several chemotherapeutic agents (platinum drugs, vinca alkaloids, bortezomib 

and/or taxanes) that often leads to discontinuation of treatment, decreases patient’s 

functional capacity and quality of life (Schloss JM et al., 2013; Mantyh PW, 2006). CIPN 

is characterized by numbness, discomfort and tingling in hands and feet. Typically 

patients experience “stocking and glove” distribution in the feet and hands as longest 

neurons are affected first (Han Y et al., 2013). The mechanism involves early, sustained 

and progressive dysfunction of sensory axons while the motor nerve function consistently 

remains unchanged (Park SB et al., 2011). It is well recognized that CIPN is dose related 

(Pace A et al., 2014). Furthermore, CIPN can have a significant effect on patient’s 

survival, as it can interfere with optimal dosing, delay of therapy, or necessitate the 

discontinuation of therapy. In general for most cancer drugs, toxicities are managed by 

unproven dose interruptions and reductions after the toxicities occur. There are several 

agents that have been used to prevent CIPN, however due to paucity of consistent 

evidence, American Society of Clinical Oncology (ASCO) does not recommend their use 

to prevent CIPN (Hershman DL et al., 2014). In addition, there is a significant economic 

burden of CIPN.  A recent analysis by Pike et al reported that the healthcare costs and 

resource use was significantly higher in breast, ovarian, head/neck or non-small cell lung 
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cancer patients with CIPN as compared to patients without CIPN. The average health 

care cost was $17,344 higher in CIPN cases as compared to non-CIPN controls during 12 

months study period (Pike CT et al., 2012). There is little emphasis on prevention of 

CIPN through prospective dose modification. Furthermore, to best of our knowledge 

there are no reliable risk factors identified that can predict the low and high risk patients 

(Argyriou A et al., 2014). In summary, all these factors together warrant the need for 

novel strategies for better management of CIPN. Early recognition of CIPN and 

prospective dose modification to manage CIPN has been suggested by some researchers 

as a potential option for effective CIPN management in a patient (Velasco R et al., 2010; 

Speck RM et al., 2013).  

The objectives of this research were to 1) quantitatively define relationship between dose 

and CIPN and identify any baseline risk factors related to development of CIPN, 2) to 

identify early time point that is predictive of later time course of CIPN, 3) perform 

simulations incorporating Bayesian framework to propose CIPN management dosing 

card for oncologists to guide dose adjustments to prevent CIPN using patient’s own early 

CIPN data 4) to propose CIPN precision therapeutics tool for dose individualization in a 

patient (Figure 1.10). The hypothesis is that identification of early time point and risk 

factors that are predictive of later time course of CIPN will allow for optimal treatment 

by oncologists through individualized dose adjustments to prevent worsening of CIPN or 

by alternatively considering other therapeutic options.  
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Figure 1.10: Four steps undertaken towards optimization of clinical therapeutics to 

manage CIPN 

 

 

 

 

 

 

Chapter 4 and 5 as summarized below present the analyses and results for CIPN project. 

Chapter 4 focuses on the development and qualification of the longitudinal model for the 

dose-CIPN relationship for paclitaxel, nab-paclitaxel and ixabepilone. Since the 

pharmacokinetic data was not collected in the trial, a kinetic-pharmacodynamic (K-PD) 

model was utilized to quantitate the dose-CIPN relationship simultaneously for the three 

drugs. An indirect response model with linear drug effect described the longitudinal-

CIPN data reasonably well for paclitaxel, nab-paclitaxel and ixabepilone. None of the 

covariates (prior taxane, BMI, BSA, age, height, weight, race) were included in the 

model. Nab-paclitaxel was more neurotoxic than paclitaxel or ixabepilone. The 

proportion of patients that were falsely predicted to have CIPN or were falsely predicted 

not to have CIPN was less than 20% at any chemotherapeutic cycle. The model was 

utilized to identify an early time point that can predict later time course of CIPN based on 

which CIPN management strategy as described in chapter 5 was recommended.  
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Chapter 5 highlights the utility of developed K-PD model to 1) identify an early time 

point that can predict future CIPN time course in a patient; 2) propose a CIPN 

management dosing card to manage CIPN; and 3) provide oncologists with a CIPN 

precision therapeutics tool that can be used to tailor individual patient’s doses to manage 

CIPN. An early time point that is predictive of the future time course of CIPN was 

identified based on concordance probability of the model and clinical judgment. Using 

the early time point data and model parameters, Bayesian forecasting was conducted to 

propose a dosing algorithm to prospectively manage CIPN. Three cycles (12 weeks) was 

identified as the early time point, with a concordance probability of 75%.  For paclitaxel, 

nab-paclitaxel and ixabepilone, the proposed CIPN management dosing card resulted in 

61%, 48% and 35% fewer patients, respectively; with CIPN score ≥ 8 after 6 cycles, as 

compared to administering cycle 3 doses for 4
th

, 5
th

 and 6
th

 cycle. Furthermore, 

simulations incorporating Bayesian framework were conducted to include uncertainty in 

future CIPN predictions. In addition, CIPN precision therapeutics tool (R based) was 

developed to help visualize the predicted CIPN time course based on patient’s dosing 

information, and enable oncologists to tailor the dosing to manage CIPN in an individual 

patient based on overall benefit/risk.  The proposed strategy for dose reductions to 

manage CIPN should be evaluated in future prospective studies to evaluate the impact of 

dose modification on CIPN and efficacy of the chemotherapeutic agents. 
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1.5 Background information 

The following two sections describe the relevant background for both the research 

projects.  

1.5.1  Veliparib project 

1.5.1.1 PARP inhibitors in drug development 

Poly(ADP ribose) polymerase (PARP) inhibitors such as olaparib, veliparib, niraparib, 

rucaparib and talazoparib are under development as monotherapy or in combination 

therapy with radiation, chemotherapy or targeted agents to treat various types of cancers 

such as ovarian, breast, pancreatic, lung and peritoneal cancers (Brown JS et al., 2016). 

Olaparib has been recently approved by FDA as monotherapy to treat patients with 

advanced germline BRCA-mutated ovarian cancer who have received three or more prior 

lines of chemotherapy (Olaparib label, 2016). Olaparib was approved with a companion 

diagnostic test to identify patients with BRCA mutations. Veliparib is an investigational 

PARP inhibitor that has been widely evaluated in clinical trials for solid tumors as a 

combination therapy. It is also under investigation for the treatment of hematological 

malignancies as summarized in Table 1.3. 
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Table 1.3: Clinical trials of veliparib in solid tumors and hematological 

malignancies 

Study drugs Trial number 

(Phase) 

Population Source 

Veliparib in 

combination 

with paclitaxel 

and carboplatin 

NCT02163694 

(Phase 3) 

HER2-negative metastatic 

or locally advanced 

unresectable BRCA-

associated breast cancer 

https://clinicaltrials.g

ov/ct2/show/record/

NCT02163694  

Veliparib in 

combination 

with paclitaxel 

and carboplatin 

NCT02106546 

(Phase 3) 

Previously untreated 

advanced or metastatic 

squamous non-small cell 

lung cancer 

https://clinicaltrials.g

ov/ct2/show/NCT02

106546  

Veliparib in 

combination 

with paclitaxel 

and carboplatin 

NCT02264990 

(Phase 3) 

Metastatic or advanced 

non-squamous non-small 

cell lung cancer who are 

current or former smokers 

https://clinicaltrials.g

ov/ct2/show/NCT02

264990  

Veliparib in 

combination 

with 

carboplatin 

NCT02032277 

(Phase 3) 

Early stage triple negative 

breast cancer 

https://clinicaltrials.g

ov/ct2/show/NCT02

032277 

Veliparib in 

combination 

with 

temazolamide 

NCT02152982 

(Phase 2/3) 

Newly diagnosed 

glioblastoma multiforme 

https://clinicaltrials.g

ov/ct2/show/NCT02

152982  

Veliparib in 

combination 

with 

temazolamide  

Phase I Acute myeloid leukemia http://clincancerres.a

acrjournals.org/conte

nt/early/2016/08/06/

1078-0432.CCR-16-

0984  

Veliparib in 

combination 

with topotecan 

plus 

carboplatin 

Phase I Relapsed or refractory 

acute leukemias, 

aggressive 

myeloproliferative 

neoplasms and chronic 

myelomonocytic leukemia 

https://www.ncbi.nl

m.nih.gov/labs/articl

es/27551000/  

 

https://clinicaltrials.gov/ct2/show/record/NCT02163694
https://clinicaltrials.gov/ct2/show/record/NCT02163694
https://clinicaltrials.gov/ct2/show/record/NCT02163694
https://clinicaltrials.gov/ct2/show/NCT02106546
https://clinicaltrials.gov/ct2/show/NCT02106546
https://clinicaltrials.gov/ct2/show/NCT02106546
https://clinicaltrials.gov/ct2/show/NCT02264990
https://clinicaltrials.gov/ct2/show/NCT02264990
https://clinicaltrials.gov/ct2/show/NCT02264990
https://clinicaltrials.gov/ct2/show/NCT02032277
https://clinicaltrials.gov/ct2/show/NCT02032277
https://clinicaltrials.gov/ct2/show/NCT02032277
https://clinicaltrials.gov/ct2/show/NCT02152982
https://clinicaltrials.gov/ct2/show/NCT02152982
https://clinicaltrials.gov/ct2/show/NCT02152982
http://clincancerres.aacrjournals.org/content/early/2016/08/06/1078-0432.CCR-16-0984
http://clincancerres.aacrjournals.org/content/early/2016/08/06/1078-0432.CCR-16-0984
http://clincancerres.aacrjournals.org/content/early/2016/08/06/1078-0432.CCR-16-0984
http://clincancerres.aacrjournals.org/content/early/2016/08/06/1078-0432.CCR-16-0984
http://clincancerres.aacrjournals.org/content/early/2016/08/06/1078-0432.CCR-16-0984
https://www.ncbi.nlm.nih.gov/labs/articles/27551000/
https://www.ncbi.nlm.nih.gov/labs/articles/27551000/
https://www.ncbi.nlm.nih.gov/labs/articles/27551000/
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1.5.1.2 Mechanism of action of PARP inhibitors 

Figure 1.11: Mechanism of action of PARP inhibitors  

 

 

 

 

Adapted from Livraghi L et al., 2015 

When a single strand break (SSB) occurs in the DNA, poly (ADP-ribose) polymerase is 

activated that leads to repair of the SSB through release of histones, chromatin 

remodeling enzymes and PARP dependent DNA repair proteins. Repaired DNA can 

undergo replication leading to cell survival. However, in the presence of a PARP 

inhibitor (Figure 1.11), PARP dependent repair system is not activated causing 

replication fork stalling during DNA replication. Stalled replication fork collapses 

creating double strand break (DSB). However, DSB can be repaired by homologous 

recombination and replication may restart leading to cell survival. But in BRCA-deficient 

cells, homologous recombination is impaired, thus DSB cannot be efficiently repaired 

leading to cell death (Livraghi L et al., 2015). Thus, in BRCA-deficient cells, PARP 

inhibitors may be clinically active as a monotherapy. Elevated levels of PARP in cancer 

cells compared to normal cells are recognized as one of the mechanisms by which tumor 

cells avoid apoptosis caused by DNA damaging agents (Murcia JMD et al., 1997). 

Therefore, inhibition of DNA repair by small-molecule PARP inhibitors potentiates DNA 

damage caused by cytotoxic chemotherapies and radiation therapy (Sandhu SK et al., 
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2010). Thus, PARP inhibitors are being investigated as both single agents and in 

combination. 

 

1.5.1.3  Clinical trial data utilized for veliparib project 

For the first research project, data was obtained from a phase I trial in patients with 

hematological malignancies where veliparib was administered with topotecan plus 

carboplatin (Pratz KW et al., 2017). The design of the trial in detail is described below. 

Trial design 

Eligibility criteria: Patients over 18 years with pathologically confirmed relapsed or 

refractory acute myeloid leukemia (AML), newly diagnosed aggressive MPN or 

aggressive chronic myelomonocytic leukemia (CMML) with an Eastern Cooperative 

Oncology Group (ECOG) status of 0-2 were eligible (n=99). There were 6, 38, 20, 25 and 

10 patients with no, 1, 2, 3 and 4 prior therapies, respectively. 

Treatment 

Veliparib was administered orally twice daily at a doses of 10 mg, 20 mg, 40 mg, 80 mg, 

90 mg and 100 mg. Topotecan and carboplatin were administered as continuous 

intravenous infusion over 120 hours on days 3-7. The doses of topotecan plus carboplatin 

were selected based on a trial conducted by Kaufmann et al (Kaufmann SH et al., 2005) 

and tolerated doses of topotecan and carboplatin in the current trial were 1.2 mg/m
2
/day 

and 150 mg/m
2
/day, respectively. The dosing schedule evaluated is summarized in Table 

1.4  (Pratz KW et al., 2017). The 80 mg dose was administered either for 8 days, 14 days 

or 21 days in each cycle (28 days). The plasma samples for measuring veliparib 
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concentrations were collected on day 1 (without topotecan plus carboplatin) and day 4 

(with topotecan plus carboplatin).  

Table 1.4: Veliparib plus topotecan plus carboplatin doses evaluated in the trial 

(Table adapted from Pratz KW et al., 2017) 

Dose 

level 

(mg) 

Veliparib dose Topotecan dose Carboplatin dose Number of 

patients 

10 10 mg for 8 days 
1.0 to 1.3 

mg/m
2
/day 

120-150 

mg/m
2
/day 

28 

20 20 mg for 8 days 
1.0 to 1.2 

mg/m
2
/day 

120-150 

mg/m
2
/day 

18 

40 40 mg for 8 days 1.2 mg/m
2
/day 150 mg/m

2
/day 6 

80 
80 mg for 8, 

14 or 21 days 
1.2 mg/m

2
/day 150 mg/m

2
/day 38 

90 90 mg for 8 days 1.2 mg/m
2
/day 150 mg/m

2
/day 5 

100 100 mg for 8 days 1.2 mg/m
2
/day 150 mg/m

2
/day 4 

 

The primary goal of the trial was to identify maximum tolerated dose and a 3+3 design 

was utilized. The maximum tolerated dose was determined as the dose level where 0/3 or 

1/6 patients experienced dose limiting toxicities. The toxicities were assessed using 

National Cancer Institute – Common Terminology Criteria for Adverse Events (NCI-

CTCAE) version 4. Grade 3 or higher mucositis was identified as the major dose limiting 

toxicity. 

The patients were assigned complete response (CR), complete response with incomplete 

recovery (CRi) and partial response (PR) and non-responders (NR) for efficacy 

assessment (Pratz KW et al., 2017). A bone marrow aspirate or biopsy was obtained to 

assess response at the time of hematological recovery or whenever leukemic growth 
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recurred. Hematologic recovery was defined as an absolute neutrophil count of ≥ 

500/mm
3
 and a transfusion-independent platelet count of ≥ 20,000/mm

3
.  

Trial Results 

The ORR defined as proportion of patients with CR, CRi or PR was 33%. Fourteen, 11 

and 8 patients achieved CR, CRi and PR, respectively. The ORR was 64% in patients 

with MPN. The maximum tolerated dose was 80 mg with topotecan (1.2 mg/m
2
/day) plus 

carboplatin (150 mg/m
2
/day) for up to 21 days. Mucositis was the dose limiting toxicity 

and was found to be linked to veliparib exposures.  

 

1.5.1.4 What do we know about pharmacokinetics of Veliparib? 

The PK of veliparib has been characterized in patients with solid tumors by Salem and Li 

et al (Salem AH et al., 2014; Li J et al., 2014). The estimated half-life of veliparib is 6 

hours. Veliparib is primarily excreted by kidneys as unchanged drug (70%) (Kummar S 

et al., 2009; Kikuchi R et al., 2013). The active tubular secretion mediated through 

organic cation transporters plays an important role in veliparib clearance along with 

glomerular filtration (Kikuchi R et al., 2013). CYP2D6 metabolism accounts for ~18 % 

of veliparib clearance with minor contributions from CYP1A2, 2C19 and 3A4 (Li J et al., 

2014). Veliparib is a weak P-glycoprotein (P-gp) substrate, showing no P-gp inhibition 

indicating low potential for clinically significant P-gp or CYP-450 mediated drug-drug 

interactions (Li X et al., 2011). Veliparib is 51% plasma protein bound (Salem AH et al., 

2014). Veliparib is converted to its metabolite which has five fold lower potency as 

compared to the parent (Li J et al., 2014; Penning TD et al., 2009). Linear PK is reported 

in patients with hematological malignancies (administered with temazoloamide) from a 
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dose of 20 mg to 200 mg BID (Gojo I et al., 2017) and in patients with BRCA mutated 

solid tumors (as single agent) from 50 mg to 500 mg BID (manuscript under preparation). 

 

1.5.1.5 Information on topotecan & carboplatin 

Topotecan (Hycamtin®): is approved for metastatic carcinoma of the ovary after 

disease progression on or after initial or subsequent chemotherapy, small cell lung cancer 

after failure of first line and combination therapy with cisplatin for stage IV carcinoma of 

cervix (Topotecan label, 2016). Topotecan binds to the topoisomerase I-DNA complex 

and prevents relegation of single strand breaks. The cytotoxicity of topotecan is due to 

double strand DNA damage produced during DNA synthesis. The dose of topotecan 

ranges from 0.75 mg/m
2
 to 1.5 mg/m

2 
administered as 30 minutes intravenous infusion 

(Topotecan label, 2016). Topotecan is also primarily excreted through urine in humans 

with approximately 49% of the dose recovered as total topotecan (topotecan lactone plus 

topotecan hydroxyl acid form) (Matsumoto S et al., 2007).  

Carboplatin (Paraplatin®): is indicated for initial treatment of advanced ovarian 

carcinoma in combination with cisplatin or cyclophosphamide and as palliative treatment 

in patients with ovarian carcinoma recurrent after prior chemotherapy (Carboplatin label, 

2016). Carboplatin undergoes activation inside cells and forms reactive platinum 

complexes that cause the intra- and inter-strand cross-linkage of DNA molecules within 

the cell. This modifies the DNA structure and inhibits DNA synthesis. The dose of 

carboplatin ranges from 360 mg/m
2
 intravenously as single agent to 300 mg/m

2
 in 

combination with cyclophosphamide (Carboplatin label, 2016). Carboplatin is excreted 

almost exclusively through the kidneys. The total body clearance of ultra-filterable 
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platinum and that of the parent carboplatin molecule are roughly equivalent and correlate 

linearly with glomerular filtration rate (Alberts D et al., 1998; Calvert AH et al., 1989).  

 

1.5.2 CIPN project 

Chemotherapy induced peripheral neuropathy is a dose limiting toxicity caused by 

platinum drugs, vinca alkaloids, bortezomib and taxanes (among others) that impairs the 

quality of life and/or functional status of cancer patients (Schloss JM et al., 2013; Mantyh 

PW et al., 2006). The aggregate prevalence of CIPN is 48% based on a recent meta-

analysis of 31 CIPN studies involving 4179 patients. CIPN prevalence was 68.1% (57.7–

78.4) within the first month after the end of chemotherapy (Seretny M et al., 2014).  

 

1.5.2.1 Current management of CIPN 

There are limited options for the prevention or management of CIPN. Many agents have 

been studied to prevent CIPN but none have been found to be effective and therefore the 

ASCO does not recommend their use for prevention of CIPN (Hershman DL et al., 

2014). With regards to the treatment of CIPN after the completion of chemotherapy, the 

best available data supports a moderate recommendation for treatment with duloxetine 

based on prospective randomized trial showing a modest improvement in pain severity 

caused by oxaliplatin (Hershman DL et al., 2014; Smith EML et al., 2013). ASCO 

recommends that clinicians should not offer acetyl-L-carnitine, amifosine, amitriptyline, 

nimodipine, vitamin E, carbamazepine, glutamate, oxycarbazepine etc. for prevention of 

CIPN (Hershman DL et al., 2014). In addition, ASCO made no recommendations for 

acetyl-L-carnitine, tri cyclic antidepressants such as norttiptyline or desipramine, 
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gabapentin and topical gel treatment with baclofen, amitriptyline hydrochloride and 

ketamine in treatment of CIPN (Hershman DL et al., 2014). Based on our interaction with 

the clinical oncologists, it appears that the CIPN is currently managed by dose 

modifications (dose reductions and dose delays) and/or discontinuation of the 

chemotherapeutic agent that are conducted at the discretion of the treating oncologist. 

 

1.5.2.2 Assessment of CIPN 

CIPN is measured using either objective measure such as clinical or neurophysiological 

examination or subjective measures such as NCI-CTCAE grading and patient reported 

outcomes (Trivedi MS et al., 2015). In NCI-CTCAE, the physician assigns grade to 

patient’s peripheral neuropathy on a scale of 1-5 (Common Terminology Criteria for 

Adverse Events v4.0). The NCI-CTCAE grading is described in Table 1.5. It has been 

reported in literature that NCI-CTCAE has substantial inter-observer disagreement and 

may lead to under or over prediction of CIPN (Trivedi MS et al., 2015; Cleeland C et al., 

2010; Cavaletti G et al., 2010a).  

Table 1.5: NCI-CTCAE grading description for peripheral neuropathy 

Grade of peripheral 

sensory neuropathy 

Description 

1 Asymptomatic; loss of deep tendon reflexes or paresthesia 

2 Moderate symptoms; limiting instrumental ADL* 

3 Severe symptoms; limiting self-care ADL 

4 Life-threatening consequences; urgent intervention 

indicated 

5 Death 

*Activities of Daily Living (ADL) 

Instrumental ADL refer to preparing meals, shopping for groceries or clothes, using the 

telephone, managing money, etc. 

Self-care ADL refer to bathing, dressing and undressing, feeding self, using the toilet, 

taking medications, and not bedridden. 
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Several patient reported outcomes such as European Organization for Research and 

Treatment of Cancer (EORTC) Quality of Life Questionnaire 20 (QLQ-CIPN20) module 

and Functional assessment of Cancer Therapy/Gynecology Oncology Group-

Neurotoxicity questionnaire (FACT/GOG-NTX) evaluate severity of CIPN (Trivedi MS 

et al., 2015).  QLQ-CIPN20 is a subjective assessment of CIPN by patient which includes 

9 sensory questions, 8 questions related to motor and 3 questions related to autonomic 

symptoms and functioning (Postma TJ et al., 2005). FACT/GOG-NTX is a validated 

instrument to measure CIPN and includes 11 items related to sensory neuropathy, motor 

neuropathy, hearing neuropathy and dysfunction associated with neuropathy (Huang HQ 

et al., 2007; Cella D et al., 2003). Furthermore, there are composite scales such as Total 

Neuropathy Score (TNS) which includes subjective measure of sensory, motor and 

autonomic neuropathy and objective measures such as tendon reflexes, pin sensibility and 

other invasive objective measures (Cavaletti G et al., 2003). TNS was shown to be more 

sensitive than NCI-CTCAE in assessment of CIPN as demonstrated by Calvetti et al 

(Cavaletti G et al., 2007) but it is challenging to incorporate in a clinical trial and 

standardize across multiple centers (Trivedi MS et al., 2015). A recent review of different 

instruments for assessing CIPN reported that there is no consensus on the most 

appropriate patient self-reported scale for general oncology population (Curcio KR, 

2015). FACT/GOG-NTX was the patient reported outcome (PRO) that was used in the 

CALGB-40502 trial and the components are described in Table 1.6 (Huang HQ et al., 

2007). 
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Table 1.6: FACT/GOG-NTX items for peripheral neuropathy 

FACT/GOG-NTX 

Items 

Description 

Sensory I have numbness or tingling in my hands 

I have numbness or tingling in my feet 

I feel discomfort in my hands 

I feel discomfort in my feet 

Hearing I have trouble hearing 

I get ringing or buzzing in my ears 

Motor I have joint pain or muscle cramps 

I feel weak all over 

I have trouble walking 

Dysfunction I have trouble buttoning buttons 

I have trouble feeling the shape of small objects when 

they are in my hand 

Each question can be answered from 0 (not at all) to 4 (very much) 

 

1.5.2.3 Clinical trial data utilized for CIPN project 

The data for the second research project was obtained from a randomized, phase III trial 

(CALGB (Cancer and Leukemia Group B)-40502), that evaluated the efficacy and safety 

of paclitaxel, nab-paclitaxel or ixabepilone with or without bevacizumab as first line 

therapy for locally recurrent or metastatic breast cancer patients. In this section, we 

provide a brief overview of the trial design and the efficacy and safety results (Rugo HS 

et al., 2015).  

Trial design 

Eligibility criteria 

Patients age ≥ 18 years with stage IV or Stage IIIC disease (n=799), not amenable to 

local therapy, ECOG performance status was 0 to 1 and life expectancy ≥ 12 weeks were 

included in the trial. No prior chemotherapy for metastatic disease or prior treatment with 
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bevacizumab; any number of prior therapies were allowed. Prior taxane therapy in the 

adjuvant/neoadjuvant setting was allowed if metastatic disease occurred ≥ 12 months 

after the last dose of taxane. Patients with human epidermal growth factor receptor 2–

positive (HER2-positive) disease were eligible if they had previously received 

trastuzumab or lapatinib. Exclusion criteria included grade ≥2 pre-existing peripheral 

neuropathy, prior grade ≥3 hypersensitivity to paclitaxel or Cremophor EL. 

Doses studied, dose reductions and dose discontinuations  

The patients were randomized to either paclitaxel (90 mg/m
2
 administered on day 1, 8 

and 15 of 28 days cycle), nab-paclitaxel (150 mg/m
2
 administered on day 1, 8 and 15 of 

28 days cycle) or ixabepilone (16 mg/m
2
 administered on day 1, 8 and 15 of 28 days 

cycle) with or without bevacizumab (10 mg/kg on day 1 and 15 of each cycle). Ninety 

seven percent of the patients were on bevacizumab in the trial.  

As reported by Rugo et al, there were significant dose reductions in nab-paclitaxel group 

with 31% of the patients dose reduced by cycle 3 and 45% of the patients were dose 

reduced by cycle 3. Only 28% of the patients on nab-paclitaxel were receiving full dose 

at cycle 5 as compared to 76% and 65% on paclitaxel and ixabepilone, respectively.  

Dose discontinuations were frequent in nab-paclitaxel and ixabepilone arms as compared 

to paclitaxel. Twenty nine percent (29%) of patients on paclitaxel had discontinued by 

cycle 5 as compared to 49% on nab-paclitaxel and 50% on ixabepilone. 

Primary efficacy endpoint 

The primary efficacy endpoint of the trial was progression free survival defined as the 

time from date of registration until date of first disease progression or death due to any 
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cause. The secondary objectives were overall survival (12 month rate of progression), 

objective response rate, duration of response and time to treatment failure. Adverse 

events assessment included a comparison of grade >2 sensory neuropathy evaluated using 

CTCAE v4.0. 

Comparison of efficacy between paclitaxel, nab-paclitaxel and ixabepilone 

The median progression free survival was 11 months, 9.3 months and 7.4 months for 

paclitaxel, nab-paclitaxel and ixabepilone, respectively while the median overall survival 

was 26.5 months, 23.5 months and 23.6 months for paclitaxel, nab-paclitaxel and 

ixabepilone, respectively. The objective response rate was 38%, 34% and 27% for 

paclitaxel, nab-paclitaxel and ixabepilone, respectively.  

Comparison of peripheral neuropathy rates between paclitaxel, nab-paclitaxel and 

ixabepilone 

The incidence of grade ≥2 sensory neuropathy was 46%, 54% and 47% for paclitaxel, 

nab-paclitaxel and ixabepilone, respectively. The grade ≥3 sensory neuropathy rates were 

18%, 27% and 25% for paclitaxel, nab-paclitaxel and ixabepilone, respectively. 

 

1.5.2.4 Mechanism of occurrence of CIPN by paclitaxel, nab-paclitaxel and 

ixabepilone 

Though the exact mechanism of occurrence of CIPN is not clearly understood, some of 

the postulated pathways for the occurrence of CIPN are described. The microtubule based 

therapies induced CIPN involves distal axons (axonopathy), neuron cell bodies with 

ganglia (ganglionopathy) and myelin sheath (myelinopathy) damage (Carlson K et al., 

2011). Based on a review by Han et al, effect of cancer chemotherapy on multiple 
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components of peripheral nervous system including axons and cell bodies of dorsal root 

gangalia neurons cause terminal arbor degeneration, mitochondrial dysfunction, 

mitotoxicity and oxidative stress. These are some of the postulated pathways for the 

development of CIPN. Mitochondrial dysfunction and terminal arbor degeneration appear 

to be important pathobiological features of CIPN that are correlated directly with pain 

behaviors in rodent models (Han Y et al., 2013).  

Since the CIPN research project deals with assessment of dose-CIPN relationship of 

paclitaxel, nab-paclitaxel and ixabepilone for metastatic breast cancer, a brief background 

on breast cancer, indications, dosing and administration and peripheral neuropathy rates 

for paclitaxel, nab-paclitaxel and ixabepilone are included to provide context to the 

project. The CALGB-40502 trial utilized a weekly dosing regimen that is not approved 

for any of the three drugs, the reason behind evaluation of the weekly dosing regimen and 

the peripheral neuropathy rate comparison of the approved every three week dosing 

regimen to the weekly regimen is also provided for reference. 

 

1.5.2.5 Indications, approved doses, efficacy and safety (peripheral 

neuropathy) for paclitaxel, nab-paclitaxel and ixabepilone 

 

Paclitaxel (Taxol®) 

Indication and Dosage & Administration 

 Paclitaxel is approved for the following indications (Paclitaxel label, 2016)  

 As subsequent therapy for the treatment of advanced carcinoma of the ovary. 

 As adjuvant treatment of node-positive breast cancer. 
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 For the treatment of breast cancer after failure of combination chemotherapy for 

metastatic disease or relapse within 6 months of adjuvant chemotherapy. 

 As first line therapy for non-small cell lung cancer in patients who are not the 

candidates for surgery/radiation therapy. 

 As second line treatment of AIDS-related Kaposi’s sarcoma. 

The approved dose for node positive breast cancer and failure of initial chemotherapy for 

metastatic disease or relapse within 6 months of adjuvant therapy is 175 mg/m
2
 

administered intravenously over 3 hours every 3 weeks (Paclitaxel label, 2016).  

Breast Cancer: Clinical trials supporting label approved dose  

Adjuvant therapy: A multicenter trial randomized 3170 lymph node positive patients to 

adjuvant therapy with paclitaxel following four courses of doxorubicin and 

cyclophosphamide (AC) or to no further chemotherapy following four courses of AC. 

The dose of cyclophosphamide was 600 mg/m
2
 and doxorubicin was 60 mg/m

2
, 75 

mg/m
2
 or 90 mg/m

2
. The paclitaxel dose in the trial was 175 mg/m

2 
as 3 hour infusion 

every three weeks for 4 courses. For the disease free survival endpoint, the patients on 

paclitaxel plus AC had 22% reduction in risk of disease recurrence as compared to 

patients randomized on AC alone (p =0.0022). For overall survival endpoint, the risk of 

death decreased by 26% (p= 0.0065). The label indicates that the rates of grade ≥ 3 

neurosensory toxicity were < 1% and 3% for the control and treatment arm, respectively. 

After failure of initial chemotherapy: Patients who were previously treated with one or 

two regimens of chemotherapy were randomized to 175 mg/m
2
 or 135 mg/m

2
 of 

paclitaxel administered as a 3 hour infusion. The objective response rate was 29% versus 



  

 

67 

 

22% (p= 0.108); median time to disease progression (4.2 versus 3.0 months) and median 

survival time was 11.7 months versus 10.5 months (p=0.321) for the 175 mg/m
2
 versus 

135 mg/m
2
. The incidence of any peripheral neuropathy (any WHO grade) was high and 

dose dependent with 46% and 70% for 135 mg/m
2
 and 175 mg/m

2
, respectively.  Seven 

percent and 3% of the patients on 175 mg/m
2
 and 135 mg/m

2
, respectively had grade ≥ 3 

peripheral neuropathy (Paclitaxel label, 2016; Nabholtz  JM et al., 1996).  

Comparison of efficacy and neuropathy rate of weekly to every three week 

paclitaxel regimen  

A phase III clinical trial reported by Seidman et al showed that weekly paclitaxel is more 

effective as compared to every 3-week administration in metastatic breast cancer patients 

(up to one line of prior chemotherapy for locally advanced or metastatic disease patients) 

(Seidman AD et al., 2008). Paclitaxel was administered at a dose of 80 mg/m
2
 as weekly 

regimen and as 175 mg/m
2
 every 3 week regimen. The first 6 infusions were dosed at 100 

mg/m
2
 followed by 80 mg/m

2
 due to 30% incidence of grade 3 peripheral neuropathy at 

100 mg/m
2
 dose.  The responder rate was 42% versus 29% (p =0.0004), time to 

progression was 9 months versus 5 months (p<0.001) and survival was 24 months versus 

12 months (p=0.0092) for weekly regimen versus every three week regimen in all 

patients. All patients included both human epidermal growth factor receptor-2 (HER2) 

positive and negative. HER2 positive patients were administered trastuzumab while 

HER2 negative patients were randomized to with and without trastuzumab in both 

paclitaxel regimen arms. No effect of trastuzumab was found in HER2 negative patients. 

Consistent with the response rate in all patients, the objective response rate was 42% 

versus 24% for weekly versus three week dosing for HER2 negative patients. The grade 3 
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peripheral neuropathy was 24% for weekly dosing as compared to 12% for every three 

week regimen (p=0.0003). 

 

Selection of 90 mg/m
2
 weekly paclitaxel regimen for the CALGB-40502 trial  

The selection of dose for the current trial was based on an open label, phase 3 trial 

(ECOG 2100) that compared paclitaxel to paclitaxel plus bevacizumab in patients with 

metastatic breast cancer if they haven’t received prior cytotoxic therapy (Rugo HS et al., 

2015; Miller K et al., 2007). Paclitaxel was administered at a dose of 90 mg/m
2
 on days 

1, 8 and 15 every 4 weeks. Bevacizumab was administered at 10 mg/kg on days 1 and 15. 

The primary end point was progression free survival; overall survival was the secondary 

endpoint.  

The median progression free survival was 11.8 months versus 5.9 months (P<0.001) and 

objective response rate was 36.9% versus 21.2% (P<0.001) for paclitaxel plus 

bevacizumab versus paclitaxel only. The overall survival rate, however, was similar in 

the two groups (median, 26.7 months versus. 25.2 months; hazard ratio, 0.88; P = 0.16). 

Grade 3 or 4 neuropathy was 23.6% versus 17.6% for paclitaxel plus bevacizumab versus 

paclitaxel alone, respectively. 

Paclitaxel formulation and role of cremophore EL 

Paclitaxel is obtained as a natural product from Taxus media and is poorly soluble in 

water. Thus, paclitaxel is formulated in organic solvents such as  polyoxyethylated castor 

oil (cremophore EL) and dehydrated ethanol (Paclitaxel label, 2016). Cremophore EL is 
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associated with hypersensitivity. Axonal degeneration and demyelination that are caused 

by paclitaxel are also caused by cremophore EL (Gelderblom H et al., 2001).  

 

Nab-paclitaxel (Abraxane®) 

How is nab-paclitaxel different from paclitaxel? 

Nab-paclitaxel is an albumin bound form of paclitaxel in form of nanoparticles without 

cremophore EL (ABI 007, 2004). There are several advantages of this formulation over 

standard paclitaxel injection. First, the aqueous solubility of nab-paclitaxel is enhanced 

obviating the need of any solvent. Lack of use of cremophore EL implies minimal risk of   

hypersensitivity with abraxane. Second, since nanoparticles are small in size, they have 

enhanced permeability leading to preferential delivery to the tumors. Third, the 

nanoparticle technique can reduce the side-effects of the drug. Better efficacy and 

reduced toxicity (neutropenia) resulted in higher maximum tolerated dose of nab-

paclitaxel as compared to paclitaxel (Ma P et al., 2013).  

Indication and Dosage & Administration 

Nab-Paclitaxel is approved for the following indications (Nab-paclitaxel label, 2016)  

 Metastatic breast cancer, after failure of combination chemotherapy for metastatic 

disease or relapse within 6 months of adjuvant chemotherapy. Prior therapy 

should have included an anthracycline unless clinically contraindicated.  

 Locally advanced or metastatic non-small cell lung cancer, as first-line treatment 

in combination with carboplatin, in patients who are not candidates for curative 

surgery or radiation therapy.  
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 Metastatic adenocarcinoma of the pancreas as first-line treatment, in combination 

with gemcitabine.  

The approved dosing regimen of nab-paclitaxel for breast cancer is 260 mg/m
2
 

intravenously over 30 minutes every three weeks.  

Clinical trial supporting label approved dose 

The approval for nab-paclitaxel for metastatic breast cancer was based on two single arm 

open label studies with 106 patients and a randomized comparative study with 460 

patients. In the randomized multicenter trial, patients were randomized to receive nab-

paclitaxel at a dose of 260 mg/m
2
 given as 30 minute infusion or labeled dose of 

paclitaxel (175 mg/m
2
 as 3 hour infusion). The objective response rate was 21.5% for 

nab-paclitaxel compared to 11.1 % for paclitaxel. There was no statistically significant 

difference in overall survival between the two arms (Nab-paclitaxel label, 2016). As 

reported by Gradishar et al, there was a trend of longer overall survival for nab-paclitaxel 

versus paclitaxel (65 weeks versus 55.7 weeks). Grade 3 sensory neuropathy was more 

common for nab-paclitaxel as compared to paclitaxel (10% versus 2%) (Gradishar WJ et 

al., 2005).  

Comparison of efficacy and neuropathy rate of weekly and every three week nab-

paclitaxel regimen  

Patients with metastatic breast cancer were randomized to receive nab-paclitaxel A) 300 

mg/m
2 

every three weeks, B) 100 mg/m
2
 every week and 1 week off in a  4 week cycle; 

C) 150 mg/m
2
 every week and 1 week off in a 4 week cycle and D) docetaxel at 100 

mg/m
2
 every three weeks (Gradishar WJ et al., 2008). The response rates were 43%, 
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62%, 70% and 38% for arms A, B, C and D, respectively (borrowed from CALGB40502 

protocol). The weekly nab-paclitaxel regimen (arm B and C) had higher ORR as 

compared to every three week regimen. Furthermore, with increase in nab-paclitaxel dose 

from 100 mg/m
2
 to 150 mg/m

2
, objective response rate increased from 63% to 74%.  

Grade 3 peripheral neuropathy was 17% 9%, 16% and 11% for A, B, C and D arms, 

respectively.  

 

Selection of 150 mg/m
2
 weekly nab-paclitaxel regimen for the CALGB-40502 trial  

The 150 mg/m
2
 weekly with 1 week off nab-paclitaxel regimen was found to be 

efficacious in a trial reported by Gradishar et al (Gradishar WJ et al., 2008).  In addition, 

given the apparent improvement in efficacy with modest increase in toxicity with weekly 

nab-paclitaxel at a dose of 150 mg/m
2
 compared to every three week standard dosing of 

docetaxel in the above trial, the rationale was that nab-paclitaxel may demonstrate 

increased efficacy compared to paclitaxel using the known maximum tolerated dose for 

each drug given on a weekly schedule (borrowed from CALGB40502 protocol). Thus, 

150 mg/m
2
 weekly nab-paclitaxel was evaluated in the CALGB-40502 trial. 

 

Ixabepilone (Ixempra®) 

Indication and Dosage & Administration  

Ixabepilone is approved for the following indications (Ixabepilone label, 2016)  

 in combination with capecitabine for the treatment of metastatic or locally 

advanced breast cancer in patients after failure of an anthracycline and a taxane.  
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 as monotherapy for the treatment of metastatic or locally advanced breast cancer 

in patients after failure of an anthracycline, a taxane, and capecitabine.  

The recommended dose of ixabepilone for breast cancer is 40 mg/m
2
 infused 

intravenously over 3 hours every 3 weeks.  

Clinical trial supporting label approved dose 

As monotherapy: Ixabepilone was evaluated as a single agent in a multicenter single arm 

study of 126 women with metatstatic or locally advanced breast cancer. The tumors 

recurred or had progressed following two or more chemotherapy regimens including 

anthracycline, taxane and capacitabine. Ixabepilone was administered at the dose of 40 

mg/m
2
 over 3 hours every three weeks. Objective response rate was 12.4%, median time 

to response was 6.1 weeks and median duration of response was 6.0 months (Ixabepilone 

label, 2016).  

As combination therapy: The efficacy and safety of ixabepilone in combination with 

capecitabine was evaluated in a multicenter, open label, randomized trial of 752 patients 

with metastatic or locally advanced breast cancer. Ixabepilone (40 mg/m
2 

every three 

weeks) was administered in combination with capacitabine (at 1000 mg/m
2 

twice daily 

for 2 weeks followed by 1 week rest) versus capacitabine as monotherapy (at 1200 mg/m
2
 

twice daily for 2 weeks followed by 1 week rest). Patients were previously treated with 

anthracycline and taxanes and demonstrated tumor progression or resistance to taxane 

and anthracyclines. The primary endpoint was progression free survival. The progression 

free survival was 5.7 months for combination therapy as compared to 4.1 months for the 

capacitabine monotherapy arm (<0.0001). The objective response rate was 34.7% versus 

14.3% for the combination and capacitabine monotherapy, respectively (<0.0001). The 
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overall survival was 12.9 months in the combination therapy versus 11.1 months in 

capacitabine alone. However, the overall survival was not statistically different between 

the two arms (0.19) (Ixabepilone label, 2016).  

Comparison of efficacy and neuropathy rate of weekly to every three week 

ixabepilone regimen 

A phase II trial conducted by Fountzilas et al reported efficacy and safety of weekly 

ixabepilone (20 mg/m
2
 administered on days 1, 8 and 15 every 4 weeks, group A)  to 

every three weeks (40 mg/m
2
 every 3 weeks, group B) in HER2 negative metastatic 

breast cancer patients previously treated with adjuvant chemotherapy (Fountzilas G et al., 

2013). The objective response rate (primary endpoint) was 50% and 47% for group A and 

B. The median progression free survival was 12 months versus 9 months for group A and 

B. The sensory neuropathy rate was higher for weekly regimen as compared to every 

three week regimen (27% versus 12%). Median survival was 26 months for group B but 

could not be estimated for group A. Another phase II multicenter trial (Smith II et al) 

reported efficacy and safety of weekly ixabepilone 16 mg/m
2
 as 1 hour infusion 

administered on days 1, 8 and 15 every 4 weeks, Group A) versus standard 3 weekly (40 

mg/m
2
 as 3 hour infusion every 3 weeks, Group B) dosing regimen in patients with HER2 

negative metastatic breast cancer (Smith JW et al., 2013). The primary end point was 

progression free survival at 6 months. The progression free survival was higher in 

patients in group B as compared to group A (42.7 weeks versus 28.6 weeks). In addition, 

the objective response rate was 13.5% with every 3 week regimen as compared to 7.6% 

with weekly ixabepilone. Grade 3 and 4 toxicities were higher in every 3 week dosing as 

compared to weekly dosing (38.2% versus 6.1%). All grade peripheral neuropathy 
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occurred in 31.7% of patients in the weekly treatment arm and in 42.7% of those in the 

every 3 week dosing schedule.  Grade 3 or 4 treatment related peripheral neuropathy 

occurred in 8.5% and 15.7% of patients in the weekly and every 3 week treatment arms, 

respectively. 

Selection of 16 mg/m
2
 weekly regimen for the CALGB-40502 trial  

The trials reported in the section above were published in 2013 while the protocol for 

CALGB-40502 trial was approved in 2008-2009. Therefore, the information as described 

above was not utilized in the selection of 16 mg/m
2
 weekly dosing regimen for the 

CALGB-40502 trial. The 16 mg/m
2
 weekly regimen was selected based on efficacy and 

safety experience with 15-25 mg/m
2
 weekly dosing regimen across various types of 

cancers (borrowed from CALGB40502 protocol) (Kang P et al., 2010; Liu G et al., 2012; 

Burtness B et al., 2008). In addition, higher rate of sensory neuropathy was observed in 

combination of paclitaxel with bevacizumab in ECOG 2100 trial (Miller K et al., 2007). 

Therefore, in the CALGB-40502 trial which utilizes bevacizumab as background therapy, 

the ixabepilone dose in the trial was 16 mg/m
2
 weekly for 3 weeks every 28 days that is 

similar to approved dose of ixabepilone (40 mg/m
2
 every three weeks) (borrowed from 

CALGB40502 protocol). 
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Chapter 2 : Population Pharmacokinetics of Veliparib with and without Topotecan 

plus Carboplatin in Patients with Hematological Malignancies 
1
 

2.1 Summary 

Background: Veliparib is an orally available small molecule of poly (ADP-ribose) 

polymerase enzyme inhibitor that is being evaluated for solid tumors and hematological 

malignancies as a single agent and in combination with DNA damaging agents. The main 

objective of the analyses was to evaluate the effect of intrinsic and extrinsic factors on 

pharmacokinetics of veliparib in patients with hematological malignancies, and to 

determine the need of dose adjustment or lack thereof due to these factors. Another 

objective was to compare the concentration of veliparib in various biological matrices to 

justify the choice of systemic exposures for conducting exposure-response analysis for 

efficacy and safety. 

Methods: A population pharmacokinetic model was developed and effect of covariates 

such as body weight, body mass index, body surface area, lean body mass, age, sex, 

creatinine clearance and co-administration of topotecan plus carboplatin on the 

pharmacokinetics of veliparib were evaluated. The final model was qualified using 

bootstrap and quantitative predictive check. Linear regression was conducted to correlate 

concentrations of veliparib in various biological matrices. Population PK model was 

developed using Phoenix NLME 1.4 and plotting was done using R v3.1.1. 

1 
Content of the chapter adapted from Shailly Mehrotra, Mathangi Gopalakrishnan, Jogarao Gobburu, 

Jacqueline M. Greer, Richard Piekarz, Judith E. Karp, Keith Pratz, Michelle A. Rudek. Population 
pharmacokinetics and site of action exposures of veliparib with topotecan plus carboplatin in 
patients with hematological malignancies. British Journal of Clinical Pharmacology. DOI: 
10.1111/bcp.13253,2017 

https://www.ncbi.nlm.nih.gov/pubmed/?cmd=historysearch&querykey=1
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Results: A two compartment model with first order absorption with lag time described 

the pharmacokinetics of veliparib. CL/F and Vc/F were 16.5 L/hr and 122.7 L, 

respectively. The concomitant administration of topotecan plus carboplatin was not found 

to affect CL/F of veliparib. Since 70% of the veliparib is renally eliminated, creatinine 

clearance was a significant covariate on CL/F. Also, since 64% of the population was 

overweight and veliparib is hydrophilic in nature, lean body mass as opposed to actual 

body weight explained inter-individual variability in Vc/F. Based on the relationship 

between creatinine clearance and CL/F, a patient with mild renal impairment (creatinine 

clearance = 75 mL/min) will have a 28% higher AUC relative to a patient with normal 

renal function (creatinine clearance=120 mL/min). A strong positive relationship was 

observed between veliparib concentrations in plasma and bone marrow supernatant, 

which supports the use of systemic exposure for exposure-response analysis. No 

correlation in exposures was observed between plasma and peripheral blood blasts or 

bone marrow blasts. 

 

Conclusions: Consistent with the physiochemical properties of veliparib and its 

elimination mechanism, lean body mass and creatinine clearance were found to affect 

Vc/F and CL/F, respectively. In addition, concomitant administration of topotecan plus 

carboplatin did not affect CL/F of veliparib. Plasma concentrations were found to be 

reasonable surrogate for veliparib concentrations in bone marrow supernatant but not 

blasts. The current model will be utilized to obtain individual exposures and conduct 

exposure-response analysis for efficacy and safety to support dosing recommendations of 

veliparib for the proof of concept trial.  
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2.2 Introduction 

Poly (ADP-ribose), or PAR, has been implicated in many cellular processes including 

replication, transcription, differentiation, gene regulation, protein degradation, and 

spindle maintenance. The polymerization and recruitment of PAR to sites of DNA 

damage is catalyzed by the poly (ADP-ribose) polymerase (PARP) family of nuclear 

enzymes, in particular PARP-1 and PARP-2, which are activated by both single and 

double strand DNA breaks and are essential to repair damage via base excision repair 

pathways (Rouleau M et al., 2010; Schreiber V et al., 2002). Overexpression of PARP-1 

has been detected in a broad spectrum of human hematopoietic and epithelial 

malignancies (Berger NA et al., 1978; Hirai K et al., 1983; Shiobara M et al., 2001). 

Inhibition of this repair process could serve to sensitize cells to DNA damaging 

chemotherapy and radiation therapy (Annunziata CM et al., 2010; Ashworth A, 2008). 

PARP inhibitors may have a special role in the treatment of BRCA-deficient 

malignancies, as single agents and in combination with cytotoxic agents (Ashworth A, 

2008; Albert JM et al., 2007).  

Veliparib is an orally available, small molecule PARP inhibitor that has been found to 

enhance the cytotoxicity of diverse classes of DNA damaging agents, including 

topotecan, cisplatin, carboplatin, cyclophosphamide, irinotecan and temozolomide 

(Albert JM et al., 2007; Donawho CK et al., 2007; Horton TM et al., 2009; Palma JP et 

al., 2009). Efficacy and safety data from phase I and II trials demonstrated that PARP 

inhibitors such as olaparib and veliparib in combination with cytotoxic agents were well 

tolerated and demonstrated antitumor activity (Penning TD, 2010).  



  

 

94 

 

A previous clinical trial of topotecan plus carboplatin yielded promising results in adults 

with relapsed and refractory acute leukemia (Kaufmann SH et al., 2005). The complete 

remission rate was 16% and 33% at the highest three dose levels. Building on the results 

of this trial, a phase I dose escalation trial of veliparib administered twice daily on days 

1-8 with topotecan plus carboplatin administered from day 3-7 was conducted in patients 

with relapsed or refractory leukemias (Pratz KW et al., 2017). The data from this phase I 

dose escalation trial were utilized for current population pharmacokinetic analysis. The 

pharmacokinetics of veliparib have been characterized in patients with solid tumors 

(Salem AH et al., 2014; Li J et al., 2014). The aim of current analysis was to 1) utilize 

population pharmacokinetic analysis to characterize and estimate the variability in the 

pharmacokinetics of veliparib in patients with hematological malignancies, 2) identify the 

baseline covariates that affect the pharmacokinetics of veliparib, 3) evaluate the effect of 

co-administration of topotecan plus carboplatin on pharmacokinetics of veliparib and 4) 

correlate veliparib concentrations in various biological matrices. 

 

2.3 Methods 

2.3.1 Data 

The pharmacokinetic data for the current analysis was obtained from a phase I dose 

escalation trial of veliparib conducted in patients with relapsed or refractory acute 

myeloid leukemia, prior chronic myelomonocytic leukemia or myeloproliferative 

neoplasms. The main objectives of this trial were to determine 1) maximum tolerated 

dose of veliparib in combination with topotecan plus carboplatin 2) pharmacokinetics of 

veliparib alone and in combination with topotecan plus carboplatin, 3) efficacy using 
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objective response rate and overall survival and 4) the feasibility, tolerability and 

toxicities of administering veliparib prior to and during therapy with topotecan plus 

carboplatin (Pratz KW et al., 2017). Veliparib was administered orally as twice a day 

regimen on days 1-8, 1-14 and 1-21 for a 28 day cycle. Topotecan (1.2 mg/m
2
/day) and 

carboplatin (150 mg/m
2
/day) were administered as 120 hours intravenous continuous 

infusion from days 3-7. The doses of veliparib studied in the trial were 10, 20, 40, 80, 90 

and 100 mg, administered twice daily. The plasma samples for measuring veliparib 

concentrations were collected on days 1 (without co-administration of topotecan plus 

carboplatin) and 4 (with co-administration of topotecan plus carboplatin) at pre-dose, 

0.25, 0.5, 1, 2, 4, 6, and 8 h after veliparib administration. The veliparib concentrations in 

plasma were quantified using LC/MS/MS bioanalytical method with a lower limit of 

quantification of 5 nM (1.2 ng/ml) (Reinhardt S et al., 2010). In addition to the plasma, 

veliparib concentrations were also measured in the following biological matrices: (a) 

peripheral blood (PB) blast, (b) PB blast supernatant, (c) bone marrow (BM) blast and (d) 

BM supernatant. These samples were collected 4 to 7 hours post-dose on day 1 and day 4. 

 

2.3.2 Exploratory Graphical Analysis 

Mean veliparib concentrations were plotted and compared between day 1 and day 4 for 

different dose levels. Prior to the compartmental modeling, non-compartmental analysis 

(NCA) was conducted to assess dose proportionality and compare the pharmacokinetic 

parameters between different dose groups and different days. Graphical exploration of the 

data was performed using R (version 3.1.1). 
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2.3.3 Population Pharmacokinetic Modeling  

Population modeling of day 1 and day 4 veliparib data was simultaneously performed 

using Phoenix NLME 1.4 (Pharsight a Certara
TM

 Company, Cary, NC) and first order 

conditional estimation- extended least squares methodology.  

 

2.3.3.1 Base Model 

One and two compartment models with varied absorption models and first order 

elimination were explored. Different absorption models such as first order absorption 

(with or without lag time (Tlag), zero-order absorption and complex absorption models 

(simultaneous zero and first order absorption) were explored. The pharmacokinetic 

parameters were assumed to be log normally distributed and between subject variability 

(BSV) was modeled using an exponential error model as described in equation 1. 

 

  𝑃𝑖 = 𝑡𝑣𝑃 ∙ 𝑒𝑥𝑝 (𝜂𝑖)                                              (1) 

where, Pi is the individual pharmacokinetic parameter, tvP is the population value of the 

pharmacokinetic parameter, and ηi is the difference between population and individual 

pharmacokinetic parameter; ηi is assumed to follow a normal distribution with a mean of 

0 and variance of ω
2
. Two residual error models were assessed: proportional and 

proportional plus additive (combined error model) as described in equation 2 and 3, 

respectively.  

  𝐶𝑜𝑏𝑠,𝑖,𝑗 =  𝐶𝑝𝑟𝑒𝑑,𝑖,𝑗 ∙ (1 +  𝜀𝑝,𝑖,𝑗)                           (2) 

  𝐶𝑜𝑏𝑠,𝑖,𝑗 =  𝐶𝑝𝑟𝑒𝑑,𝑖,𝑗 ∙ (1 +  𝜀𝑝,𝑖,𝑗) +  𝜀𝑎,𝑖,𝑗              (3) 
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where, Cobs,i,j and Cpred,i,j are the observed and predicted concentration, respectively in i
th

 

subject at j
th

 time. εa,i,j and εp,i,j are  the additive and proportional residual error, 

respectively in i
th 

subject at j
th

 time and are assumed to be distributed normally with a 

mean of 0 and variance of σ
2
. The inclusion of full covariance matrix between the 

random effects was based on the graphical exploration of relationship between the 

random effects on the pharmacokinetic parameters.  The adequacy of the base model was 

assessed using likelihood ratio test (LRT), precision of the parameter estimates, 

diagnostic plots and individual predictions.  

 

2.3.3.2 Covariate Model 

Once the base model was developed, covariate evaluation was performed by plotting the 

random effects of pharmacokinetic parameters from the base model against each 

covariate to evaluate trends. A definitive trend was considered an indicator for the 

covariate to be further evaluated.  The covariates evaluated include: total body weight, 

lean body mass, height, creatinine clearance, co-administration of topotecan plus 

carboplatin, age, sex, body surface area and body mass index. Creatinine clearance was 

calculated using Cockcroft-Gault equation as described in equation 4 (FDA Guidance for 

industry: Pharmacokinetics in patients with impaired renal function — study design, data 

analysis , and impact on dosing and labeling, 2010).  

 

𝐶𝑟𝐶𝐿 (𝑚𝐿 𝑚𝑖𝑛⁄ ) = 𝑆𝑒𝑥 ∙ ((
140 − 𝐴𝑔𝑒( 𝑦𝑒𝑎𝑟𝑠)

𝑆𝑒𝑟𝑢𝑚 𝑐𝑟𝑒𝑎𝑡𝑖𝑛𝑖𝑛𝑒 (𝑚𝑔 𝑑𝐿⁄ )
) ∙ (

𝑊𝑒𝑖𝑔ℎ𝑡 (𝑘𝑔)

72
)  (4)  

Sex is 0.85 for female  
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Lean body mass was computed using Boer’s formula as described by equations 5 and 6 

(Boer P, 1984). 

 𝐹𝑜𝑟 𝑀𝑒𝑛 ∶            𝑒𝐿𝐵𝑀 = 0.407 ∙ 𝑤𝑒𝑖𝑔ℎ𝑡 (𝑘𝑔) + 0.267 ∙ ℎ𝑒𝑖𝑔ℎ𝑡 (𝑐𝑚) − 19.5     (5) 

𝐹𝑜𝑟 𝑊𝑜𝑚𝑒𝑛 ∶   𝑒𝐿𝐵𝑀 = 0.252 ∙ 𝑤𝑒𝑖𝑔ℎ𝑡 (𝑘𝑔) + 0.473 ∙ ℎ𝑒𝑖𝑔ℎ𝑡 (𝑐𝑚) − 48.3      (6) 

The effect of continuous covariates on pharmacokinetic parameters was explored using 

the following structure (equation 7): 

                                       𝑃𝑖 = 𝑡𝑣𝑃 ∙ (
𝐶𝑂𝑉

𝑀𝑒𝑑𝑖𝑎𝑛 𝐶𝑂𝑉
)

𝜃

                                                     (7) 

 where, Pi is the pharmacokinetic parameter in an individual, tvP is the typical value of 

the pharmacokinetic parameter at median value of the covariate (median COV), COV is 

the covariate value in each subject and  θ is the power exponent for the covariate effect. 

The effect of categorical covariates was explored using the following relationship as 

described in equation 8. 

                                                        𝑃𝑖 = 𝑡𝑣𝑃 ∙ (1 + 𝜃 ∙ (𝐶𝐴𝑇𝐶𝑂𝑉))                             (8) 

where, tvP is the typical value of the pharmacokinetic parameter when CATCOV (binary 

categorical covariate) = 0 and θ is the proportional change in tvP when CATCOV=1.  

Covariate modeling was performed by stepwise forward addition followed by backward 

elimination using LRT. Covariate was included during forward addition if the objective 

function value (OFV) decreased by ≥ 3.84 (𝛼 = 0.05, 𝑑𝑓 = 1). During the backward 

deletion, the covariate was retained in the model if OFV increased by ≥ 6.64 units 
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(𝛼 = 0.01, 𝑑𝑓 = 1). Apart from statistical criteria, physiological relevance was 

considered as an important criterion for covariate selection. 

Once the final covariate model was developed, the effect of between occasion variability 

(BOV) on the pharmacokinetics of veliparib between day 1 and day 4 was explored. 

BOV was modeled as an exponential term added to the BSV using the following structure 

(equation 9). 

 

𝑃𝑖 = 𝑡𝑣𝑃 ∙ (
𝐶𝑂𝑉

𝑀𝑒𝑑𝑖𝑎𝑛 𝐶𝑂𝑉
)

𝜃

∙ exp(𝜂𝑃 +  𝜂𝑃𝑥 ∙ (𝑂𝐶𝐶 = 0) + 𝜂𝑃𝑥 ∙ (𝑂𝐶𝐶 = 1)) (9) 

  

where, ηP is the random variation in an individual i from the typical value of parameter P 

and ηPx is the random variability in an individual when occasion (OCC) is either 0 or 1. 

The ηP and ηPx were assumed to be normally distributed with a mean of 0 and a variance 

of ω
2
 and γ

2
, respectively. 

 

2.3.3.3 Final Model Qualification 

The final model qualification was performed considering the goodness of fit plots, 

precision of the parameter estimates, visual predictive check (VPC) and quantitative 

predictive check (QPC).  The goodness of fit plots were also stratified by doses to assess 

the performance of model across various dose groups. The precision of the final model 

parameters was obtained using 1) the asymptotic standard errors obtained during model 

estimation and 2) bootstrap with N=1000 runs. For conducting bootstrap, 1000 new 

datasets were created using resampling. Following which, model was fitted for each of 
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the 1000 datasets and parameters estimated. The median, 5
th

 and 95
th

 percentile of PK 

parameters were calculated based on the 1000 runs and compared with the PK parameters 

obtained with model estimation. Visual predictive check was conducted as follows: 200 

replicates with same design as the original trial were simulated using the mean and the 

variability estimates from the final model. The 5
th

, 50
th

 and 95
th

 percentiles of the 

observed and the simulated concentration versus time stratified by dose were then 

compared. 

The final model was also qualified using quantitative predictive check with Cmax and 

AUClast as the exposure metric (Jadhav PR et al., 2005). Since AUC and Cmax will be 

further used to elucidate exposure-response relationships for efficacy and safety, 

quantitative predictive check was performed for these metrics to qualify the model for its 

ability to adequately predict AUClast and Cmax. NCA was conducted for each of the 200 

replicates generated for the visual predictive check to obtain Cmax and AUClast at day 1 

and day 4. The 50
th

 percentile of Cmax and AUClast was calculated for each replicate 

stratified by dose group. The histogram of 50
th

 percentile of the simulated data was 

plotted and overlaid with the median of the observed data for each dose level for day 1 

and 4. An ideal quantitative predictive check plot is expected to have minimal bias 

between the observed and the predicted exposures. The percent prediction error (%PE) 

was calculated as described in equation 10. 

                              %𝑃𝐸 =
𝑃𝑅𝐸𝐷 − 𝑂𝐵𝑆

𝑂𝐵𝑆
∙ 100                       (10) 

where, PRED is the predicted median Cmax or AUClast in each of the 200 simulated 

datasets and OBS is the observed median Cmax or AUClast. The 5
th

, 50
th

 and 95
th

 percentile 
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of %PE were then calculated for the 10, 20 and 80 mg dose groups, since these doses had 

greater number of patients than other dose groups. 

 

2.3.3.4 Forest plot 

Once the final model was developed, forest plot was made to demonstrate the effect of 

covariates on steady state AUCtau (tau =dosing interval of 12 hours) of veliparib. Since 

calculation of creatinine clearance already includes weight, age and sex, the effect of 

covariates was explored on the other part of clearance (CLother defined later in results 

section). Covariate effect was estimated after including the covariate on CLother in the 

final model. Then, 200 replicates were simulated using the model parameters and 

variability at 80 mg dose until steady state. The distribution of the covariate was same as 

that in the observed data for each replicate. The AUCtau at steady state was computed for 

each subject. Then, the geometric mean AUCtau was computed for covariate values ≥ 

median and < median for each replicate. The ratio of the two AUCtau was calculated for 

each replicate to obtain 200 ratios. Finally, the 5
th

, 50
th

 and 95
th

 percentile of these ratios 

for each covariate were plotted to generate forest plot. 

 

2.3.3.5 Comparison of veliparib concentration in various biological matrices 

Plasma veliparib concentrations were compared to concentrations in various biological 

matrices by graphical analysis and linear regression. If the time of veliparib sample 

collection were different between plasma and biological matrices, population PK model 

was utilized to predict the plasma concentrations at the time of sample collection in the 

biological matrices. 
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2.4 Results 

2.4.1 Demographics & Exploratory analysis 

Table 2.1 shows the demographics of the patient population studied in the trial. A total of 

1249 plasma concentrations from 90 patients who were administered veliparib 10 to 100 

mg BID were available.  The mean age, weight, height, body surface area, body mass 

index and lean body mass were 57 years, 79 kg, 169.4 cm, 1.92 m
2
, 27.5 kg/m

2
 and 55.1 

kg, respectively. The creatinine clearance was capped to 120 mL/min which is 

physiologically relevant maximum value of creatinine clearance (N=21, 23% of patients 

had creatinine clearance > 120 mL/min). The serum creatinine levels were between 0.5- 

1.6 mg/dL with median serum creatinine of 0.9 mg/dL. The mean creatinine clearance 

was 92.1 mL/min that ranged from 55 mL/min to 120 mL/min. Majority of patients (7/8) 

with moderate renal impairment (30-60 mL/min) had creatinine clearance between 55 

mL/min to 60 mL/min and only one patient had creatinine clearance of 32.1 mL/min. 

Therefore, most of the patients in the study population either had mild renal impairment 

or normal renal function. The proportion of males and females in the trial was similar.  

Figure 2.1 shows the mean concentration time profile of veliparib on day 1 (without 

topotecan plus carboplatin) and day 4 (with topotecan plus carboplatin) at different doses. 

The observed mean concentrations at day 4 were higher as compared to day 1. The higher 

concentration could be due to accumulation as a result of multiple dosing and/or 

interaction with topotecan plus carboplatin.  

Based on the non-compartmental analysis results reported by Pratz et al (Pratz KW et al., 

2017), ~30% (AUCtau (multiple dose)/AUC0-inf (single dose)) increase in exposure at 

steady state for 10 mg and 80 mg dose groups was observed after accounting for 
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accumulation due to multiple dose administration. The 10 mg and 80 mg dose groups 

doses had greater number of patients than other dose groups. There was a 2-fold increase 

in AUC after multiple doses between 80 mg and 100 mg dose at steady state. On closer 

examination of the data for 3 subjects on 100 mg dose included in non-compartmental 

analysis, there was one outlier subject (ID 64) who had AUC0-inf of 1372 ng.hr/mL after 

single dose (similar to 40 mg dose) while AUCtau at steady state was 13943 ng.hr/mL 

(higher than the mean AUC at 100 mg dose) as shown in Figure 2.2. 
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 Table 2.1: Demographics of the study population 

 

 

 

 

 

 

 

 

 

 

 

 

 

The numbers represent mean ± standard deviation (range); *Creatinine clearance was capped at 120 

mL/min. 
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Excluding this subject resulted in mean AUCtau (multiple dose) of 6715 ng.hr/mL (n=2) 

after 100 mg dose. This resulted in 1.31 fold increase in AUC with increase in 1.25 fold 

increase in dose from 80 mg to 100 mg, at steady state. 

 

Figure 2.1: Mean concentration time profile of veliparib on day 1 (without 

topotecan plus carboplatin) and day 4 (with topotecan plus carboplatin) 

 

 

 

 

 

 

 

 

 

 

 
Solid black line represent concentrations at day 4 and dashed line represents concentrations at day 1, solid 

black circles and error bars denote  geometric mean and standard error, respectively. 
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Figure 2.2: Individual concentration time profiles at day 1 and day 4 for 4 patients 

on 100 mg dose 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Solid black line represents concentrations at day 4 and dashed line represents concentrations at day 1, 

respectively. 

 

Furthermore, the slope of veliparib AUC0-inf and Cmax across doses was close to 1 

indicating dose linearity (Figure 2.3).  
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Figure 2.3: Dose linearity after single and multiple dose administration of veliparib 

 

 

 

 

 

 

 

 

 

 

 

 

Blue open circles represent the observed Cmax and AUC0-inf, black line shows the fit for linear regression, 

the equation shows the fit for linear regression and R
2
 is the coefficient of determination. 

 

 

 

2.4.2 Population pharmacokinetic model 

2.4.2.1 Base Model 

A two compartment model with first order absorption and lag adequately described the 
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additional parameters for the two compartment model, compared to a one compartment 

model. The two compartment model was parameterized in terms of apparent volume of 

the central compartment (Vc/F) and peripheral compartment (Vp/F), apparent inter-

compartmental clearance (Q/F) and central clearance (CL/F), absorption rate constant 

(Ka) and lag time (Tlag). BSV on CL/F, Vc/F, Ka and Tlag was estimated. The covariance 

was estimated between random effects on CL/F and Vc/F; Tlag and Ka.  Proportional error 

model best described the residual variability in the data. Table 2.2 shows the comparison 

of different base models.  

 

2.4.2.2 Covariate Model 

Figure 2.4 shows the scatter plot representing the correlation between different 

covariates. As expected a strong correlation was observed between weight and height; 

weight and BSA; weight and BMI; weight and LBM. Males had higher weight as 

compared to females. There was a trend in decrease in CrCL with age. The selection of 

the covariates was based on 1) clinical relevance of the covariates, 2) the plots between 

the random effects on the pharmacokinetic parameters and the covariates, 3) stepwise 

covariate model building as described in methods section and 4) decrease in BSV on the 

pharmacokinetic parameters with addition of the covariate. Creatinine clearance was 

evaluated as covariate on CL/F as described by Holford et al (Holford N, 2013). 

Veliparib is excreted 70% by renal elimination and 30% by hepatic metabolism (Kikuchi 

R et al., 2013).  
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Table 2.2: Comparison of the objective function value between different models 

Selection of the base model 

S.No. Model Description Number of 

parameters 

OFV 

1 Ka + 1cmpt model + proportional error 7 14100.72 

2 Ka + 1cmpt model + proportional error + Tlag 9 13862.91 

3 Ka + 2cmpt model + proportional error 9 13990.95 

4 Ka  + 2cmpt model + proportional error + Tlag 11 13772.12 

5 Ko + 2cmpt model + proportional error + Tlag 11 13900.91 

6 Ka + 2cmpt model + proportional error + Tlag + 

r(CL/F,V/F) + r(Tlag,Ka) ---- BASE model 

13 13743.13 

Selection of the covariate model 

1 BASE model + Creatinine clearance on CL/F 14 13732.96 

2 BASE model + LBM on Vc/F (Exponent 

estimated) 

14 13725.71 

3 BASE model + Creatinine clearance on CL/F + 

LBM on Vc/F---- COVARIATE model 

15 13704.57 

4 BASE model + Creatinine clearance on CL/F + 

LBM on Vc/F +LBM on CLother 

15 13782.88 

5 BASE model + Creatinine clearance on CL/F + 

LBM on Vc/F +Weight on CLother (exp fixed to 

0.75) 

14 13723.79 

6 BASE model + Creatinine clearance on CL/F + 

LBM on Vc/F +BSA on CLother 

15 13805.54 

7 BASE model + Creatinine clearance on CL/F + 

LBM on Vc/F +BMI on CLother 

15 13871.68 

8 BASE model + Creatinine clearance on CL/F + 

LBM on Vc/F +Age  on CLother 

15 13853.15 

9 BASE model + Creatinine clearance on CL/F + 

LBM on Vc/F +Gender on CLother 

15 13748.30 

Inclusion of Between Occasion Variability (BOV) 

 COVARIATE model + BOV on Ka ---FINAL 

model 

16 13347.45 
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Figure 2.4: Scatter plot showing correlation between covariates  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Weight (kg), height (cm), BSA (m
2
), gender (0 –female & 1-male), age (years), CRCL (creatinine clearance 

in ml/min), BMI is body mass index (kg/m
2
) and LBM is lean body mass (kg). Red line is the loess fit line 
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It has been reported that CYP2D6 metabolism, additional liver metabolism, glomerular 

filtration and active tubular secretion account for 18%, 10%, 27% and 45% of total 

veliparib clearance, respectively (Li J et al., 2014). Since creatinine clearance is a 

surrogate for the renal clearance through glomerular filtration, the total apparent CL in 

each subject (CLi) was estimated as: 1) renal CL through glomerular filtration (tvCLGF = 

tvCLglomerular filtration) and 2) other pathways (tvCLother) that included tubular secretion and 

hepatic metabolism. 

 

 𝐶𝐿𝑖 = 𝑡𝑣𝐶𝐿𝑜𝑡ℎ𝑒𝑟 + 𝑡𝑣𝐶𝐿 𝐺𝐹 ∙ (
𝐶𝑟𝐶𝐿

90
)                      (11) 

where, tvCLGF represents typical value of CL through glomerular filtration in subject with 

creatinine clearance of 90 mL/min. 

Addition of creatinine clearance on CL/F, decreased the OFV by 10 units, BSV on CL/F 

decreased from 40.0% (base model) to 36.8% and the trend between random effects on 

CL/F and creatinine clearance disappeared when compared to the base model (Figure 

2.5). Based on the established covariate relationship between creatinine clearance and 

CL/F of veliparib, a mild renal impaired subject (creatinine clearance=75 mL/min) will 

have 28% higher AUC as compared to patient with normal renal function (creatinine 

clearance=120 mL/min). The effect of moderate renal impairment (30-60 mL/min) on 

CL/F of veliparib could not be estimated since majority of subjects (N= 7/8) with 

moderate renal impairment had creatinine clearance between 55 and 60 mL/min. As 

reported by Pratz et al (Pratz KW et al., 2017),  there appears a link between exposures 

and dose limiting toxicities which will be further explored with quantitation of exposure-

safety relationship including whether or not dose alteration based on renal function is 



  

 

112 

 

needed. After adjusting for creatinine clearance, weight was not a significant covariate on 

apparent clearance (CLother) and thus administration of fixed dosing regardless of patients 

body weight is justified. Different body size metrics such as total body weight, lean body 

mass, body surface area and body mass index were explored as a covariate on Vc/F. 

Inclusion of lean body mass reduced the OFV by 17 units as compared to the base model, 

decreased BSV on Vc/F from 36.0% to 28.7%, and the trend between random effects on 

Vc/F and lean body mass disappeared when compared to the base model (Figure 2.5). 

The final model included creatinine clearance on CL/F and lean body mass on Vc/F as 

covariates. Table 2.2 shows the change in OFV for the selection of covariate model.  

 

Figure 2.5: Comparison of random effects on pharmacokinetic parameters versus 

covariate for the base and the final model  
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Co-administration of topotecan plus carboplatin was not found to be a significant 

covariate on CL/F and Vc/F (Figure 2.6), which would imply absence of 

pharmacokinetic interaction of topotecan plus carboplatin with veliparib.   

 

Figure 2.6: Comparison of apparent clearance and apparent volume of veliparib 

with and without topotecan plus carboplatin 

 

 

 

 

 

 

 

 

In order to explain the increased exposures observed on day 4 with topotecan plus co-

administration after accounting for accumulation due to multiple dosing (AUCtau 

(multiple dose)/AUC0-inf (single dose)), the effect of change in relative bioavailability 

between the two occasions (with and without topotecan plus carboplatin) was 

investigated. With the inclusion of relative F, the OFV decreased by 4 units and the 

relative F was estimated to be 7% higher for day 4 (with topotecan plus carboplatin) 

compared to day 1 (without topotecan plus carboplatin). However, due to lack of 

biological plausibility, relative F was not further considered. None of the other covariates 

were found to be significant after inclusion of lean body mass on Vc/F and creatinine 

clearance on CL/F (Figure 2.7). 
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Figure 2.7: Relationship between random effects of PK parameters and covariates 

(not included) for the final model   
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2.4.2.3  Final Model 

After the development of the covariate model, the effect of BOV on Ka, Vc/F and CL/F 

was explored. The absorption of veliparib was found to be highly variable. The BSV on 

Ka was 120% while the residual variability was 33% before inclusion of BOV on Ka. The 

inclusion of BOV on Ka substantially reduced the OFV by 357 units. In addition, the 

BSV on Ka reduced to 22% while residual variability decreased to 26%. Thus, BOV on 

Ka was included in the final model. A large BOV of 131.5% was estimated on Ka. There 

was no significant change in OFV when BOV was included on CL/F and Vc/F.  

Table 2.3 and Figure 2.8  show the final model parameter estimates and goodness of fit 

plots, respectively. The goodness of fit plots suggests that the population 

pharmacokinetic model adequately described the concentration-time profiles of veliparib 

and the associated pharmacokinetic variability. Figure 2.9 depicts the population 

predicted (A) and individual predicted concentrations (B) versus observed concentrations 

stratified by dose levels. There was reasonable agreement between individual predictions 

versus observed concentrations for all the dose levels while population predictions versus 

observed concentration plots suggests under prediction for the data at 100 mg dose level. 

The population parameters were estimated with %RSE < 20%. The shrinkage for the final 

model was less than 20% on BSV for CL/F and Vc/F while it was 48% and 38% for BSV 

on Ka and Tlag, respectively.  The final equations for typical CL/F and Vc/F can be 

described as follows: 

 

             
𝐶𝐿

 𝐹
= 8.0 + 8.5 ∙ (

𝐶𝑟𝐶𝐿 (𝑚𝑙/𝑚𝑖𝑛)

90
)                       (12) 
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𝑉𝑐

  𝐹
= 122.7 ∙ (

𝐿𝐵𝑀 (𝑘𝑔)

55
)

0.92

                                     (13)          

   

Table 2.3: Pharmacokinetic parameters for the final model and 1000 bootstrap 

samples 

Parameter Estimate 

(%RSE) 

BSV (% CV) Bootstrap Estimate 

(median (95% CI)) 

Bootstrap 

BSV 

(median% 

CV) 

CL/Fother (L/hr) 7.97 (11.8) 34.7 7.72 (3.19, 10.85) 34.8 

CL/Ffitration 

(L/hr) 

8.52 (10.1) 8.72 (5.65, 12.91) 

Vc/F (L) 122.7 (4.0) 29.0 122.6 (113.7, 131,85) 28.6 

Q/F (L/hr) 10.1 (11.8) Not estimated 10.2 (8.34, 12.91) Not 

estimated 

Vp/F (L) 97.91 (19.2) Not estimated 100.97 (70.5, 214.39) Not 

estimated 

Ka (hr
-1

) 2.15 (13.3) 21.9 2.15 (1.72, 2.70) 23.3 

Tlag (hr) 0.22 (1.3) 7.47 0.22 (0.21, 0.23) 7.68 

LBM exponent  0.92 (13.3) Not estimated 0.94 (0.64, 1.21) Not 

estimated 

Between 

occasion 

variability on 

Ka 

131.53  131.15  

Correlation 

between 

random effects 

for CL/F and 

V/F 

0.83  0.83  

Correlation 

between 

random effects 

for tlag and Ka 

-0.79  -0.78  

Residual error 

(Proportional) 

(SD) 

0.26 (4.7)  0.26 (0.24, 0.28)  
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Figure 2.8: Goodness of fit plots for the final model  
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Figure 2.9: Goodness of fit plots stratified by dose: A -Population predicted versus 

observed concentrations; B- Individual predicted versus observed concentrations 
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2.4.2.4 Model qualification 

A non-parametric bootstrap of 1000 datasets showed precise estimation (% relative 

standard error (%RSE) <20%) of all parameters except Vp/F. The population 

pharmacokinetics parameters and %RSE obtained from bootstrap were similar to that 

obtained from model estimation indicating model stability. Table 2.3 shows the 

pharmacokinetic estimates and 95% confidence intervals obtained from the bootstrap 

samples. Figure 2.10 shows the individual predicted concentration-time profiles of 

representative subjects. Figure 2.11 represents the visual predictive check of 10 mg, 20 

mg and 80 mg dose groups at day 1 and day 4. Since the 10 (N=27), 20 (N=13) and 80 

mg (N=37) dose groups had the largest number of subjects, the model qualification using 

visual predictive check and quantitative predictive check is shown at these three dose 

levels. Based on the visual predictive check plots, the model slightly under predicts the 

median concentrations. However, the variability was captured adequately on both day 1 

and day 4. Furthermore, the model was qualified using a quantitative predictive check 

shown in Figure 2.12 (10 mg), Figure 2.13 (20 mg) and Figure 2.14 (80 mg) for day 1 

and day 4. The model shows slight under prediction of median Cmax and AUClast at day 1 

and day 4. The median %PE for Cmax and AUClast for 10 mg dose were -9.9% (90%CI: -

23.6%, 9.2%) and -5.7 % (90%CI: -16.7%, 8.2%) on day 1, respectively and -8.4% 

(90%CI: -22.5%, 9.1%) and -12.6% (90%CI: -24.9%, 0.49%) on day 4, respectively. The 

median PE for Cmax and AUClast for 80 mg dose were -3.8% (90%CI: -17.2%, 10.3%) and 

-6.7 % (90%CI: -17.4%, 1.69%) on day 1, respectively and -12.8% (90%CI: -24.4%, -

2.04%) and -4.6% (90%CI: -15.3%, 6.0%) on day 4, respectively.  



  

 

120 

 

Figure 2.10: Individual predicted concentration time profile overlaid with the 

observed concentrations for representative subjects  
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Figure 2.10 Continued 
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Figure 2.11: Visual predictive check for 10 mg, 20 mg and 80 mg dose groups on day 

1 and day 4  
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Figure 2.12: Quantitative predictive check for 10 mg on day 1 and day 4  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The histogram shows the distribution of median Cmax (ng/mL) and AUClast (ng.hr/mL) of 200 simulated 

datasets; black dotted and solid blue lines depict the simulated and the observed median of Cmax and 

AUClast; respectively. 

Day 1 Day 1 Day 1 

Day 4 Day 4 Day 4

Day 4 Day 4 Day 4

Day 1 Day 1 Day 1 Median 

%PE           

-9.9% 

Median 

%PE           

-8.5% 

Median 

%PE           

-5.6% 

Median 

%PE           

-12.5% 

Median 

%PE           

1.4% 

Median 

%PE           

-16.8% 

Median 

%PE           

-0.86% 

Median 

%PE           

-14.9% 

Median 

%PE           

-19.8% 

Median 

%PE           

-6.3% 

Median 

%PE           

-17.3% 

Median 

%PE           

1.1% 



  

 

124 

 

Figure 2.13: Quantitative predictive check for 20 mg on day 1 and day 4 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The histogram shows the distribution of median Cmax (ng/mL) and AUClast (ng.hr/mL) of 200 simulated 

datasets; black dotted and solid blue lines depict the simulated and the observed median of Cmax and 

AUClast; respectively. 
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Figure 2.14: Quantitative predictive check for 80 mg on day 1 and day 4 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
The histogram shows the distribution of median Cmax (ng/mL) and AUClast (ng.hr/mL) of 200 simulated 

datasets; black dotted and solid blue lines depict the simulated and the observed median of Cmax and 

AUClast; respectively. 
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Figure 2.15 shows the forest plot to demonstrate the effect of covariates on steady state 

AUCtau of veliparib. After including creatinine clearance on apparent clearance and LBM 

on apparent volume, all of the other covariate effects were modest and were within 80-

125% of the geometric mean ratio of AUC. For continuous covariates, patients were 

divided into two groups by the median. For e.g., for weight, the point estimate represents 

the ratio of AUC for patients ≥ 77 kg (mean=93.2 kg, range=77, 142.1 kg) to patients < 

77 kg (mean=64.8 kg, range=47.5, 76.7 kg) indicating that there was slight decrease in 

AUC with increase in weight. Similarly for CrCL, point estimate represents the ratio of 

AUC for patients ≥ 90 ml/min (mean=109 mL/min, range=91, 120 mL/min) to patients < 

90 mL/min (mean=71.9 mL/min, range=32.1, 89.9 ml/min). This implies that the 

exposure of patients ≥ 90 mL/min was 0.8 fold compared to patients with < 90 mL/min. 

Similarly, there does not appear to be any significant effect of gender, BSA and age on 

AUC of veliparib. 
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Figure 2.15: Forest plot to depict the effect of covariates 
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2.4.3 Comparison of veliparib concentration in various biological matrices 

Figure 2.16 shows the comparison of exposures of veliparib in plasma and various 

biological matrices. A total of 102 (50 on day 1 and 52 on day 4) peripheral blood blast 

supernatant samples and 33 (19 on day 1 and 14 on day 4) bone marrow blast supernatant 

samples were available.  A strong positive correlation was observed between plasma 

veliparib concentrations and peripheral blood (r=0.82; Figure 2.16A) and bone marrow 

supernatant (r=0.86; Figure 2.16C), respectively. 

A total of 48 (22 on day 1 and 26 on day 4) peripheral blood blast samples and 20 (10 on 

day 1 and 10 on day 4) bone marrow blast samples were available. A weak negative 

correlation was observed between veliparib concentrations in plasma and peripheral 

blood (Figure 2.16B, r = 0.39) or bone marrow blast Figure 2.16D, r = 0.21).  A strong 

positive correlation (r = 0.96) was observed between veliparib concentrations in 

peripheral blood blast and bone marrow blast (Figure 2.16E). However, due to small 

number of samples (N=6), results should be interpreted with caution. 
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Figure 2.16: Comparison of veliparib concentrations in various biological matrices 
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Solid red and blue circles represent day 1 and day 4 data, respectively. A & B: Peripheral blood 

mononuclear samples were collected at the same time (4 hr after dose) as the plasma samples, thus 

observed plasma concentration 4 hour post dose on day 1 and day 4 were used for comparison, C & D: 

Bone marrow supernatant samples were collected ~5 hr post dose on day 1 and day 4, thus model 

predicted concentrations at the time of bone marrow supernatant samples were used for comparison.  

 

2.5 Discussion 

The main objective of this research was to characterize the pharmacokinetics of veliparib, 

evaluate the effect of covariates and co-administration of topotecan plus carboplatin on 

pharmacokinetics of veliparib in patients with hematological malignancies. Population 

pharmacokinetics helps in informing dosing recommendations by identifying the factors 

such as demographic, pathophysiological, or concomitant drug-related origin that may 

explain the pharmacokinetic variability of a drug.  

The pharmacokinetics of veliparib in the current analysis was characterized using a two 

compartment model with first order absorption and a lag time. Previously, the 

pharmacokinetics of veliparib has been characterized in patients with solid tumors using a 

one compartment model with first order absorption (Salem AH et al., 2014; Li J et al., 

2014). However, for the current data, one compartment model with first order absorption 

did not provide adequate fit. Furthermore, another veliparib concentration time data 

collected in breast cancer patients (data not shown; JH Beumer personal communication) 

where plasma samples were collected until 24 hrs after dosing also indicated that a two 

compartment model fitted the data better than a one compartment model. Even though the 

structure of pharmacokinetic model was different, the parameter estimates of CL/F and 

Vc/F were consistent between patients with hematological malignancies and solid tumors 

(Salem AH et al., 2014).  
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The estimated CL/F was 16.5 L/hr for a subject with creatinine clearance of 90 mL/min.  

Since 70% of the veliparib dose is excreted unchanged in the urine in humans through 

glomerular filtration and tubular secretion (Li J et al., 2014; Kikuchi R  et al., 2013; 

Kummar S et al., 2009), Creatinine clearance was used as a surrogate for glomerular 

filtration. The active tubular secretion is not expected to change with creatinine clearance, 

thus the CLother component of the total clearance comprised of hepatic clearance and 

tubular secretion. The estimate of CLGF was found to be consistent with the observed 

data. As shown in the Figure 2.17, with a 2-fold increase in creatinine clearance (from 60 

mL/min to 120 mL/min), a 58% increase in CL/F was observed, indicating that creatinine 

clearance explained 58% of the total clearance. This was consistent with the population 

PK model estimate of CLGF i.e. 8.5 L/h which is 52% of the total clearance (16.5 L/h).    

 

Figure 2.17: Relationship between clearance and creatinine clearance 
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The estimated mean Vc/F was 122.7 L for a typical subject with lean body mass of 55 kg. 

The exponent of lean body mass was estimated to be 0.92.  Lean body mass has good 

correlation with volume of distribution and has been proposed as a better predictor for 

drug dosage in obese population ()Morgan DJ et al., 1994). Lean body mass is a measure 

of body composition and comprises of body cell mass, extracellular water and non-fatty 

intercellular connective tissue. Fat tissue increases proportionally with increase in total 

body weight while the relative percentage of lean body mass per total body weight 

decreases (Moore A, 2013). Therefore, lean body mass may better account for differences 

in body composition of obese subjects. In addition, drugs which are hydrophilic do not 

distribute to fatty tissues and thus volume of distribution of hydrophilic drugs like 

veliparib should be better correlated to lean body mass in obese subjects. As 64% of 

subjects were obese or overweight i.e. body mass index > 25 kg/m
2
, lean body mass was 

found to be a better covariate than actual body weight as also reported by Salem et al 

(Salem AH et al., 2014).  

The estimates for Q/F, Vp/F, Ka and Tlag were 10.1 L/hr, 97.9 L, 2.15 hr
-1 

and 0.22 hr, 

respectively. The estimate of  Ka was similar to that reported by Salem et al (Salem AH et 

al., 2014). The inclusion of Tlag is empirical and may not be supported mechanistically. 

However, inclusion of Tlag resulted in 219 units drop in OFV and also improved the 

diagnostic plots and thus was included in the model. It has been suggested that ignoring 

BOV in pharmacokinetic data can lead to biased population parameter estimates (Voss 

SK et al., 2015; Karlsson MA et al., 1993). Inclusion of BOV on Ka caused significant 

drop in OFV and improved diagnostic plots and individual predictions and thus was 

included in the final model.   
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Despite a 1.3 fold increase in veliparib exposure on day 4, concomitant administration of 

topotecan plus carboplatin was not found to affect pharmacokinetics of veliparib based on 

covariate analysis. This is consistent with the observation that the terminal slopes and 

thus the half-life with single or multiple dose administration were similar (Pratz KW et 

al., 2017). A change in clearance with co-administration of topotecan plus carboplatin 

with veliparib would have likely manifested in change in terminal slope. Furthermore, 

there is no plausible physiological basis of any pharmacokinetic interaction between 

veliparib and topotecan plus carboplatin as explained below. Veliparib is primarily 

excreted by kidneys as unchanged drug (70%) (Kummar S et al., 2009). The active 

tubular secretion mediated through organic cation transporters (OCT1/OCT2) plays an 

important role in veliparib clearance along with glomerular filtration (Kikuchi R et al., 

2013). CYP2D6 metabolism accounts for ~18 % of veliparib clearance with minor 

contributions from CYP1A2, 2C19 and 3A4 (Li J et al., 2014; Li X et al., 2011). 

Veliparib is a weak P-glycoprotein (P-gp) substrate, showing no P-gp inhibition 

indicating low potential for clinically significant P-gp or CYP-450 mediated drug-drug 

interactions (Li X et al., 2011). Topotecan is also primarily excreted through urine in 

humans with approximately 49% of the dose recovered as total topotecan (topotecan 

lactone plus topotecan hydroxyl acid form) (Matsumoto S et al., 2007). The renal 

elimination of topotecan involves tubular secretion in addition to glomerular filtration. 

However, the urinary secretion of topotecan hydroxyl acid is accounted for via OAT3 

(Organic anionic transporters) and not by OCTs (Matsumoto S et al., 2007). This 

suggests that the pathway of active tubular secretion of topotecan is different from 

veliparib implying no interaction potential between topotecan and veliparib. Topotecan 
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may also undergo significant oxidative metabolism via CYP (Zamboni WC et al., 2000). 

However, in vitro inhibition studies using marker substrates for human CYP2D6, 

CYP1A2, CYP3A and CYP4A demonstrated that the activity of these enzymes is not 

altered by topotecan (Prescribing information for Toptecan, 2016). In addition, Kummar 

et al has also reported that there is no evidence of a significant pharmacokinetic 

interaction between veliparib and topotecan in patients with refractory solid tumors and 

lymphomas (Kummar S et al., 2011). Carboplatin is excreted almost exclusively through 

the kidneys. The total body clearance of ultra-filterable platinum and that of the parent 

carboplatin molecule are roughly equivalent and correlate linearly with glomerular 

filtration rate (Alberts D et al., 1998). Since carboplatin does not undergo tubular 

secretion, pharmacokinetic interaction of veliparib with carboplatin is unlikely. Recently 

a phase 1 study conducted in Japanese subjects with non-small cell lung cancer also 

reported no impact of carboplatin/paclitaxel on the pharmacokinetics of veliparib 

(Mizugaki H et al., 2015).  

In addition, any change in relative bioavailability between day 1 and day 4 due to food 

may not be expected as the drug was administered under fasted conditions. Furthermore, 

food had no clinically meaningful effect on extent of veliparib absorption (Mostafa NM 

et al., 2014). Modest accumulation is expected with BID administration of veliparib due 

to short half-life. After accounting for accumulation due to multiple dosing, 1.3 fold 

higher AUC with topotecan plus carboplatin was observed from the non-compartmental 

analysis for 10 mg and 80 mg doses. It is important to note that the increase of exposures 

by 30% is within the estimate of BSV on CL/F (35%) and thus may not be clinically 

relevant. In addition, a magnitude of 1.3 fold increase in exposure is typically considered 
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modest that may not have any clinical implications unless the drug in question has a 

narrow therapeutic index. Nevertheless, the clinical relevance of this exposure increase 

will be further explored after quantitating the exposure-response of safety.  

Veliparib concentrations were detected in bone marrow blast and supernatant indicating 

the drug reaches the site of action. In addition, veliparib concentrations in plasma were 

correlated to concentrations in bone marrow blast supernatant, indicating that plasma 

concentrations can be used as a surrogate for exposures in bone marrow.  However, no 

correlation was observed between exposures in plasma and peripheral blood or bone 

marrow blast.  It is plausible that the lack of a stronger correlation between veliparib 

exposures in plasma and blasts as compared to the supernatant was due to P-gp and breast 

cancer resistance protein (BCRP) which are highly expressed in blasts from acute 

myeloid leukemia (Bunting KD, 2002). P-gp and BCRP are efflux transporters that may 

pump out the drug from blast to supernatant thus resulting in lack of correlation between 

exposures of veliparib in plasma and blasts. A correlation between veliparib 

concentration in peripheral blood blast and bone marrow blast needs to be further 

characterized as this may provide an easily accessible surrogate marker of bone marrow 

blast exposure.  

 

2.6 Conclusion 

The pharmacokinetics of veliparib in patients with relapsed or refractory acute 

myelogenous leukemia or aggressive myeloproliferative neoplasms was characterized 

using a two compartment model with first order absorption and a Tlag. Lean body mass 

and creatinine clearance were found to be significant covariates that explained variability 
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in Vc/F and CL/F, respectively.  A modest 22% decrease in CL/F in mild renal impaired 

subjects may not warrant dose adjustment, but will be explored in a future exposure 

safety assessment. Co-administration of topotecan plus carboplatin with veliparib did not 

affect the apparent clearance of veliparib, which is also supported by mechanistic 

understanding of the elimination of the veliparib, topotecan and carboplatin. Plasma 

concentration of veliparib can be used as a surrogate for veliparib concentrations in bone 

marrow supernatant for further conducting exposure-response analysis to support dosing 

recommendations. 

  



  

 

137 

 

2.7 References 

Albert JM, Cao C, Kim KW et al. Inhibition of poly (adp-ribose) polymerase enhances 

cell death and improves tumor growth delay in irradiated lung cancer models lung cancer 

models. Clin Cancer Res 2007;13:3033-43.  

 

Alberts D, Dorr R. New perspectives on an old friend: optimizing carboplatin for the 

treatment of solid tumors. Oncologist 1998;3:15-34. 

 

Annunziata CM, Shaughnessy JO. Poly (ADP-ribose) polymerase as a novel therapeutic 

target in cancer. Clin Cancer Res 2010;16:4517-26.  

 

Ashworth A. A synthetic lethal therapeutic approach: poly(ADP) ribose polymerase 

inhibitors for the treatment of cancers deficient in DNA double-strand break repair. J Clin 

Oncol 2008;26:3785-90.  

 

Berger NA, Adams JW, Sikorski GW et al. Synthesis of DNA and poly(adenosine 

diphosphate ribose) in normal and chronic lymphocytic leukemia lymphocytes. J Clin 

Invest 1978;62:111-18. 

 

Boer P. Estimated lean body mass as an index for normalization of body fluid volumes in 

humans. Am J Physiol 1984;247: F632-36. 

 

Bunting KD. ABC transporters as phenotypic markers and functional regulators of stem 

cells. Stem cells 2002;20:11-20. 

 

Donawho CK, Luo Y, Luo Y et al. ABT-888, an orally active poly(adp-ribose) 

polymerase inhibitor that potentiates dna-damaging agents in preclinical tumor models. 

Clin Cancer Res 2007;13:2728-37. 

 

FDA Guidance for industry: Pharmacokinetics in patients with impaired renal function- 

study design, data analysis , and impact on dosing and labeling. 2010. 



  

 

138 

 

Hirai K, Ueda K, Hayaishi O. Aberration of poly(adenosine diphosphate-ribose) 

metabolism in human colon adenomatous polyps and cancers. Cancer Res 1983;43:3441-

46.  

 

Holford N. Principles of covariate modelling ? 2013. 

http://holford.fmhs.auckland.ac.nz/docs/principles-of-covariate-modelling.pdf, accesed 

on 07/03/2016. 

 

Horton TM, Jenkins G, Pati D et al. Poly(ADP-ribose) polymerase inhibitor ABT-888 

potentiates the cytotoxic activity of temozolomide in leukemia cells: influence of 

mismatch repair status and O
6
-methylguanine-DNA methyltransferase activity. Mol 

Cancer Ther 2009;8:2232-42.  

 

Jadhav PR, Gobburu JVS. A new equivalence based metric for predictive check to 

qualify mixed-effects models. AAPS J 2005;7:E523-31.  

 

Karlsson MA, Sheiner LB. The importance of modeling interoccasion variability in 

population pharmacokinetic analses. J Pharmacokinet Biopharm 1993;21:735-50. 

 

Kaufmann SH, Karp JE, Letendre L et al. Phase I and pharmacologic study of infusional 

topotecan and carboplatin in relapsed and refractory acute leukemia. Clin Cancer Res 

2005;11:6641-49.  

 

Kikuchi R, Lao Y, Bow DA et al. Prediction of clinical drug-drug interactions of 

veliparib (ABT-888) with human renal transporters (OAT1, OAT3, OCT2, MATE1, and 

MATE2K). J Pharm Sci 2013;102:4426-32. 

 

Kummar S, Chen A, Ji J et al. Phase I study of PARP inhibitor ABT-888 in combination 

with topotecan in adults with refractory solid tumors and lymphomas. Cancer Res 

2011;71:5626-34. 

 

http://holford.fmhs.auckland.ac.nz/docs/principles-of-covariate-modelling.pdf


  

 

139 

 

Kummar S, Kinders R, Gutierrez ME et al. Phase 0 clinical trial of the poly (ADP-ribose) 

polymerase inhibitor ABT-888 in patients with advanced malignancies. J Clin Oncol 

2009;27:2705-11.  

 

Li J, Kim S, Sha X et al. Complex disease–, gene–, and drug–drug interactions: impacts 

of renal function, CYP2D6 phenotype, and OCT2 activity on veliparib pharmacokinetics. 

Clin Cancer Res 2014;20:3931-44. 

 

Li X, Delzer J, Voorman R, Morais SMD et al. Disposition and drug-drug interaction 

potential of veliparib (ABT-888), a novel and potent inhibitor of poly (ADP-ribose) 

polymerase. Drug Metab Dispos 2011;39:1161-69.  

 

Matsumoto S, Yoshida K, Ishiguro N et al. Involvement of rat and human organic anion 

transporter 3 in the renal tubular secretion of topotecan [( s ) -9- dimethylaminomethyl-

10-hydroxy-camptothecin hydrochloride ]. J Pharmacol & Exp Ther 2007;322:1246-52. 

 

Mizugaki H, Yamamoto N, Nokihara H et al. A phase 1 study evaluating the 

pharmacokinetics and preliminary efficacy of veliparib (ABT‑888) in combination with 

carboplatin/ paclitaxel in Japanese subjects with non‑small cell lung cancer (NSCLC). 

Cancer Chemother Pharmacol 2015;76:1063-72. 

 

Moore A. Controversies in the anesthetic management of the obese surgical patient. Can 

J Anesth Can d’anesthésie 2013;60:1027-28.  

 

Morgan DJ, Bray KM. Lean body mass as a predictor of drug dosage. Implications for 

drug therapy. Clin Pharmacokinet 1994;26:292-307. 

 

Mostafa NM, Chiu Y-L, Rosen LS et al. A phase 1 study to evaluate effect of food on 

veliparib pharmacokinetics and relative bioavailability in subjects with solid tumors. 

Cancer Chemother Pharmacol 2014;74:583-91. 

 



  

 

140 

 

Palma JP, Wang YC, Rodriguez LE et al. ABT-888 confers broad in vivo activity in 

combination with temozolomide in diverse tumors. Clin Cancer Res 2009;15:7277-90.  

 

Penning TD. Small- molecule PARP modulators-Current status and future therapeutic 

potential. Current Opinion in Drug Discovery & Developemnt 2010;13:577-586. 

 

Pratz KW, Rudek MA, Gojo I et al. A Phase I study of topotecan, carboplatin and the 

PARP inhibitor veliparib in acute leukemias, aggressive myeloproliferative neoplasms 

and chronic myelomonocytic leukemia. Clin Cancer Res 2017; 23(4): 899-907. 

 

Prescribing information for Toptecan. 

http://www.accessdata.fda.gov/drugsatfda_docs/label/2015/020671s021lbl.pdf, accessed 

on 07/03/2016. 

 

Reinhardt S, Zhao M, Mnatsakanyan A et al. A rapid and sensitive method for 

determination of veliparib (ABT-888), in human plasma, bone marrow cells and 

supernatant by using LC/MS/MS. J Pharm Biomed Anal 2010;52:122-28. 

 

Rouleau M, Patel A, Hendzel MJ et al. PARP inhibition: PARP1 and beyond. Nat Rev 

Cancer 2010;10:293-301. 

 

Salem AH, Giranda VL, Mostafa NM. Population pharmacokinetic modeling of veliparib 

(ABT-888) in patients with non-hematologic malignancies. Clin Pharmacokinet 

2014;53:479-88. 

 

Schreiber V, Ame JC, Dolle O et al. Poly(ADP-ribose) Polymerase-2 (PARP-2) is 

required for efficient base excision DNA repair in association with PARP-1 and XRCC1. 

J Biol Chem 2002;277 :23028-36.  

 

http://www.accessdata.fda.gov/drugsatfda_docs/label/2015/020671s021lbl.pdf


  

 

141 

 

Shiobara M, Miyazaki M, Ito H et al. Enhanced polyadenosine diphosphate-ribosylation 

in cirrhotic liver and carcinoma tissues in patients with hepatocellular carcinoma. J 

Gastroenterol Hepatol 2001;16:338-44.  

 

Voss SK, Gautier A, Graham G. The impact of unmodelled interoccasion variability in 

bioavailability and absorption on parameter estimates in population pharmacokinetic 

analysis. PAGE meeting 2015. 

 

Zamboni WC, Egorin MJ, Echo DAV et al. Pharmacokinetic and pharmacodynamic 

study of the combination of docetaxel and topotecan in patients with solid tumors. J Clin 

Oncol 2000;18:3288-94. 

 

 

  

 

 

 

 

 

 

 

 

 

 

 



  

 

142 

 

Chapter 3 : Exposure-Response of Veliparib to Inform Phase 2 Trial Design in 

Refractory or Relapsed Patients with Hematological Malignancies 
1
  

3.1 Summary 

Background: A phase I trial of veliparib in combination with topotecan plus carboplatin 

demonstrated 33% objective response rate in patients with hematological malignancies. 

The objective was to perform exposure-response analysis for efficacy and safety to 

inform phase II trial design.  

 

Methods: Pharmacokinetic, efficacy and safety data from 95 patients, who were 

administered 10 to 100 mg BID doses of veliparib for either 8, 14 or 21 days with 

topotecan plus carboplatin, were utilized for exposure-efficacy (ORR & OS) and 

exposure-safety (mucositis, nausea, vomiting, diarrhea, anorexia and hypokalemia) 

analysis. Multivariate cox proportional hazards and logistic regression analyses were 

conducted for exposure-efficacy while logistic regression was utilized for the exposure-

safety analysis. For exposure-efficacy analysis, the covariates evaluated were disease 

status, duration of treatment and number of prior therapies. 

 

Results: The odds of having ORR are (a) 1.08-fold with 1000 ng.hr/mL increase in AUC, 

(b) 1.8-fold with >8 days treatment, (c) 2.8 fold in patients with myeloproliferative 

neoplasms (MPN) and (d) 0.5-fold with ≥ 2 prior therapies. Based on analysis of OS, 

 

1 
Content of the chapter adapted from Shailly Mehrotra, Mathangi Gopalakrishnan, Jogarao Gobburu, 

Jacqueline M. Greer, Richard Piekarz, Judith E. Karp, Keith Pratz, Michelle A. Rudek. Exposure-

Response of Veliparib to Inform Phase 2 Trial Design in Refractory or Relapsed Patients with 

Hematological Malignancies, submitted to Clinical Cancer Research.  
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hazard of death decreased by (a) 1.5% for 1000 ng.hr/mL increase in AUC, (b) 39% with 

>8 days treatment, (c) 44% in patients with MPN while hazard of death increased by 19% 

in patients with ≥ 2 prior therapies. The odds of having ≥ Grade 3 mucositis increased by 

29% with 1000 ng.hr/mL increase in AUC. There were no or limited number of patients 

with ≥ Grade 3 nausea, vomiting, diarrhea, anorexia or hypokalemia to draw any 

meaningful conclusions regarding the exposure-safety relationship of these adverse 

events.  

 

Conclusions: Despite shallow exposure-efficacy relationship, doses lower than 80 mg 

will not exceed the veliparib single agent preclinical IC50. The model predicted grade ≥3 

mucositis only increased from 10% to 19% with increase in dose from 40 mg to 80 mg, 

thus supporting the 80 mg dose. Based on benefit/risk assessment, veliparib in 

combination with topotecan plus carboplatin is recommended to be studied in MPN 

patients for duration of 14 days at a dose of 80 mg BID.  
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3.2 Introduction 

Poly(ADP-ribose) polymerase (PARP) inhibitors such as olaparib, veliparib, rucaparib, 

niraparib and talazoparib are under development as monotherapy or in combination with 

radiation, chemotherapy or other targeted agents to treat ovarian, breast, pancreatic, lung, 

peritoneal cancers (Ricks TK et al., 2015). Olaparib was recently approved by US Food 

and Drug Administration as monotherapy to treat patients with advanced germline 

BRCA-mutated ovarian cancer who have received three or more prior lines of 

chemotherapy (Prescribing information for Olaparib, 2016). Veliparib is a PARP 

inhibitor that is under phase 3 investigations as a combination therapy with paclitaxel and 

carboplatin for BRCA mutated breast and ovarian cancer (Livraghi L et al., 2015).  PARP 

inhibitors act by inhibiting repair of single strand breaks in DNA that further leads to 

formation of double stranded breaks. For cells that are homologous recombination 

deficient such as BRCA1/2 mutated cells, accumulation of double stranded breaks in the 

context of inhibition of PARP, leads to cell death (Livraghi L et al., 2015; Ganguly B et 

al., 2016).  PARP inhibitors may have a special role in the treatment of BRCA-deficient 

malignancies as single agents and in combination with cytotoxic agents (Reinbolt RE et 

al., 2013). Pre-clinical studies and clinical trials in cancer suggest that combination 

therapy using PARP inhibitors and agents such as carboplatin and paclitaxel is more 

effective than monotherapy in circumventing drug resistance mechanisms (Ganguly B et 

al., 2016; Maag D et al., 2015).  

Despite of advances in treatment of acute myeloid leukemia and other myeloid 

malignancies, patients with aggressive or transformed chronic myelomonocytic leukemia 

or myeloproliferative neoplasms have poor responses to traditional cytotoxic 
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chemotherapies (Pratz KW et al., 2017). A phase 1 trial of veliparib in combination with 

topotecan plus carboplatin demonstrated promising efficacy in patients with relapsed or 

refractory AML, aggressive or transformed MPN and CMML (Pratz KW et al., 2017). In 

aggressive myeloid disorders with baseline DNA repair defects such as aggressive MPNs 

and CMML, impaired DNA damage-induced FANCD2 monoubiquitination and higher 

treatment-induced histone H2AX phosphorylation was observed (Pratz KW et al., 2017; 

Pratz KW et al., 2016).  This baseline DNA repair defect was associated with 

hypersensitivity of MPNs compared to normal marrows to veliparib due to defects in 

homologous recombination (Pratz KW et al., 2016). These preclinical results led to 

further clinical investigation of veliparib in combination with topotecan plus carboplatin 

in this disease subset to utilize veliparib not only for its chemosensitizing effects but for 

direct anti-tumor activity.  

Exposure-response analysis is routinely conducted to inform drug development and 

regulatory decisions (FDA Guidance for industry: Exposure response relationships -study 

design, data analyis, and regulatory applications, 2003; Lee JY et al., 2011; Milligan PA 

et al., 2013). Exposure-response analyses allow pooling of information across doses and 

simultaneously adjust for various risk factors for benefit-risk assessment. In oncology, 

utilization of exposure-response has been recommended to support a wide variety of 

decisions including dose selection and future trial design (Venkatakrishnan K et al., 2015; 

Schilsky RL et al., 2013). The objective of this research was to perform exposure-

response analysis for efficacy and safety utilizing the information obtained from the 

phase 1 trial to inform dose selection, patient population and treatment duration for future 

clinical investigations of veliparib in combination with topotecan plus carboplatin. 
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3.3 Methods 

3.3.1 Data 

The pharmacokinetic, efficacy and safety data for the current analysis were obtained from 

a phase I dose escalation trial of veliparib conducted in patients with relapsed or 

refractory AML, aggressive MPN or CMML. The main objectives of this trial were to 

determine 1) maximum tolerated dose of veliparib in combination with topotecan plus 

carboplatin 2) pharmacokinetics of veliparib alone and in combination with topotecan 

plus carboplatin, 3) efficacy using objective response rate and overall survival and 4) the 

feasibility, tolerability and toxicities of administering veliparib prior to and during 

therapy with topotecan plus carboplatin (Pratz KW et al., 2017). Veliparib was 

administered orally as twice a day (BID) regimen for 1-8 days, 1-14 days or 1-21 days. 

Topotecan (1.2 mg/m
2
/day) and carboplatin (150 mg/m

2
/day) were administered as 120 

hour intravenous continuous infusion from day 3-7. The doses of veliparib studied in the 

trial were 10, 20, 40, 80, 90 and 100 mg BID. The plasma samples for measuring 

veliparib concentrations were collected pre-dose and until 8 hours post dosing on day 1 

and day 4. The patients who received 1-14 days or 1-21 days treatment were administered 

80 mg dose. Two measures of clinical outcome i.e. objective response and overall 

survival were available. Objective response comprised of either complete response (CR), 

complete response with incomplete count recovery (CRi) or partial response (PR) as 

described in Pratz et al (Pratz KW et al., 2017). OS was defined as the time from the start 

of the treatment to date of death or censored at the last follow up date (Pratz KW et al., 

2017).  
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3.3.2 Exposure metric 

A two compartment population pharmacokinetic model as described in chapter 2 was 

utilized to obtain individual pharmacokinetic parameter estimates for each patient 

(Mehrotra S et al., 2016c). Using the individual pharmacokinetic parameter estimates 

obtained from the model, a rich pharmacokinetic profile was simulated until steady state 

for each patient with doses administered every 12 hour. The Cmax and AUCtau were 

obtained using non-compartmental analysis for single dose (0-12 hour) and at steady state 

(72-84 hour). Exploratory plots were made to visualize the correlation between Cmax and 

AUCtau after single dose and at steady state. A strong correlation was observed between 

Cmax and AUCtau both at single dose and at steady state (Figure 3.1). Therefore, AUCtau at 

steady state was utilized as the exposure metric for conducting exposure-response 

analyses for efficacy and safety. The distribution of model predicted AUCtau and Cmax is 

shown in Figure 3.2. 
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Figure 3.1: Relationship between model predicted AUCtau and Cmax after single dose 

(A) and at steady state (B) 
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Figure 3.2: Model predicted AUCtau and Cmax at steady state using individual PK 

parameters 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The numbers in red represent median AUCtau or Cmax and numbers in black denote number of subjects in 

each dose group. 
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3.3.3 Assessment of the effect of risk factors on ORR and OS 

After exploratory graphical analysis of the effect of the risk factors on ORR using box-

plots, the risk factors such as number of prior therapies (≥ 2 and < 2), duration of 

treatment (8 days and > 8 days) and disease status (MPN versus no MPN) were evaluated 

as univariate covariates on objective response using logistic regression (equation 1). 

𝑃𝑖 =
𝑒𝑎+𝑏∙𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟 

1 + 𝑒𝑎+𝑏∙𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟 
            (1) 

where, Pi is the probability of observing objective response in a patient, a is the intercept 

and b is the slope of the relationship between probability of objective response and the 

predictor variable. The exploratory analysis to quantitate the effect of risk factors of 

veliparib on OS was conducted using Kaplan Meier analysis. All graphical and statistical 

analysis were conducted in R version 3.3.0. 

 

3.3.4 Dose-response and exposure-response analysis for ORR  

The dose-response for ORR was explored graphically by plotting the dose vs. ORR. The 

distribution of baseline risk factors such as number of prior therapies, duration of 

treatment and disease status was compiled for each dose group. The exposure-response 

for ORR was first graphically explored using quantile plots (Mehrotra S et al., 2012). The 

steady state AUC were arranged in ascending order and then divided into four bins with 

equal number of subjects. The mean (95% confidence interval) ORR for each bin was 

plotted against mean AUC of each bin. A univariate logistic regression analysis as 

described in equation 1 was conducted to quantitate exposure-response relationship for 

ORR. Followed by univariate analysis, multivariate logistic regression analysis was 
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conducted to simultaneously quantify the effect of risk factors and exposures of veliparib 

on ORR. 

3.3.5 Dose-response and exposure-response analysis for OS 

Kaplan Meier analysis was conducted to explore dose-OS relationship. Kaplan Meier 

analysis was conducted to evaluate the relationship between exposure quartiles of 

veliparib (as described above) to OS. The survival curves for a given covariate 

(univariate) were compared using log rank test. Followed by univariate analysis, 

multivariate cox proportional hazard analysis was conducted to quantify the effect of risk 

factors and exposures of veliparib on OS as described in equation 2 (Bewick V et al., 

2004).  

𝑙𝑛 (ℎ(𝑡)) = 𝑙𝑛 (ℎ0(𝑡)) +  𝑏1𝑥1 +   𝑏2𝑥2         (2) 

where, h(t) is the hazard at time t; x1 and x2 are the explanatory variables; and h0(t) is the 

baseline hazard when all the explanatory variables are zero and coefficients b1 and b2 are 

estimated from the data.  

 

3.3.6 Dose-response and exposure-response analysis for safety 

The toxicity was assessed using National Cancer Institute – Common Terminology 

Criteria for Adverse Events version 4.0. Dose limiting toxicities consisted of: 1) any 

grade 4 non-hematologic toxicity; 2) any grade 3 non-hematologic toxicity that did not 

resolve to < grade 2 within 48 hrs, with the following exceptions: a) Grade 3 bilirubin, 

transaminases or alkaline phosphatase was considered dose-limiting only if resolution to 

< grade 2 required ≥ 7 days; b) Grade 3 mucositis, diarrhea, nausea or vomiting was 

considered dose limiting only if resolution to < grade 2 (including use of supportive care) 
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required ≥ 7 days; c) any grade 3 neurotoxicity or nephrotoxicity was considered dose 

limiting. Dose-response relationship of all grade and grade ≥ 3 adverse events was 

explored for nausea, vomiting, diarrhea, anorexia, hypokalemia and mucositis. The 

exposure-safety analysis was conducted for grade ≥ 3 adverse events that showed clear 

trend of dose-response relationship and were considered clinically relevant dose limiting 

toxicity. Mucositis was identified as the only dose limiting toxicity and was the primary 

adverse event of interest (Pratz KW et al., 2017). Since grade 3 or higher mucositis was 

considered as clinically relevant, the mucositis grade was converted into binary variable 

(no mucositis versus grade ≥ 3 mucositis). Logistic regression as described in equation 1 

was conducted to quantify relationship between proportion of patients with grade ≥ 3 

mucositis and steady state AUC. Similar analysis was also conducted for all grade 

mucositis.  

 

3.3.7 Exposure-response for PAR inhibition in PBMC 

Poly-adenosine ribose (PAR) levels in peripheral blood mononuclear cells (PBMC) were 

collected on day 1 (baseline, 2, 4, 7 and 24 hours) and on day 4 (2, 4, 7 and 24 hours). 

The maximum suppression in PAR levels was observed at 2 hour on day 1. Therefore an 

exploratory graphical analysis was conducted to evaluate the relationship between 

percent PAR inhibition in PBMC at 2 hour from baseline and observed concentrations of 

veliparib at 2 hour, assuming a direct effect relationship between pharmacokinetics and 

pharmacodynamics (PAR inhibition). Analysis was conducted in patients with baseline 

PAR levels >100 pg/10
7
 cells. A total of 40 patients had baseline PAR levels, PAR levels 

post treatment and observed veliparib concentrations at 2 hours. Quantile plots were 
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utilized to assess the relationship between concentrations and percent PAR inhibition 

(Mehrotra S et al., 2012). The observed veliparib concentration at 2 hours was divided 

into 4 quartiles and mean percent change from baseline (%CFB) in PAR levels was 

calculated in each quartile as follows and plotted against mean concentration in each 

quartile: 

% 𝐶𝐹𝐵 𝑖𝑛 𝑃𝐴𝑅 =
(𝑃𝐴𝑅 𝑎𝑡 2 ℎ𝑜𝑢𝑟𝑠 − 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑃𝐴𝑅)

(𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑃𝐴𝑅)
x100           (3) 

3.3.8 Relationship between PAR suppression in PBMC & ORR 

Furthermore, the relationship between %CFB in PAR at 2 hours versus clinical outcome 

(ORR) was explored using quantile plots. A total of 37 subjects had both PAR levels 

(baseline PAR>100 pg/10
7
 cells) and objective response information.  The percent 

change from baseline was divided into 4 quartiles and observed ORR was plotted for 

each quartile. 

 

3.4 Results 

The efficacy and safety data was available from 99 patients; 4 patients that were not 

evaluable for efficacy were excluded from the exposure-response analysis. The 

demographic characteristics across different doses are shown in Table 3.1. Eleven 

subjects had missing pharmacokinetic information; therefore the exposure-response 

dataset consisted of 84 patients. 
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3.4.1 Effect of baseline risk factors on ORR & OS 

Figure 3.3 shows the observed ORR stratified by MPN status (MPN vs. no MPN), 

treatment duration (8 days vs. > 8 days), and number of prior therapies (< 2 vs. ≥ 2). 

Based on univariate logistic regression, the odds of having ORR in patients with MPN 

was 5.8 fold higher than non-MPNs (p-value=0.001); 6.3 fold higher in patients with >8 

day treatment as compared to 8 day treatment (p-value=0.01); while the odds of having 

ORR decreased by 43% in patients with two or more prior therapies (p =0.06). Consistent 

with the trends in ORR, univariate Kaplan Meier analysis (Figure 3.3) also showed that 

the patients with MPN had ~9 months longer OS as compared to no MPN patients (p-

value =0.00083); OS was ~10 months longer in patients with > 8 day treatment as 

compared to 8 day treatment (p-value= 0.004) and ~ 3 months longer in patients with < 2 

prior therapies (p-value=0.047). 
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Table 3.1: Demographics of efficacy dataset (n=95) 

 Dose levels 

10 mg 20 mg 40 mg 80 mg 90 mg 100 mg 

Number of subjects 26 17 6 37 5 4 

Age (Median (range)) 54.5 

(40, 73) 

61.0 

(25, 75) 

51.0 

(33,68) 

58.0 

(20, 73) 

49.0 

(33,67) 

61.0 

(46, 76) 

Risk factors Proportion of patients 

No. of prior 

therapies 

0 0.0 

 (0/26) 

0.06 

(1/17) 

0.0  

(0/6) 

0.11 

(4/37) 

0.0  

(0/5) 

0.25 

(1/4) 

1 0.35 

(9/26) 

0.29 

(5/17) 

0.5  

(3/6) 

0.46 

(17/37) 

0.20  

(1/5) 

0.25 

(1/4) 

2 0.27 

(7/26) 

0.24 

(4/17) 

0.17 

(1/6) 

0.16 

(6/37) 

0.20  

(1/5) 

0.25 

(1/4) 

3 0.23 

(6/26) 

0.24 

(4/17) 

0.17 

(1/6) 

0.22 

(8/37) 

0.60 

 (3/5) 

0.25 

(1/4) 

4 0.15 

(4/26) 

0.18 

(3/17) 

0.17 

(1/6) 

0.05 

(2/37) 

0.0  

(0/5) 

0.0  

(0/4) 

Patients with MPN 0.04 

(1/26) 

0.12 

(2/17) 

0.17 

(1/6) 

0.43 

(16/37) 

0.0  

(0/5) 

0.25 

(1/4) 

Different doses of 

topotecan plus 

carboplatin* 

0.77 

(20/26) 

0.65 

(11/17) 

0 0 0 0 

Duration of treatment  

(>8 days) 

0 0 0 0.3 

(11/37) 

0 0 

* For 10 mg and 20 mg dose groups, the topotecan doses ranged from 1.0 -1.3 mg/m
2
/day and  carboplatin 

doses were 120 mg/m
2
/day or 150 mg/m

2
/day. For dose groups ≥ 40 mg, the topotecan and carboplatin 

doses were 1.2 mg/m
2
/day and 150 mg/m

2
/day, respectively. 
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Figure 3.3: Comparison of ORR and OS across risk factors 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

It is important to note that all the patients with longer duration of treatment (>8 day) had 

MPN and were treated with 80 mg dose. Therefore, to evaluate the effect of duration on 

response, ORR was compared in MPN patients on 80 mg dose with 8 days (n=5), 14 days 

(n=5) and 21 days (n=6) of treatment duration. The ORR was 60% for 8 days, 100% for 

14 days and 50% for 21 days treatment. Furthermore, the ORR was 60% and 73% for 8 
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8 days: 6.1 months (81/84) 
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patients in each group. For OS, the numbers in the parenthesis represent number of patients who 

died/total number of patients in each group. 
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days and > 8 days treatment, respectively. Similarly the OS was 8 months, 33.9 months 

and 11.8 months for 8 day, 14 day and 21 day treatment duration (Table 3.2). 

 

Table 3.2: Effect of treatment duration on ORR and OS in MPN patients 

ORR: Objective response rate; MPN-myeloproliferative neoplasms; n: number of patients with response 

(CR,CRi or PR); N: total number of patients 

 

 

There were 21 patients with MPN in the dataset and 11 out of these 21 patients had > 8 

days treatment duration. Therefore, as a sensitivity analysis, patients with >8 day 

treatment duration were excluded from the analysis and ORR and OS were compared 

between MPN and non-MPN patients. The ORR and OS were higher in MPN patients as 

compared to non-MPNs as shown in Table 3.3. 

 

Table 3.3: Comparison of ORR and OS in MPN and non-MPN patients with 8 day 

treatment duration 

MPN-myeloproliferative neoplasms; ORR: Overall response rate; Eleven patients who were MPN with 

longer than 8 days treatment duration were excluded from the analysis  

 

Veliparib 

dose  

Treatment 

duration 

(days) 

Topotecan 

dose  

(mg/m
2
/day) 

Carboplatin 

dose  

(mg/m
2
/day) 

Total dose 

of veliparib 

(mg) 

ORR 

%(n/N) 

Median 

Overall 

Survival 

(months) 

80 mg BID  8  1.2   150   1280  60 (3/5) 8.0   

80 mg BID 14  1.2   150   2240  100 (5/5) 33.9  

80 mg BID 21  1.2   150   3360  50 (3/6) 11.8  

Category ORR 

(No. of patients with CR, CRi or 

PR/total) 

Median OS in months 

(No. of deaths/total) 

MPN 0.60 (6/10) 10.9 (9/10) 

No -MPN 0.26 (19/74) 5.2 (72/74) 
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3.4.2 Dose-response for ORR & OS 

For ORR, a trend of increase in ORR with dose was observed as shown in Figure 3.4 A. 

The ORR was 27% (n=26), 29% (n=17) and 43% (n=37) for 10 mg, 20 mg and 80 mg 

dose groups, respectively. These dose groups had greater number of patients as compared 

to other dose groups. None of the patients achieved ORR at 90 mg dose.  

Similarly for OS, a numerical trend in increase in median OS with increase in dose was 

observed except for 90 mg dose group (Figure 3.4 B). The median OS was 5.1, 6.9, 7.2, 

7.2, 2.8 and 10.6 months for 10, 20, 40, 80, 90 and 100 mg doses, respectively.  Due to 

limited number of patients in the 40, 90 and 100 mg dose arms, the survival curves for 

these dose groups are not informative.   

Since the patients were not randomized to various doses in this phase I trial, distribution 

of risk factors such as number of prior therapies, duration of treatment and disease status 

(MPN versus no MPN) was evaluated in each dose group as shown in Table 3.1. The 80 

mg dose group had 30% patients who received >8 days treatment of veliparib and 43% 

patients (16/37) with MPN. On the other hand, 10 mg dose group did not have any patient 

with >8 days treatment and only 4% of patients (1/26) had MPN. The number of patients 

with 2 or more prior therapies was 43% (16/37) at 80 mg as compared to 65% (17/26) at 

the 10 mg dose group. The doses of topotecan and carboplatin ranged from 1.0 to 1.3 

mg/m
2
/day and 120 to 150 mg/m

2
/day, respectively for 10 mg and 20 mg dose groups. 

For 80 mg dose group, the dose of topotecan plus carboplatin was 1.2 and 150 

mg/m
2
/day, respectively. For example, at 10 mg veliparib dose and 1.2 mg/m

2
/day 

topotecan dose, an increase in carboplatin dose from 120 mg/m
2
/day to 150 mg/m

2
/day, 

the ORR was remained same (33% (2/6)). Similarly, increase in topotecan dose from 1.0 
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mg/m
2
/day to 1.2 mg/m

2
/day (at 10 mg veliparib plus 120 mg/m

2
/day carboplatin), the 

ORR increased from 16.6% (1/6) to 33% (2/6). With further increase in topotecan dose to 

1.3 mg/m
2
/day (at 10 mg veliparib plus 150 mg/m

2
/day carboplatin), none of the patients 

achieved objective response (0/4).  In addition, in two cohorts at 10 mg veliparib dose 

that were not administered carboplatin, increase in veliparib dose from 1.0 mg/m
2
/day to 

1.3 mg/m
2
/day did not result in increase in ORR (33% (1/3) in both cohorts). However, 

no definitive trend in ORR with topotecan and carboplatin doses was observed. 

Therefore, the effect of topotecan and carboplatin doses on efficacy was not explored in 

further analysis.  
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Figure 3.4:  Dose-ORR (A) and dose-OS (B) relationship  
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Numbers beside solid black circles on the plots represent ORR in various dose groups. Numbers 

below the bars represent total number of patients in each dose group. Solid black circles 

represent mean and error bars denote 95% confidence intervals of the observed data.  
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3.4.3 Exposure-response for ORR & OS 

Figure 3.5 shows the quantile plot for steady state AUC and ORR. Consistent with dose-

response, a trend in increase in ORR was observed with increase in exposures of 

veliparib. Based on univariate logistic regression with steady state AUC as a predictor of 

ORR, the odds of having ORR increased by 15.5% with every 1000 ng.hr/mL increase in 

AUC, however the relationship was not statistically significant (p-value=0.08). Similarly, 

OS for the highest quartile of exposure was longer as compared to OS for the lower 

quartiles (Figure 3.6). Based on univariate cox proportional hazard analysis, the hazard 

of death was 41% less  in Q4 patients as compared to Q1 (p-value=0.22). 

The distribution of risk factors was evaluated in four quartiles (Table 3.4). Highest 

quartile (Q4) had higher proportion of MPN patients and patients with >8 days of 

treatment indicating that higher ORR observed in this quartile may also be attributed to 

MPN status and longer duration of treatment apart from higher exposure. Therefore, the 

relationship between AUC and ORR will likely be shallower than what is depicted in 

Figure 3.5 once baseline risk factors are accounted for. Hence, multivariate analysis was 

conducted to account for the confounding risk factors.  
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Figure 3.5:  Exposure -ORR relationship  

 

 

 

 

 

 

 

 

 

 

 

  

Category No. of subjects Median AUC 

(ng.hr/mL) 

ORR ((No. of patients with 

CR, CRi or PR/total) 

 Q1 21 555.0 0.33 (7/21) 

Q2 21 1117.2 0.24 (5/21) 

Q3 21 3771.9 0.28 (6/21) 

Q4 21 6266.1 0.57 (12/21) 
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AUC of veliparib at steady state (ng.hr/mL) 

Numbers on the plots represent observed ORR in each quartile. The solid black circles represent 

mean and error bars denote 95% confidence intervals of the observed data. The blue solid line 

shows mean model prediction with shaded blue area representing 95% confidence interval of 

model prediction. 
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Figure 3.6: Exposure-OS relationship 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3.4: Distribution of risk factors in different quartiles for exposure-ORR/OS 

analysis 

Covariate Proportion of patients 

Q1 Q2 Q3 Q4 

No. of 

prior 

therapies 

0 0.0 0.05 (1/21) 0.05 (1/21) 0.19 (4/21) 

1 0.33 (7/21) 0.38 (8/21) 0.57 (12/21) 0.24 (5/21) 

2 0.19 (4/21) 0.29 (6/21) 0.19 (4/21) 0.19 (4/21) 

3 0.29 (6/21) 0.14 (3/21) 0.10 (2/21) 0.38 (8/21) 

4 0.19 (4/21) 0.14 (3/21) 0.10 (2/21) 0.0 

MPN 0.10 (2/21) 0.10 (2/21) 0.29 (6/21) 0.48 (10/21) 

Different dose of 

topotecan plus 

carboplatin 

0.71 (15/21) 0.62 (13/21) 0 0 

Duration of treatment 0 0 0.14 (3/21) 0.38 (8/21) 

Q1-Q4 represents the quartile number; Median OS was 7.7, 6.0, 6.7, 9.0 months for Q1, Q2, Q3 

and Q4, respectively. The numbers in parenthesis represent the median AUC in each quartile. 
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* For 10 mg and 20 mg dose groups, the topotecan doses ranged from 1.0 -1.3 mg/m
2
/day and  carboplatin  

doses were 120 mg/m
2
/day or 150 mg/m2/day. For dose groups ≥ 40 mg, the topotecan and carboplatin 

doses were 1.2 mg/m
2
/day and 150 mg/m

2
/day, respectively. 

3.4.4 Multivariate exposure-response analysis for ORR & OS  

Table 3.5 shows the results of multivariate logistic regression for ORR. After adjusting 

for MPN status, treatment duration and prior therapy, the odds of having ORR increased 

by 8% with every 1000  ng.hr/mL increase in AUC, odds were 1.8-fold with >8 day 

treatment, 2.8-fold in patients with myeloproliferative neoplasms and 0.5-fold with ≥ 2 

prior therapies. None of the predictor variables were found to be statistically significant. 

Figure 3.7 shows the effect of increase in veliparib exposures on ORR after adjusting for 

risk factors. The exposure-response for ORR appears flat indicating that there is minimal 

benefit with the increase in exposures over the observed range of AUCs. It is also evident 

that the group with MPN, < 2 prior therapies and > 8 day duration has higher response at 

any particular AUC as compared to the group with no MPN, ≥ 2 prior therapies and 8 

days of treatment duration.  

 

Table 3.5: Multivariate logistic regression using ORR endpoint 

Parameter Estimate Odds ratio p-value 

Intercept -0.85 - - 

AUC (ng.hr/mL) 0.0000798 1.0000798 0.42 

Treatment duration                               

(>8 days versus 8 days 

treatment) 

0.57 1.77 0.56 

MPN                                                     

(No MPN versus MPN) 

1.02 2.78 0.17 

Prior therapies 

(<2 versus ≥2 prior therapies) 

-0.64 0.53 0.20 
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Figure 3.7: Predicted probability of objective response using multivariate logistic 

regression model  
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AUC of veliparib at steady state (ng.hr/mL) 

Patients with MPN, <2 prior therapies & >8 day treatment duration 

Patients without MPN, ≥2 prior therapies & 8 day treatment duration 

7/8 

5/20 5/20 

Blue solid line shows mean model prediction with shaded blue area representing 95% confidence 

interval of model prediction. The solid blue and black circles are the observed proportion of 

patients with ORR in each group. The numbers denote patients with CR, CRi or PR/total number of 

patients in each quartile. 
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Table 3.6 shows the results of multivariate cox proportional analysis for the OS endpoint. 

The hazard of death decreased by (1) 1.5% for 1000 ng.hr/mL increase in AUC, (2) 39% 

with >8 day treatment, (3) 44% in patients with MPN while increased by 19% with ≥ 2 

prior therapies indicating that the magnitude of the effect of AUC on overall survival was 

marginal compared to duration of treatment, MPN status and number of prior therapies. 

Figure 3.8 shows the effect of increase in veliparib exposures on OS after adjusting for 

risk factors. To evaluate the effect of increased AUC on OS, the survival probabilities 

were predicted from the multivariate cox proportional hazard model at the AUC of 555, 

1117, 3772 and 6266 ng.hr/mL in patients who had MPN, with < 2 prior therapies and > 

8 day duration.  The AUC values represent the median AUC of the AUC quartiles in 

Figure 3.5 and Figure 3.6. Similar plots were made for patients with no MPN, ≥ 2 prior 

therapies and 8 days of treatment duration. The OS was similar between different 

exposures for a given patient population. Also, as expected, the group with MPN, < 2 

prior therapies and > 8 day duration has higher OS at any particular exposure as 

compared to the group with no MPN, ≥ 2 prior therapies and 8 days of treatment 

duration.  
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Table 3.6: Multivariate cox proportional analysis for OS endpoint 

MPN-myeloproliferative neoplasms 

 

Figure 3.8: Predicted probability of survival using multivariate cox proportional 

hazards model 

 

 

 

 

 

 

 

 

 

 

 

 

Parameter Estimate Hazard  ratio p-value 

AUC (ng.hr/mL) -0.000015 0.99985 0.74 

Treatment duration                       

(>8 days versus 8 days 

treatment) 

-0.48 0.61 0.36 

MPN                                                     

(No MPN versus MPN) 

-0.58 0.56 0.14 

Prior therapies 

(<2 versus ≥2 prior therapies) 

0.175 1.19 0.48 
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Patients without MPN, ≥ 2 prior therapies 

therapies & 8 day treatment  

Patients with MPN, < 2 prior therapies 

therapies & >8 day treatment  

Solid lines represent the effect of increasing exposures in two patient populations. 
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3.4.5 Dose-response and exposure-response for adverse events 

Dose response relationship for all grade and grade ≥ 3 anorexia is shown in Figure 3.9. 

While there appears to be a trend for dose-response for all grade anorexia, the dose-

response for grade ≥ 3 anorexia appears relatively flat with 90 and 100 mg BID dose 

levels showing 20% and 25% event rate respectively. It is worth noting however that 

number of patients in 90 and 100 mg BID dose arm are 5 and 4, respectively which 

implies that the high adverse event rate is mainly driven by one patient in those dose 

groups. Therefore, it is not feasible to discern whether a relationship exists between dose 

and grade ≥ 3 anorexia with few number of patients having events. Since nausea, 

vomiting, diarrhea and hypokalemia were not considered clinically relevant dose limiting 

toxicities and no apparent dose response relationship was evident (Figure 3.9), no further 

exposure-response analysis for safety was conducted for these adverse events. For 

mucositis that was relevant adverse event of interest, clear trend of dose-response was 

observed for all grade and grade ≥ 3 mucositis. A total of 15% (15/99) of the patients had 

Grade ≥ 3 mucositis.  Figure 3.10 shows the dose-response for any grade (A) and grade ≥ 

3 mucositis (B). The proportion of patients with mucositis increased with an increase in 

veliparib dose. Furthermore, the exposure-response analysis was conducted for all grade 

and grade ≥ 3 mucositis as shown in Figure 3.11A and B, respectively. Based on the 

logistic regression, the odds of having any grade mucositis increased by 27.6% with 1000 

ng.hr/mL increase in veliparib AUC (p-value= 0.004). Also, the odds of having Grade ≥ 3 

mucositis increased by 29 % with 1000 ng.hr/mL increase in veliparib AUC (p-value= 

0.01).  
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Figure 3.9: Dose response relationship for anorexia, hypokalemia, nausea, diarrhea 

and vomiting  
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Figure 3.9 Continued 

  

Solid circles represent mean and 95% confidence interval of the observed data. Only 1 patient had 

grade ≥ diarrhea and none of the patients had grade ≥3 nausea or vomiting. 
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Figure 3.10: Dose-mucositis relationship for all grades (A) and grade ≥3 mucositis 

(B) 
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Solid black circles represent mean and error bars denote 95% confidence intervals of the 

observed data. The numbers denote proportion of patients with mucositis.  
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Figure 3.11: Exposure-mucositis relationship for all grade mucositis (A) and grade 

≥3 mucositis (B) 

 

 

 

 

 

 

 

 

 

 

 

 

  

Solid black circles represent mean and error bars denote 95% confidence intervals of the observed 

data. The numbers denote proportion of patients with mucositis. The blue solid line shows mean 

model prediction with shaded blue area representing 95% confidence interval of model prediction. 
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3.4.6 Relationship between ORR & OS 

A clear positive trend was observed between OS and ORR as depicted in Figure 3.12 

indicating that higher ORR was related with longer OS. The median OS was 15.5 months 

and 4.5 months in patients who were responders (n=33) and non-responders (n=62), 

respectively. Thus, ORR data collected in the future trials can be used to predict OS for 

veliparib in combination with topotecan plus carboplatin. OS predictions can then be 

used in planning future trial to predict clinical benefit with OS as a potential clinical 

endpoint.  

 

Figure 3.12: Correlation between Overall response rate (ORR) and overall survival 

(OS) 
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Solid black circles represent mean and error bars denote 95% confidence intervals of the 

observed ORR. The numbers denote number of patients with CR, CRi or PR/ total) 
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3.4.7 Exploratory analysis of relationship between veliparib concentrations, 

PAR suppression and ORR  

Figure 3.13 shows the time course of mean observed veliparib concentrations in the 

plasma and PAR levels on day 1. In general, across all dose levels, the maximum 

suppression in PAR levels was observed at approximately 2 hours.    

Figure 3.13: Observed mean veliparib concentrations and PAR levels for different 

doses on day 1 
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increase in PAR inhibition with increase in veliparib exposures was observed. 

Furthermore, a slight trend was observed between PAR inhibition and ORR. Patients with 

less than 50% inhibition of PAR levels had lower ORR as compared to patients with 

>50% inhibition of PAR. However, this relationship needs to be interpreted with caution 

due to limited sample size in each quantile.  

 

Figure 3.14: Relationship between veliparib exposure -% CFB in PAR levels in 

PBMC  

 

 

 

 

 

 

 

 

 

 

 

 

  

Quantile Mean veliparib 

concentrations 

(ng/mL) 

% change from 

baseline in PAR 

levels 

N 

1 0.0 0.0 40 

2 41.8 -55.2 10 

3 89.5 -64.2 10 

4 280.2 -77.7 10 

5 592.1 -77.7 10 
Solid black circles represent mean and error bars denote 95% confidence intervals. The patients with 

baseline PAR levels >100 pg/10
7
 cells were included in the analysis. 
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 Figure 3.15: Relationship of %CFB in PAR levels with ORR  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.5 Discussion    

Aggressive and transformed MPNs and CMML are associated with refractoriness to 

diverse therapies, as evidence by the finding that the median overall survival in patients 

Quartile Mean % change from 

baseline in PAR 

ORR N 

1 -90.6 0.40 10 

2 -77.4 0.33 9 

3 -66.6 0.44 9 

4 -34.7 0.11 9 
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hour on day 1 
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Solid black circles represent mean and error bars denote 95% confidence intervals. The patients with 

baseline PAR levels >100 pg/10
7
 cells were included in the analysis. 
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with leukemic transformation from MPN is less than 6 months (Pratz KW et al., 2017; 

Mesa R et al., 2016; Griesshammer M et al., 2015; Erba HP, 2015). The Phase I dose 

escalation trial of veliparib in combination with topotecan and carboplatin demonstrated 

that patients with antecedent or aggressive MPNs and CMMLs achieved a 64% ORR, 

consistent with the preclinical findings that these disorders exhibit homologous 

recombination deficits conferring sensitivity to PARP inhibition ex vivo (Pratz KW et al., 

2016). The goal of the current analysis was to evaluate the exposure-response for efficacy 

and safety and the effect of risk factors on clinical outcome to inform the trial design for 

future clinical investigations of veliparib in combination with topotecan plus carboplatin.  

From the current analyses, patients with MPN, less than 2 prior therapies and >8 days 

treatment were found to have higher ORR supporting that future trials should investigate 

MPN patient population and longer treatment duration. In addition, it has been reported 

by Pratz et al that, like other neoplasms with homologous repair defects, MPNs exhibit 

PARP inhibitor hypersensitivity compared to normal marrow (Pratz KW et al., 2016). 

These results suggest that further preclinical and possibly clinical study of PARP 

inhibitors in MPNs is warranted. Treatment duration of 14 days had higher ORR and OS 

as compared to 8 and 21 days treatment. A decreasing trend in OS and ORR when 

treatment duration was increased from 14 to 21 days may be due to limited sample size in 

each treatment duration group.  

We would like to acknowledge certain limitations of our analysis. First, the aim of the 

analysis was to identify the trends in the data and extract information to inform future 

clinical investigations of veliparib. Therefore, statistical significance to identify the 

potential risk factors was not considered at this stage of drug development. Second, 
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majority of patients (~70%) who did not achieve objective response only received one 

course of treatment while they were followed long term for OS which could be 

substantially larger than the treatment duration. It is therefore possible that longer 

duration of OS observed in some patients cannot be attributed to short term veliparib 

treatment. Thus, exposure-response analysis of ORR was considered as the primary 

analysis to support dosing recommendations while exposure – response analysis for OS 

was considered exploratory and supportive. Nevertheless, it is important to note that the 

exposure-response analysis for both ORR and OS were internally consistent and showed 

similar trends. 

A relatively shallow exposure-response relationship for ORR was observed after 

adjusting for the MPN status, treatment duration and number of prior therapies. For 

median AUC at 80 mg dose (maximum tolerated dose), the model predicted ORR in 

patients with MPN, < 2 prior therapies and >8 day treatment was 75% while the model 

predicted mucositis rate was 19% (Figure 3.16). A shallow exposure-response for 

efficacy would suggest that a dose lower than 80 mg (for e.g., 40 mg) would show similar 

efficacy as that of 80 mg. At a lower dose of 40 mg, the model predicted ORR in patients 

with MPN, < 2 prior therapies and >8 day treatment was 71% and mucositis rate 

decreased to 10%. However, as shown in Figure 3.16, there is uncertainty around the 

mean ORR predictions indicating that lower than 80 mg doses may or may not result in 

loss of efficacy. Furthermore, the incidence and severity of transient mucositis at 80 mg 

dose is clinically acceptable in this patient population. It is worth noting that the patients 

enrolled in this trial were relapsed or refractory patients signifying the severity of the 

disease. We acknowledge that because of substantial pharmacokinetic variability at the 
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80 mg dose, there will be patients who may have higher probability of experiencing grade 

≥ 3 mucositis (Figure 3.16) that may require dose reduction to manage mucositis.  

Figure 3.16: Benefit/Risk assessment of veliparib  
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Efficacy: ORR 

Safety: Mucositis 

Solid and dashed blue lines represent the model predicted probability of achieving 

objective response in patients with MPN, < 2 prior therapies and >8 day treatment 

at median AUC for 80 mg and 40 mg veliparib doses, respectively. The shaded blue 

region denotes 95% confidence interval. The solid and dashed red lines represent 

model predicted probability of grade ≥ 3 mucositis at the median AUC of 80 mg 

and 40 mg doses, respectively. The shaded red region denotes 95% confidence 

interval. Solid and dashed black vertical lines represent the median AUC for 80 mg 

veliparib and 40 mg veliparib doses, respectively. 
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Furthermore, from a preclinical perspective, the median IC50 of veliparib as a single agent 

from colony forming assays in MPN patients was ~3µM  (732.9 ng/mL) (Pratz KW et al., 

2016). It was observed that the clinical exposures of veliparib at steady state at 80 mg 

BID dose were overlapping with the preclinical IC50). Therefore, lower exposures 

resulting from 40 mg BID dose are not justified based on preclinical single agent IC50.  

From the population pharmacokinetic analysis conducted previously, a 28% increase in 

AUC was predicted in a patient with mild renal impairment as compared to a patient with 

normal renal function (Mehrotra S et al., 2016). A 28% increase in veliparib AUC would 

result in only 7% increased probability of mucositis based on the established exposure- 

mucositis relationship. The increased exposures in mild renal impairment patient are 

within the range of exposures observed at 80 mg dose. Therefore, we recommend that it 

is reasonable to enroll patients with mild renal impairment in the next trial without the 

need for veliparib dose adjustment. 

Since PARP inhibitors can inhibit PARP in PBMC measured by PAR formation, we 

attempted to characterize the relationship between exposures of veliparib and PAR 

inhibition. On an average more than 50% inhibition of PAR levels was observed at all 

dose levels. However, a shallow relationship was observed between veliparib exposures 

and PAR inhibition possibly due to the variable leukemic blast populations in the PAR 

assay samples. PAR inhibition in non-leukemic PBMCs is no longer conducted due to 

poor correlation with PK in solid tumor studies. The exposures observed with 80 mg BID 

fall into the plateau of the exposure-response relationship. In addition, inhibition in PAR 

levels was plotted against ORR. Patients with less than 50% inhibition of PAR levels had 

lower ORR as compared to patients with >50% inhibition of PAR. These relationships 
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(Figure 3.14 and Figure 3.15) need to be interpreted carefully due to limited sample size. 

Nevertheless, these relationships support the choice of 80 mg BID dose for future clinical 

investigations. 

Based on the totality of evidence which includes exposure-response analysis, severity of 

disease, available treatment options and preclinical evidence and PAR inhibition, a dose 

of 80 mg BID administered for at least 14 days with topotecan and carboplatin is 

adequate for further clinical investigations in patients with aggressive MPNs and CMML. 

 

3.6 Conclusions 

Conducting clinical trials in oncology is challenging and this particular example 

highlights the value of conducting heterogeneous trials with wide range of doses, varying 

treatment duration, different patient populations, assessing the effect of combination 

therapies and renal impairment on pharmacokinetics of the study drug. Because of such 

heterogeneity in the trial, it was possible to leverage the information from this phase 1 

trial to answer several questions pertaining to the phase 2 clinical trial design as opposed 

to conducting separate trials to answer different questions. Techniques such as population 

pharmacokinetics and exposure-response were key towards providing trial design 

recommendations for the phase 2 trial (treatment duration, patient population, dose and 

inclusion of mild renal impairment patients). Furthermore, understanding the exposure-

response relationships for efficacy and safety was pivotal to support the 80 mg veliparib 

dose for future investigations. Based on the available data and totality of evidence that 

included pre-clinical evidence, exposure-response analysis for efficacy and safety, and 

analysis of PAR levels, the recommended phase 2 dose of veliparib in combination with 
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topotecan (1.2 mg/m
2
/day) plus carboplatin (150 mg/m

2
/day) is 80 mg twice daily for up 

to 14 days in patients with MPN.   



  

 

183 

 

3.7  References 

Bewick V, Cheek L, Ball J. Statistics review 12: survival analysis. Crit Care. 

2004;8:389–94.  

 

Erba HP. Finding the optimal combination therapy for the treatment of newly diagnosed 

AML in older patients unfit for intensive therapy. Leuk Res. 2015;39(2):183–91.  

 

FDA Guidance for industry: Exposure response relationships -study design, data analyis, 

and regulatory applications. 2003. 

 

Ganguly B, Dolfi S, Rodriguez-Rodriguez L et al. Role of Biomarkers in the 

Development of PARP Inhibitors. Biomark Cancer. 2016;8(S1):15–25.  

 

Griesshammer M, Gisslinger H, Mesa R. Current and future treatment options for 

polycythemia vera. Ann Hematol. 2015;94:901–10.  

 

Lee JY, Garnett CE, Gobburu JVS et al. Impact of pharmacometric analyses on new drug 

approval and labelling decisions: A review of 198 submissions between 2000 and 2008. 

Clin Pharmacokinet. 2011;50:627–35.  

 

Livraghi L, Garber JE. PARP inhibitors in the management of breast cancer: current data 

and future prospects. BMC Med. 2015;13:188-204.  

 

Maag D, Solomon L, Hopkins T et al. Rationale for the combination of veliparib with 

platinum-based chemotherapy. J Clin Oncol. 2015; Abstract number 2556. 

http://meetinglibrary.asco.org/content/146760-156. 

 

Mehrotra S, Florian J, Gobburu J. Don’t get boxed in: commentary on the visual 

inspection practices to assess exposure-response relationships from binary clinical 

variables. J Clin Pharmacol. 2012;52(12):1912–7.  

 

http://meetinglibrary.asco.org/content/146760-156


  

 

184 

 

Mehrotra S, Gopalakrishnan M, Gobburu JV et al. Population pharmacokinetics of 

veliparib with and without topotecan plus carboplatin in patients with hematological 

malignancies. Presented at Annual Meeting of the American College of Clinical 

Pharmacology 2016c. http://www.accp1.org/documents/2016ACCPFinalProgram.pdf. 

 

Mesa R, Miller CB, Thyne M et al. Myeloproliferative neoplasms (MPNs) have a 

significant impact on patients’ overall health and productivity: the MPN Landmark 

survey. BMC Cancer. 2016;16:167-177.  

 

Milligan PA, Brown MJ, Marchant B et al. Model based drug development : a rational 

approach to efficiently accelerate drug development. Clin Pharmacol Ther. 2013;93:502–

14.  

 

Pratz KW, Koh BD, Patel AG et al. Poly (ADP-Ribose) polymerase inhibitor 

hypersensitivity in aggressive myeloproliferative neoplasms. Clin Cancer Res. 

2016;22:3894–902.  

 

Pratz KW, Rudek MA, Gojo I et al. A Phase I study of topotecan, carboplatin and the 

PARP inhibitor veliparib in acute leukemias, aggressive myeloproliferative neoplasms 

and chronic myelomonocytic leukemia. Clin Cancer Res 2017; 23(4): 899-907. 

 

Prescribing information for Olaparib. 

http://www.accessdata.fda.gov/drugsatfda_docs/label/2014/206162lbl.pdf, accessed on 

10/20/2016. 

 

Reinbolt RE, Hays JL. The Role of PARP Inhibitors in the Treatment of Gynecologic 

Malignancies. Front Oncol. 2013;3:237-248.  

 

Ricks TK, Chiu H-J, Ison G et al. Successes and Challenges of PARP Inhibitors in 

Cancer Therapy. Front Oncol. 2015;5:222-227.  

 

http://www.accp1.org/documents/2016ACCPFinalProgram.pdf
http://www.accessdata.fda.gov/drugsatfda_docs/label/2014/206162lbl.pdf


  

 

185 

 

Schilsky RL,  Rosen O, Minasian L et al. Optimizing dosing of oncology drugs. Friends-

Brookings Conference on Clin Cancer Res. 2013; 96(5): 1-11.  

 

Venkatakrishnan K, Friberg LE, Ouellet D et al. Optimizing oncology therapeutics 

through quantitative translational and clinical pharmacology: Challenges and 

opportunities. Clin Pharmacol Ther. 2015;97:37–54.  

  

 

 

 

 

 

 

 

  



  

 

186 

 

Chapter 4 : Kinetic-Pharmacodynamic Model of Chemotherapy Induced Peripheral 

Neuropathy in Patients with Metastatic Breast Cancer Treated with 

Paclitaxel, Nab-Paclitaxel or Ixabepilone: CALGB 40502 (Alliance) 
1
 

4.1   Summary 

Background: CIPN is a dose limiting toxicity caused by several chemotherapeutic 

agents. Currently, CIPN is managed by empirical dose modifications at the discretion of 

the treating physician. The goal of the research was to quantitate the dose-CIPN 

relationship to inform the optimal strategies for dose modification to manage CIPN. 

 

Methods: Data were obtained from the CALGB 40502 (Alliance) trial, a randomized 

phase III trial comparing efficacy and safety of paclitaxel, nab-paclitaxel and ixabepilone 

as first-line chemotherapy for locally recurrent or metastatic breast cancer. CIPN was 

measured using a subset of the FACT/GOG-NTX scale, a patient reported outcome. A 

kinetic-pharmacodynamic model was utilized to quantitate the dose-CIPN relationship 

simultaneously for the three drugs. Indirect response models with linear and Smax drug 

effects were assessed. The model was evaluated by comparing the predicted proportion of 

patients with CIPN (score ≥ 8 or score ≥ 12) to the observed proportion. 

 

 

1 
Content of the chapter adapted from Shailly Mehrotra*, Manish R. Sharma*, Elizabeth Gray, Kehua Wu, 

William T. Barry, Clifford Hudis, Eric P. Winer, Alan P. Lyss, Deborah L. Toppmeyer, Alvaro Moreno-

Aspitia, Thomas E. Lad, Mario Valasco, Beth Overmoyer, Hope Rugo, Mark J. Ratain, Jogarao V. 

Gobburu. Kinetic-Pharmacodynamic Model of Chemotherapy Induced Peripheral Neuropathy in 

Patients with Metastatic Breast Cancer Treated with Paclitaxel, Nab-Paclitaxel or Ixabepilone: CALGB 

40502 (Alliance), submitted to AAPS Journal (*both authors contributed equally to the work).  
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Results: An indirect response model with linear drug effect was able to describe the 

longitudinal-CIPN data reasonably well. Nab-paclitaxel was less neurotoxic than 

paclitaxel or ixabepilone. The proportion of patients that were falsely predicted to have 

CIPN or were falsely predicted not to have CIPN was 20% or less at any cycle.  

 

Conclusion: The K-PD model described the individual time course of CIPN for all the 

three treatment arms. The model will be utilized to identify an early time point that can 

predict CIPN at later time points. This strategy will be utilized to inform dose 

adjustments to prospectively manage CIPN.  
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4.2 Introduction  

CIPN is a dose limiting toxicity caused by platinum drugs, vinca alkaloids, bortezomib 

and taxanes (among others) that impairs the quality of life and/or functional status of 

cancer patients (Schloss JM et al., 2013; Mantyh PW, 2006). CIPN is characterized by 

numbness, tingling, and discomfort in the hands and feet (Schloss JM et al., 2013). The 

mechanism involves early, sustained and progressive dysfunction of the sensory axons 

while motor function remains unchanged (Hershman DL et al., 2014; Park SB et al., 

2011). CIPN can also have a significant effect on survival, as it can interfere with optimal 

dosing or necessitate the early discontinuation of effective therapies (Schloss JM et al., 

2013; Mantyh PW, 2006). 

There are limited options for the prevention or management of CIPN. Many agents have 

been studied to prevent CIPN but none have been found to be effective, hence the 

American Society of Clinical Oncology does not recommend their use (Hershman DL et 

al., 2014). With regards to the treatment of CIPN after the completion of chemotherapy, 

the best available data supports a moderate recommendation for the treatment with 

duloxetine based on a prospective randomized trial showing a modest improvement in 

pain severity (Hershman DL et al., 2014; Smith EML et al., 2013).  

A number of risk factors for CIPN have been postulated, including dose/schedule, 

exposure and genetic polymorphisms. For paclitaxel, a dose of 250 mg/m
2 

administered 

as a 3-hour infusion every 3 weeks was found to cause more grade 3 neuropathy as 

compared to doses of 210 mg/m
2
 and 175 mg/m

2
 in patients with metastatic breast cancer 

(Winer EP et al., 2004). In another study, the mean cumulative dose for onset of 

neurotoxicity (≥ grade 2) was 715 mg/m
2
 for paclitaxel in metastatic breast cancer (Jones 
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SE et al., 2005). Weekly paclitaxel (80 mg/m
2
) resulted in higher rate of neuropathy (≥ 

grade 2) as compared to paclitaxel (175 mg/m
2
) administered every 3 weeks for a total of 

6 doses in combination with carboplatin for ovarian cancer (Chan JK et al, 2016). A 

recent study of patients treated with paclitaxel on CALGB 40101 showed that a common 

polymorphism in FGD4, a congenital peripheral neuropathy gene, increases the risk of 

developing CIPN (Baldwin RM et al., 2013). Another study found that women who were 

CYP3A4*22 carriers had higher risk of developing CIPN (Graan AJM et al., 2014). 

Higher AUC of paclitaxel and time above a concentration of 0.05 µM have also been 

correlated with the severity of CIPN (Graan AJM et al., 2014; Mielke S et al., 2005). A 

higher rate of CIPN was observed in a phase III trial of nab-paclitaxel (260 mg/m
2
 q3w) 

as compared to paclitaxel (175 mg/m
2 

q3w). The authors attributed the higher rate of 

CIPN with nab-paclitaxel to a 49% higher actual delivered paclitaxel dose for nab-

paclitaxel as compared to paclitaxel (Rivera E et al., 2015). For ixabepilone, based on 

data collected from phase II/III trials, the rate of ixabepilone induced grade 3 or 4 

neuropathy ranged from 1% to 24% (Vahdat LT et al., 2012). Despite all of these studies, 

it remains difficult to predict which patients are at higher risk for CIPN (Argyriou AA et 

al., 2014).  

Because dose is widely recognized as a risk factor, CIPN is usually managed by dose 

interruptions and/or reductions after CIPN occurs. Some researchers have postulated that 

early recognition and initial management through dose interruption or reduction might 

prevent discontinuation of therapy (Velasco R et al., 2010; Speck RM et al., 2013).  

However, there is little emphasis on prevention of CIPN through prospective dose 

modification by utilizing a patient’s own early toxicity data to predict later toxicity. 
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Therefore, there is a definite need for dose individualization to manage CIPN (Postma TJ 

et al., 2013).  

The longitudinal dose and CIPN data were available from a randomized, phase III trial of 

weekly paclitaxel compared to nanoparticle albumin bound paclitaxel (nab-paclitaxel) or 

ixabepilone with or without bevacizumab as first line therapy for locally recurrent or 

metastatic breast cancer, conducted by the Alliance for Clinical Trials in Oncology 

(CALGB 40502) (Rugo HS et al., 2015).  The objectives of our research were to utilize 

the data from this trial to: 1) describe the quantitative relationship between dose and 

patient reported CIPN score; 2) qualify the model for its intended purpose, 3) identify an 

early time point that is predictive of later CIPN scores; and 4) perform simulations to 

propose strategies to manage CIPN. The focus of the current chapter is to present the 

development and qualification of the longitudinal model for the dose-CIPN relationship 

(Objectives 1 and 2). Chapter 5 will describe the selection of an early time point and the 

results of simulations to support CIPN management strategies (Objectives 3 and 4).  

 

4.3 Methods 

4.3.1 Data 

The data were obtained from a randomized, phase III trial that evaluated the efficacy and 

safety of paclitaxel, nab-paclitaxel or ixabepilone with or without bevacizumab as first 

line therapy for locally recurrent or metastatic breast cancer patients (Rugo HS et al., 

2015). Each participant signed an IRB-approved, protocol-specific informed consent in 

accordance with federal and institutional guidelines. With respect to peripheral 

neuropathy, patients with Common Terminology Criteria for Adverse Events version 4.0 
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grade ≥ 2 pre-existing peripheral neuropathy were excluded from the trial. Paclitaxel, 

nab-paclitaxel and ixabepilone were administered intravenously at doses of 90 mg/m
2 

over 1 hour, 150 mg/m
2
 over 30 minutes, and 16 mg/m

2
 over 1 hour, respectively, on 

days 1, 8 and 15 of each 28-day cycle. Bevacizumab was administered at a dose of 10 

mg/kg intravenously on days 1 and 15 of each 28-day cycle for 97% of patients across the 

three treatment arms (Rugo HS et al., 2015). Dosing information in each cycle was 

available; however, no plasma concentration data were collected. Dose modifications 

were performed due to hematological toxicity, intolerable grade 2 or grade ≥ 3 peripheral 

neuropathy, hypersensitivity reaction or other non-hematologic toxicity. The doses of 

paclitaxel, nab-paclitaxel and ixabepilone could be reduced to 60 mg/m
2
, 90 mg/m

2
 and 

10 mg/m
2
, respectively (Rugo HS et al., 2015). The baseline demographic characteristics 

such as age, weight, height, BMI, BSA, race and use of prior taxanes were available.  

 

4.3.2 Response variable for measuring CIPN symptoms 

A validated, patient reported scale (the FACT/GOG NTX) subscale) was utilized for 

assessing CIPN that consisted of 11 items related to physical symptoms and functional 

limitations, rated on a 5-point Likert scale from 0 (“Not at all”) to 4 (“Very much”), as 

demonstrated in Table 4.1 (Cella D et al., 2003; Sasane M et al., 2010; Huang HQ et al., 

2007). CIPN was evaluated using the FACT/GOG-NTX at baseline and at the start of 

each chemotherapy cycle (every 28 days). It has been reported that the first four 

questions pertaining to sensory neuropathy account for the majority of changes in CIPN 

over time (Huang HQ et al., 2007), and this was confirmed to be the case for the data 

from the current trial (Figure 4.1). Therefore, a phenotype called “FGSUM4” was 
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derived by adding the scores from the four FACT/GOG-NTX items related to sensory 

neuropathy. Henceforth, “FGSUM4” will be denoted as CIPN score. The CIPN scores 

ranged from 0-16 with higher scores indicating higher severity. Patients with CIPN 

scores of > 4 at baseline were considered to already have some degree of CIPN despite 

meeting eligibility criteria of not having grade ≥ 2 neuropathy by CTCAE. Since the goal 

of the research was to propose dose adjustments for patients who are at risk for 

developing CIPN (not for those who already have it at the baseline), patients with 

baseline CIPN score > 4 were excluded from model development. The excluded patients 

accounted for only 8% of the total population. 

Table 4.1: FACT/GOG-NTX Scale for CIPN (provided by CALGB 40502 

investigators) 
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Figure 4.1: Graph representing longitudinal change in sensory, hearing, dysfunction 

and motor sub scores of FACT-NTX.  Sensory neuropathy (A) accounted for the 

majority of the change in CIPN over time  

 

 

 

 

 

 

 

 

 

 

 

 

4.3.3 Dose-CIPN score model  

A longitudinal dose-response model was developed to quantify the time course of CIPN 

scores for paclitaxel, nab-paclitaxel and ixabepilone using nonlinear mixed effects 

modeling. The nonlinear mixed effects modeling was conducted in NONMEM (version 

7.2, ICON Development Solutions, Ellicott City, MD) and graphical exploration was 

performed using R version 3.3.0.  
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4.3.4 Base Model  

Since pharmacokinetic data were not collected, a K-PD model as previously described 

(Jacqmin P et al., 2007) was utilized to quantitate the time course of dose and CIPN 

score. A K-PD model allows for the characterization of the time-course of a drug’s 

effects in the absence of pharmacokinetics by using dosing information. CIPN score was 

treated as a continuous variable. The onset of CIPN occurs gradually, and hence is not a 

direct effect after dose administration. Therefore, an indirect response model that 

represents the stimulation of CIPN with the dose of neurotoxic drugs was utilized as the 

pharmacodynamic model (Sharma A et al., 1998). Figure 4.2 illustrates the structure of 

the K-PD model. The differential equations are described as follows: 

                                             
𝑑𝐴

𝑑𝑡
= −𝐾𝐷𝐸 ∙ 𝐴                                              (1) 

                                             𝐼𝑅 = 𝐾𝐷𝐸 ∙ 𝐴                                                    (2) 

𝑑(𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒)

𝑑𝑡
= 𝐾𝑖𝑛 ∙ (1 +  𝑠𝑙𝑜𝑝𝑒 ∙ 𝐼𝑅) −  𝐾𝑜𝑢𝑡 ∙ 𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒       (3) 

                                           𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒 (0) =
𝐾𝑖𝑛

𝐾𝑜𝑢𝑡
                                   (4) 

where A is the amount of the drug in the virtual compartment, KDE represents the 

elimination rate constant from the virtual compartment, IR is the virtual infusion rate, 

CIPN score is the response variable, Kin and Kout are the zero and first order rate 

constants for the appearance and disappearance of CIPN symptoms, respectively, and 

slope represents the relationship between CIPN score and IR. The baseline CIPN score 

was estimated and Kout was calculated as Kin/baseline CIPN score. 
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Figure 4.2: Schematic representation of the K-PD model 

 

 

 

 

 

 

 

 

A(t): the amount of drug in the virtual compartment at time t 

KDE: elimination rate constant from the virtual compartment 

IR(t):the virtual infusion rate at time t 

Kin: the zero order rate for the appearance of CIPN symptoms 

Kout: the first order rate constant for the disappearance of CIPN symptoms 

Apart from the linear model, the drug effect was also modeled as a Smax model described 

using the following equation: 

𝑑(𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒)

𝑑𝑡
= 𝐾𝑖𝑛 ∙ (1 +  

𝑆𝑚𝑎𝑥 ∙ 𝐼𝑅

𝑆𝐷𝐾50 + 𝐼𝑅
) −  𝐾𝑜𝑢𝑡 ∙ 𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒    (5) 

where Smax is maximum stimulation and SDK50 is the IR that produces 50% of maximum 

stimulation.  
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Since all three drugs exert their anticancer effects by enhancing tubulin polymerization 

(Prescribing information of Paclitaxel, 2016; Prescribing information of Nab-paclitaxel, 

2016; Prescribing information of Ixabepilone, 2016), it is likely that the mechanism of 

development of CIPN is the same for all three drugs. Therefore, a combined model for 

the three drugs was developed, with slope (equation 3) or SDK50 (equation 5) estimated 

separately for each drug. The BSV was incorporated on all the parameters. The 

parameters were assumed to be lognormally distributed; therefore, an exponential 

structure as described below was utilized to estimate BSV. 

                                             𝑃𝑖 = 𝑡𝑣𝑃 ∗ exp (𝜂𝑃)                                            (6) 

where Pi is the parameter in an individual, tvP is the population estimate of the parameter 

and ηp is the between subject variability. ηp was assumed to be normally distributed with 

a mean of 0 and a variance of Ω
2
.  Inclusion of correlation between the random effects of 

the parameters was attempted. The residual variability was modeled using an additive 

error structure. First order conditional estimation with interaction was used for the 

estimation. 

 

4.3.5 Covariate Model  

Exploratory data analysis of covariates including height, weight, age, BMI, BSA, race 

and use of prior taxane with CIPN score was conducted. No trends were observed in the 

exploratory data analysis. Furthermore, relationships between random effects of the 

model parameters and covariates were examined to identify if covariates needed to be 

included in the model. 
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4.3.6 Model Qualification 

The final model was qualified using goodness of fit plots, individual predictions and 

precision of the parameter estimates. The precision of the final model parameters was 

obtained using bootstrapping. For obtaining bootstrap parameter estimates and 

confidence intervals, 1,000 datasets with the same design (same number of subjects and 

dose schedule) were generated by random sampling with replacement. The final model 

was fitted to each of these datasets and the median and the 90% confidence intervals were 

obtained for the model parameters. 

Since we propose to use the individual empirical Bayes estimates for prediction of CIPN, 

the individual predicted and the observed CIPN scores were compared at C2D1 (cycle 2 

day 1 or end of cycle 1), C4D1 (cycle 4 day 1 or end of cycle 3), C7D1 (cycle 7 day 1 or 

end of cycle 6) and C10D1 (cycle 10 day 1 or end of cycle 9) using the following metrics. 

The CIPN score was modeled as a continuous variable and thus the predicted CIPN could 

attain decimal values. Therefore, the predicted CIPN score was rounded off to the nearest 

integer value for comparison to observed CIPN score. For example, a predicted CIPN 

score of 7.5 was rounded to 8. The percent concordance and discordance were calculated 

as described below.  

% 𝐷𝑖𝑠𝑐𝑜𝑟𝑑𝑎𝑛𝑐𝑒 (𝐷𝑖𝑠𝑐𝑜𝑟𝑑1)

=
(𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 𝑤𝑖𝑡ℎ 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒 < 8 𝑏𝑢𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒 ≥ 8)

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠

×  100   (7)  

% 𝐷𝑖𝑠𝑐𝑜𝑟𝑑𝑎𝑛𝑐𝑒 (𝐷𝑖𝑠𝑐𝑜𝑟𝑑2)

=
(𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 𝑤𝑖𝑡ℎ 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒 ≥ 8 𝑏𝑢𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒 < 8)

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠

× 100    (8) 
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% 𝐶𝑜𝑛𝑐𝑜𝑟𝑑𝑎𝑛𝑐𝑒 (𝐶𝑜𝑛𝑐𝑜𝑟𝑑1)

=
(𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 𝑤𝑖𝑡ℎ 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑎𝑛𝑑  𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒 ≥ 8 )

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠

× 100   (9) 

% 𝐶𝑜𝑛𝑐𝑜𝑟𝑑𝑎𝑛𝑐𝑒 (𝐶𝑜𝑛𝑐𝑜𝑟𝑑2)

=
(𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 𝑤𝑖𝑡ℎ 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑎𝑛𝑑  𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒 < 8 )

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠

× 100  (10) 

 

Concordance probability was defined as number of patients in Concord 1 and 2 / total 

number of patients. Based on discussion with oncologists, a CIPN score cut-off of ≥ 8 

was considered clinically meaningful. A CIPN score cut-off of ≥ 8 is the midpoint of the 

range and corresponds to an average score of 2 (an answer of “somewhat”) for the four 

questions, which would likely have a significant impact on the patient’s quality of life. In 

an ideal situation, one would want to maximize the proportion of patients in Concord1 

and Concord2, while minimizing the proportion in Discord1 and Discord2. An alternative 

CIPN score cut-off of ≥ 12 was also explored because it corresponds to an average score 

of 3 (an answer of “quite a bit”) for the four questions, which would certainly have a 

significant impact of the patient’s quality of life. 

To compare CIPN severity amongst the three drugs, CIPN scores were simulated using 

the population parameters with doses of 90 mg/m
2
 (paclitaxel),150 mg/m

2
 (nab-

paclitaxel) and 16 mg/m
2
 (ixabepilone) administered on day 1, 8 and 15 for 7 cycles in a 

typical patient with a BSA of 1.8 m
2
. 
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4.4 Results 

A total of 653 patients with 4799 observations were included in model development. 

Table 4.2 shows the demographics of the population used for model development. The 

number of patients in the paclitaxel, nab-paclitaxel and ixabepilone arms was 234, 215 

and 204, respectively. The distributions of the baseline age, weight, height, BMI, BSA, 

race and the use of prior taxane were similar among the three treatment arms. The 

baseline CIPN score ranged from 0-4, with ~ 65% of the patients having a CIPN score of 

0 at baseline.  

Figure 4.3 depicts the time course of CIPN and number of observations for the 

paclitaxel, nab-paclitaxel and ixabepilone arms. There appears to be significant 

variability in CIPN scores, but on average, CIPN scores increased with time and then 

reached a plateau in all treatment arms. This may be due to dose reductions or treatment 

discontinuation. Only 17% of patients discontinued therapy due to adverse events, 

including peripheral neuropathy (Rugo HS et al., 2015). On a median level, CIPN score 

after 6 cycles was ~4 for paclitaxel and ~6 for nab-paclitaxel and ixabepilone. CIPN 

scores from approximately 55% (128/234) of patients were available for paclitaxel 

through 6 cycles, while 44% (95/215) and 45% (92/204) of the patients had CIPN scores 

through 6 cycles available in the nab-paclitaxel and ixabepilone arms, respectively.  
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Table 4.2: Demographic characteristics of the population used for model 

development  

                     

 

 

Treatment Arms (n=653) 

Paclitaxel Nab-Paclitaxel Ixabepilone 

90 mg/m
2

 on days 

1, 8 & 15 every 28 

days 

150 mg/m
2

 on days 

1, 8 & 15 every 28 

days 

16 mg/m
2

 on days 

1, 8 & 15 every 28 

days Number of patients 

with baseline CIPN 

Score ≤ 4 

234 215 204 

Height (cm) 

mean ± SD 
162.6  ± 7.8 162.7 ± 6.8 163.0 ± 7.6 

Weight (kg) 

mean ± SD 
78.4 ± 19.0 78.5 ± 20.3 78.1 ± 18.1 

BMI (kg/m
2

) 

mean ± SD 
29.7 ± 7.3 29.6 ± 7.1 29.4 ± 6.4 

Baseline BSA (m
2

) 

mean ± SD 
1.87 ± 0.24 1.87 ± 0.25 1.87 ± 0.23 

Age  (years) 

mean ± SD 
57.2 ± 10.7 56.6 ± 11.3 56.5 ± 10.1 

Prior taxane  therapy 

(No. of patients (%)) 
90 (38.5 %) 83 (38.6 %) 82 (40.2%) 

Race  

White 183 (78.2%) 170 (79.1%) 174 (85.3%) 

Black 35 (14.9%) 32 (14.9%) 21 (10.3%) 

Other 16 (6.8%) 13 (6.0%) 9 (4.4%) 

Baseline CIPN Score    

0 150 (64.1%) 139 (64.7%) 129 (63.2%) 

1 31 (13.2%) 32 (14.9%) 29 (14.2%) 

2 24 (10.3%) 26 (12.1%) 19 (9.3%) 

3 12 (5.1%) 8 (3.7%) 15 (7.4%) 

4 17 (7.3%) 10 (4.7%) 12 (5.9%) 

 

Subjects with baseline CIPN score >4 were excluded from the analysis (18, 27 and 16 

subjects had baseline CIPN score >4 in the paclitaxel, nab-paclitaxel and ixabepilone 

arms, respectively)  
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Figure 4.3: Observed time course of CIPN scores for paclitaxel, nab-paclitaxel and 

ixabepilone  
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As reported by Rugo et al, dose reductions were more frequent and occurred earlier for 

patients receiving nab-paclitaxel, with 31% of patients having been dose-reduced by 

cycle 2, and 45% by cycle 3 compared with 9% (cycle 2) and 15% (cycle 3) for 

paclitaxel, and 6% (cycle 2) and 15% (cycle 3) for ixabepilone. Only 28% of patients 

were still receiving full-dose nab-paclitaxel at the start of cycle 5 compared with 76% for 

paclitaxel and 65% for ixabepilone (Rugo HS et al., 2015). The reasons for dose 

modifications or drop out for individual patients were not available. The dose 

modifications could have been due to toxicities other than neuropathy, and treatment 

discontinuation was primarily due to disease progression and/or death, or adverse events 

(Rugo HS et al., 2015). 

Figure 4.4 depicts the time to first CIPN for paclitaxel, nab-paclitaxel and ixabepilone 

based on different CIPN score cut-offs. Regardless of the CIPN cutoff, patients on 

paclitaxel had CIPN later than the patients on nab-paclitaxel and ixabepilone. The median 

time to CIPN score ≥ 8 was 238, 135 and 147 days for paclitaxel, nab-paclitaxel and 

ixabepilone, respectively. The percent of patients with CIPN score ≥ 8 at any time were 

41% (96/234), 48% (103/215) and 47% (95/204) for paclitaxel, nab-paclitaxel and 

ixabepilone, respectively. 
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Figure 4.4: Time to first CIPN based on different CIPN score cut-offs  

  

CIPN score 

cut-off 
 Paclitaxel Nab-paclitaxel Ixabepilone 

CIPN score  

≥ 6 

Median time to CIPN (days) 144 108 117 

% of CIPN events  56(132/234) 60 (130/215) 53 (109/204) 

CIPN score  

≥ 8 

Median time to CIPN (days) 238 135 147 

% of CIPN events  41 (96/234) 48 (103/215) 47 (95/204) 
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≥ 10 

Median time to CIPN (days) 412 216 209 

% of CIPN events  29 (67/234) 35 (76/215) 37 (75/204) 
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Table 4.3 summarizes the population parameters estimated for the K-PD model with 

linear drug effect. The rate of appearance of CIPN symptoms was estimated to be 0.0084 

units/day. The baseline CIPN score was estimated to be 0.5 units. The slopes were 

estimated to be 0.882 unit/mg/day, 0.826 unit/mg/day and 9.74 unit/mg/day for 

paclitaxel, nab-paclitaxel and ixabepilone, respectively. As mentioned earlier, IR (which 

is derived from the elimination rate constant (KDE) and the amount in the virtual 

compartment) drives the changes in CIPN score. Therefore, to interpret the slope 

estimates with respect to changes in CIPN score, distribution of IR for each drug was 

generated. The 2.5
th

, 50
th

 and 97.5
th

 percentiles of the IR derived from the virtual 

compartment were 0.53 mg/day, 8.65 mg/day and 22.23 mg/day, respectively for 

paclitaxel (Figure 4.5). The CIPN scores for corresponding infusion rates were 

calculated to be 0.7, 4.3 and 10.3 using the following equation. 

 

 𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒 = 𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒 ∙ (1 + 𝑠𝑙𝑜𝑝𝑒 ∙ 𝐼𝑅)         (11) 

Similarly for nab-paclitaxel, the CIPN scores for infusion rates of 1.13 mg/day, 14.41 

mg/day and 29.83 mg/day were 1, 6.9, 13.7, respectively.  For ixabepilone, the CIPN 

scores for infusion rates of 0.05 mg/day, 1.05 mg/day and 3.31 mg/day were 0.7, 5.6 and 

16.6, respectively.  

The KDE, which represents the elimination rate constant from the virtual compartment, 

was estimated to be 0.0086/day, 0.0122/day and 0.0047/day for paclitaxel, nab-paclitaxel 

and ixabepilone, respectively. Ixabepilone had a lower KDE as compared to paclitaxel 

and nab-paclitaxel, indicating that once drug administration is stopped, the CIPN score 

will decline more slowly for a patient treated with ixabepilone as compared to patients 
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treated with paclitaxel or nab-paclitaxel. The BSV was estimated on all of the parameters. 

The shrinkage was less than 40% on the random effects of the parameters except for Kin. 

Plots of random effects of the parameters versus covariates did not depict any trends 

(Figure 4.6). 

 

Table 4.3: Parameter estimates for the K-PD model  

Parameter (units) Estimate 
%BSV 

[shrinkage] 

Bootstrap 

Estimate 

Median (90% 

CI) 

Bootstrap 

%BSV 

Kin  (unit/day) 0.0084 118% [53%] 

0.00767 

(0.0049, 

0.0106) 

113% 

Baseline CIPN score 

(unit) 
0.5 33% [36%] 

0.493 

(0.359, 0.592) 
36.5% 

Slope for paclitaxel 

(unit/mg/day) 
0.882 

 

34.2%[36%] 

0.914 

(0.690, 1.327) 

30.2% 
Slope for nab- paclitaxel 

(unit/mg/day) 
0.826 

0.847 

(0.667, 1.201) 

Slope for ixabepilone 

(unit/mg/day) 
9.74 

10.08 

(7.673, 14.538) 

KDE for paclitaxel 

(day
-1

) 
0.0086 

 

145%[36%] 

0.0089 

(0.0064, 

0.0159) 

146% 
KDE for nab-paclitaxel 

(day
-1

) 
0.0122 

0.013 

(0.0098, 

0.0218) 

KDE for ixabepilone 

(day
-1

) 
0.0047 

0.0049 

(0.0036, 

0.0071) 

Covariance between 

baseline and slope 
 33.6%  31.5% 

Additive residual error 

(unit) 
1.90   1.90 
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Figure 4.5: Model derived infusion rate (IR) for paclitaxel, nab-paclitaxel and 

ixabepilone 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The dashed lines represent the 2.5
th

 and 97.5
th

 percentiles of infusion rate. The solid line 

represents the median of the infusion rate. 
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Figure 4.6: Plots showing no relationship between random effects of model 

parameters versus covariates  

  

For prior taxane, 0 means no prior taxane versus 1 means that the patient had 

prior taxane 
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Figure 4.7 shows the goodness of fit plots for the K-PD model with linear drug effect. 

The individual predicted versus observed CIPN score plot showed reasonable agreement 

between the observed and predicted CIPN scores. The conditional weighted residuals 

versus population predicted CIPN score or time did not show bias. 

 

Figure 4.7: Goodness of fit plots for the K-PD model   
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Figure 4.8, Figure 4.9 and Figure 4.10 show the individual patient CIPN score versus 

time profiles for representative patients treated with paclitaxel, nab-paclitaxel and 

ixabepilone, respectively. These plots depict that the model is able to reasonably describe 

the time course of CIPN score at an individual level. As is evident from the plots, there is 

substantial variability in peak CIPN, time to peak CIPN score and decrease in CIPN 

symptoms after cessation of dose. However, the individual predictions were able to 

capture the different trends in observed CIPN score with dose.  

A Smax model as described in the methods section was also explored. However, the 

parameter estimate for SDK50 for paclitaxel was estimated to be outside the range of 

model derived IR, which is unreasonable and not interpretable. The mean maximum 

response (Rmax) was predicted to be 20, which is outside the range of observed CIPN 

score. Also, the shrinkage on the random effects of the parameters was more than 50%.  

Therefore, the model with linear drug effect was selected for further analysis. 
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Figure 4.8: Model predicted time course of representative patients for paclitaxel  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Solid black circles represent observed data, blue and black lines represent individual and 

population predicted CIPN score, respectively. Numbers in red represent total dose/3 for 

each cycle. 
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Figure 4.9: Model predicted time course of representative patients for nab-

paclitaxel  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Solid black circles represent observed data, blue and black lines represent individual and 

population predicted CIPN score, respectively. Numbers in red represent total dose/3 for 

each cycle. 
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Figure 4.10: Model predicted time course of representative patients for ixabepilone  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Solid black circles represent observed data, blue and black lines represent individual and 

population predicted CIPN score, respectively. Numbers in red represent total dose/3 for 

each cycle. 
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Utilizing the parameter estimates from the model, a plot was generated to visualize the 

dose response (CIPN score at C7D1 (end of cycle 6)) relationship for paclitaxel, nab-

paclitaxel and ixabepilone. The median dose of paclitaxel was 162 mg (total dose per 

cycle/3) in a patient with a BSA of 1.8 m
2
. The observed minimum and maximum 

absolute doses for paclitaxel in the trial were 30.7 mg and 245 mg. Similarly for nab-

paclitaxel, the median dose was 270 mg (total dose per cycle/3) in a patient with a BSA 

of 1.8 m
2
 and the observed minimum and maximum absolute doses were 43 mg and 350 

mg. Furthermore, the median dose of ixabepilone administered in the trial was 28.8 mg 

(total dose per cycle/3) in a patient with a BSA of 1.8 m
2
 while the range of observed 

doses was 4.7-41 mg. It is worth noting that the wide range of absolute doses is both due 

to variability in BSA and dose modifications that occurred in the trial.  The change in 

CIPN score with 5-fold increase in absolute dose was 4, 6 and 4 units for paclitaxel, nab-

paclitaxel and ixabepilone, respectively, indicating that nab-paclitaxel would have higher 

likelihood of causing CIPN compared to paclitaxel and ixabepilone (Figure 4.11).  
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Figure 4.11: CIPN score at C7D1 (cycle 7 day 1) after administration paclitaxel, 

nab-paclitaxel and ixabepilone at the dose ranges observed in the trial 
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CIPN in a population. Therefore, these wide confidence intervals do not affect our 

approach of dose individualization for CIPN management. 

Figure 4.12: Model predicted time course of CIPN score for paclitaxel (90 mg/m
2
), 

nab-paclitaxel (150 mg/m
2
) and ixabepilone (16 mg/m

2
) administered for 6 cycles to 

a typical patient with BSA of 1.8 m
2 

 

 

 

 

 

 

 

 

 

The solid black vertical line denotes day of last dose. The solid red, blue and black lines are mean 

predicted CIPN scores and the dotted lines denote 90% confidence intervals derived from bootstrap. 

 

Figure 4.13 shows the model evaluation using the individual predicted CIPN scores at 

C2D1, C4D1, C7D1 and C10D1. The percent of subjects in Discord1 and Discord2 

(discordant pairs) was 20% or less at all time points. More importantly, the proportion of 

patients in Discord1 was 10% or less in all cycles, indicating that the probability of the 

model to incorrectly predict that a patient will develop severe CIPN (i.e. false positive) is 

less than 10%. 
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Figure 4.13: Model evaluation using individual post-hoc parameter estimates  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Red squares, blue circles and black triangles represent paclitaxel (PAC), nab-paclitaxel (NPAC) and 

ixabepilone (IXA), respectively. 

 

Discord1&2: Discordant pairs (Discord1: Observed CIPN score <8 while predicted CIPN score is ≥8;  

Discord2: Observed CIPN score ≥8 while predicted CIPN score is < 8);  

Concord1&2: Concordant pairs (Concord1: Both observed and predicted CIPN score ≥ 8;  

Concord2: Both observed and predicted CIPN score < 8) 
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4.5 Discussion 

Paclitaxel and nab-paclitaxel are taxane derivatives that are indicated for the treatment of 

variety of cancers including metastatic breast cancer (Prescribing information of 

Paclitaxel, 2016; Prescribing information of Nab-paclitaxel, 2016). Ixabepilone is a 

semisynthetic analogue of epothilone B that is also indicated for the treatment of 

metastatic breast cancer (Prescribing information of Ixabepilone, 2016). A phase III trial 

was conducted to compare the efficacy of either nab-paclitaxel or ixabepilone to 

paclitaxel administered once per week (Rugo HS et al., 2015). Approved labels for all 

three drugs recommend every 3 weeks dosing schedule, but weekly dosing is commonly 

used and has been demonstrated to have an overall survival benefit compared to every 

three week dosing (Mauri D et al., 2010). Although the primary objective of the clinical 

trial was to assess efficacy, several safety assessments including longitudinal 

measurement of CIPN scores were also conducted. CIPN is the dose-limiting toxicity of 

these chemotherapeutic agents.  The sensory neuropathy was measured by physician 

assessment using the CTCAE v4 (Rugo HS et al., 2015). The percent of patients with 

grade ≥ 2 sensory neuropathy by CTCAE were 54%, 46% and 47% for nab-paclitaxel, 

paclitaxel and ixabepilone, respectively at any time course of the treatment (Rugo HS et 

al., 2015). The dose modifications in the trial were conducted based on CTCAE grades. 

The neurotoxicity was also assessed using a patient reported outcome (the FACT/GOG-

NTX scale). It has been reported that there is significant inter-observer disagreement in 

scoring CIPN with CTCAE with a tendency to underscore CIPN severity (Frigeni B et 

al., 2011 ; Postma TJ et al., 1990; Cavaletti G et al., 2010b). In this analysis, 

FACT/GOG-NTX scale was utilized to quantify the dose-CIPN relationship.  
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There is no clear evidence as to whether or not bevacizumab influences CIPN.  Since 

97% of the patients in this trial were treated with bevacizumab, the contribution of 

bevacizumab could not be assessed and the contribution (if any) will be similar across 

treatment arms. Since pharmacokinetic data were not collected, a K-PD indirect response 

model with linear drug effect was used to characterize the dose-CIPN score relationship. 

K-PD model has been previously used successfully to describe longitudinal dose-

response relationship when pharmacokinetic information is not available (Pillai G et al., 

2004 ; Wu K et al., 2011 ; Barrett JS et al., 2015). As proposed by Jacqmin et al., infusion 

rate from the virtual compartment was utilized to drive the response instead of the 

amount of drug in the virtual compartment (Jacqmin P et al., 2007). Data from all three 

treatment arms were combined for the development of the K-PD model. Since paclitaxel, 

nab-paclitaxel or ixabepilone presumably cause CIPN by the same mechanism of tubulin 

polymerization (Carlson K et al., 2011; Cavaletti G et al., 2010b), a combined model was 

deemed reasonable. In addition, combining the model also allowed for wide range of 

CIPN scores to be included for a better estimation of Kin which is a drug independent 

parameter. Paclitaxel contains cremophore EL as a formulation vehicle, while nab-

paclitaxel is the albumin bound nanoparticle formulation of paclitaxel, without 

cremophore EL (Prescribing information of Paclitaxel, 2016; Prescribing information of 

Nab-paclitaxel, 2016).  It is not clear how the formulation and/or vehicle might impact 

the neurotoxicity (Gelderblom H et al., 2001); therefore, paclitaxel and nab-paclitaxel 

were treated as separate drugs for the analysis.  The drug specific parameters, KDE and 

slope, were estimated separately for each of the three drugs.  
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It is important to note that data from only one dose level were available, but due to 

variability in BSA and significant number of dose reductions in the trial in all the 

treatment arms, there was a wide range of doses allowing the estimation of the slope 

parameter. Even though there was information on CIPN responses at a wide range of 

doses, a Smax model was not considered appropriate since it is unknown whether the 

doses evaluated in this trial are high enough to enable capturing the plateau of the dose-

response curve.  

During model development, plots of random effects against covariates did not show any 

trends. Prior taxane could be one of the expected covariates on the baseline CIPN score; 

however, based on the inclusion criteria, the interval between completion of adjuvant or 

neoadjuvant taxane therapy and start of the trial was >12 months. Therefore, any CIPN 

that may have occurred due to prior taxane therapy would have likely resolved before the 

trial began. Since the eventual aim is to use individual post hoc parameters to propose 

dose individualization strategies to manage CIPN, the focus was on the individual 

predictions. On an individual level, the model reasonably captured the various time 

courses in the observed data (by visual inspection) and showed 20% or less discordant 

pairs, indicating good concordance probability.  

There are several limitations to our approach. First, the model links dosing information in 

each subject to the CIPN score. The drug exposures obtained at the doses would be a 

more reasonable driver for the CIPN scores and may explain some of the variability in 

the parameters, but pharmacokinetic samples were not collected in this trial.  Second, the 

model can be applied to the dosing regimen and the patient population studied in the trial 

and cannot be extrapolated to different dosing regimens and patient populations, as the 
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baseline risk and sensitivity to development of CIPN may be different. Third, the 

appropriate threshold for CIPN score that can be related to clinically significant 

neuropathy is subjective. A patient with a score of 8 might, for example, have a score of 2 

on each of the four questions. This would correspond to numbness/tingling in the hands 

and feet, as well as discomfort in the hands and feet “somewhat” during the past 7 days 

(between day 21 and day 28 of the previous cycle). However, the validity of the model is 

maintained even if one chooses a higher threshold for severe CIPN, i.e. CIPN score ≥12 

(Figure 4.14). Finally, data on germline polymorphisms that have previously been 

identified as risk factors for neuropathy were not available from this data set at the time 

of model development (but DNA was collected and this is an area of future work).   

We were not able to determine any baseline covariates that could help to identify patients 

at high risk for developing CIPN. Therefore, we propose to use early CIPN data from 

each subject as prior knowledge to predict CIPN at later time points in the same subject 

using the developed model. Using patient’s own data to predict their later time course of 

CIPN will negate the effects of any covariates that could influence the CIPN trajectory. 

This is also an approach that a treating physician could realistically use to guide dose 

adjustments in a patient who they are following over time.  

 

4.6    Conclusions 

In summary, the dose-CIPN score relationship for paclitaxel, nab-paclitaxel and 

ixabepilone was successfully quantified and qualified using a K-PD model. Paclitaxel 

appears to be less neurotoxic as compared to nab-paclitaxel and ixabepilone. The model 

will be utilized to identify an early time point that is predictive of the later time course of 
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CIPN in individual patients. This strategy will be utilized to recommend a CIPN 

management dosing card and CIPN precision therapeutics tool to minimize the severity 

of CIPN that patients with metastatic breast cancer develop while being treated with these 

drugs.  
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Figure 4.14: Model evaluation using individual post-hoc parameter estimates (CIPN 

cut-off ≥12)   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Red squares, blue circles and black triangles represent paclitaxel (PAC), nab-paclitaxel (NPAC) and 

ixabepilone (IXA), respectively. 

 

Discord1&2: Discordant pairs (Discord1: Observed CIPN score <12 while predicted CIPN score is ≥12;  

Discord2: Observed CIPN score ≥12 while predicted CIPN score is < 12) 

Concord1&2: Concordant pairs (Concord1: Both observed and predicted CIPN score ≥ 12;  

Concord2: Both observed and predicted CIPN score < 12) 
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Chapter 5 : Personalized Management of Chemotherapy Induced Peripheral 

Neuropathy Based on a Patient Reported Outcome: CALGB 40502 

(Alliance) 

5.1   Summary 

Background: CIPN is a dose-limiting toxicity that is generally managed by empirical 

dose modifications at the discretion of the treating physician. We aimed to 1) identify an 

early time point that is predictive of the future time course of CIPN using a patient 

reported outcome; 2) propose a “CIPN management dosing card” to manage CIPN; 3) 

utilize Bayesian methodology to include uncertainty in CIPN predictions and 4) develop 

a CIPN precision therapeutics tool to visualize the future time course of CIPN for its 

management in an individual patient. 

 

 Methods: As described in chapter 4, a dose–CIPN model was developed using dosing 

and PRO data from CALGB 40502 (Alliance), a randomized phase III trial of paclitaxel 

vs. nab-paclitaxel vs. ixabepilone as first-line chemotherapy for locally recurrent or 

metastatic breast cancer.  A patient with CIPN score of ≥ 8 was considered to have 

clinically relevant CIPN. An early time point that is predictive of the future time course 

of CIPN was identified based on concordance probability (correctly identifying a patient 

to have or not to have CIPN based on CIPN score cut-off of 8) of the model and clinical 

judgment. Using the early time point data and model parameters, empirical Bayesian 

forecasting was conducted to propose CIPN management dosing card to prospectively 

manage CIPN. Furthermore, Bayesian methodology was utilized to obtain uncertainty in 

the time course of CIPN predictions in an individual patient.  
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Results: Three cycles (12 weeks) was identified as a reasonable early time point, with a 

concordance probability of 75% for predicting future CIPN. For paclitaxel, nab-paclitaxel 

and ixabepilone, the proposed CIPN management dosing card resulted in 61%, 48% and 

35% fewer patients, respectively, with CIPN score ≥ 8 after 6 cycles as compared to 

administering cycle 3 doses for 4
th

, 5
th

 and 6
th

 chemotherapy cycle. The model was 

further extended to utilize mean population estimates and their distribution as priors, and 

the data until cycle 3 to obtain the Bayesian prediction intervals for CIPN time course in 

an individual patient. While CIPN management dosing card was based on the mean 

Bayesian post-hoc estimates from the model, the prediction intervals obtained from the 

Bayesian approach will support in individualized dosing by accounting for uncertainty in 

CIPN predictions. A “CIPN precision therapeutics tool” to visualize the future time 

course of CIPN in each patient was developed to enable oncologists to tailor dosing.  

 

Conclusion: Early PRO data on CIPN can be used to prospectively guide dose 

adjustments in individual patients that will reduce the severity of future CIPN. The 

proposed strategy for dose reductions to manage CIPN should be the subject of future 

prospective studies in order to validate the dosing algorithm with respect to decrease in 

CIPN and investigate the effect of dose reduction on efficacy. 
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5.2  Introduction 

CIPN is a dose limiting toxicity caused by several chemotherapeutic agents, such as 

platinum drugs, taxanes, and vinca alkaloids (Schloss JM et al., 2013). CIPN has a major 

impact on quality of life, and can even impact survival by necessitating dose reductions, 

dose delays and/or discontinuation of a potentially effective therapy (Mantyh PW, 2006). 

There are limited options for prevention or management of CIPN (Hershman DL et al., 

2014; Smith EML et al., 2013). Since there are no reliable factors available to 

prospectively predict at risk patients (Argyriou A et al., 2014), CIPN is usually managed 

by dose interruptions and/or reductions after CIPN has occurred. These dose adjustments 

are conducted empirically based on treating physician discretion.   

There is substantial interpatient variability in time to onset, time to peak CIPN and peak 

CIPN (Sharma M et al., 2015). Therefore, there is a definite need for dose 

individualization to manage CIPN. Some researchers have postulated that early 

recognition and initial management through dose interruption or reduction might prevent 

discontinuation of therapy (Velasco R et al., 2010).  We propose to use a patient’s own 

early data to predict later time course of CIPN in this patient, given a particular dose. 

This will allow oncologists to make dose adjustments prospectively to minimize future 

CIPN. 

In the previous chapter, we have reported a model quantifying the relationship between 

dosing history of a patient and the longitudinal CIPN score using the data from CALGB 

40502/NCCTG N063H (Alliance) trial (Sharma M et al., 2015; Rugo HS et al., 2015). In 

the current chapter, we have utilized the previously developed model to: 1) identify an 

early time point that can predict future CIPN in a patient; 2) propose a CIPN management 
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dosing card to manage CIPN; and 3) provide oncologists with CIPN precision 

therapeutics tool that can be used to tailor individual patients’ doses to manage CIPN. 

5.3  Methods 

5.3.1 Data & Dose-CIPN model 

The data were obtained from a randomized, phase III trial CALGB 40502/NCCTG 

N063H (Alliance) (Rugo HS et al., 2015). Paclitaxel, nab-paclitaxel and ixabepilone were 

administered intravenously at doses of 90 mg/m
2
, 150 mg/m

2
, and 16 mg/m

2
, 

respectively, on days 1, 8 and 15 of each 28 day cycle. A validated, patient reported scale 

(the FACT/GOG -NTX Subscale) was utilized for assessing CIPN as described in 

Chapter 4, section 4.3.2 (Sasane M et al., 2010; Huang HQ et al., 2007; Cella D et al., 

2003). CIPN was evaluated at baseline and at the start of each chemotherapy cycle (every 

28 days). 

 

5.3.2 Early time point identification 

C1D1 (Cycle 1 Day 1) implies the baseline CIPN. C2D1 (Cycle 2 Day 1), C3D1 (Cycle 3 

Day 1), C4D1 (Cycle 4 Day 1), C5D1 (Cycle 5 Day 1), C6D1 (Cycle 6 Day 1) and C7D1 

(Cycle 7 Day 1) correspond to the data obtained at end of cycle 1, 2, 3, 4, 5 and 6, 

respectively. This terminology is consistent with how chemotherapy cycles are defined in 

the clinical setting and will be used hereafter in this chapter. Model based analysis for 

identification of the optimal early time point was conducted as follows (Figure 5.1). The 

population estimates (mean and variability) obtained from the dose-CIPN model along 

with the baseline (C1D1) and C2D1 CIPN scores were used to estimate the individual 

Bayes estimates (post-hoc parameters). These individual Bayes estimates were utilized to 
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predict the CIPN scores for later cycles at the same doses administered in the trial. The 

percent concordance (Concord1+Concord2) and discordance (Discord1+Discord2) were 

calculated at C3D1, C4D1, C5D1, C6D1 and C7D1 as described below. For the purpose 

of our analyses, a patient having CIPN score ≥ 8 was considered as having CIPN. 

 

% 𝐷𝑖𝑠𝑐𝑜𝑟𝑑𝑎𝑛𝑐𝑒 (𝐷𝑖𝑠𝑐𝑜𝑟𝑑1)

=
(𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 𝑤𝑖𝑡ℎ 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒 < 8 𝑏𝑢𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒 ≥ 8)

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠

×  100   (2)  

% 𝐷𝑖𝑠𝑐𝑜𝑟𝑑𝑎𝑛𝑐𝑒 (𝐷𝑖𝑠𝑐𝑜𝑟𝑑2)

=
(𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 𝑤𝑖𝑡ℎ 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒 ≥ 8 𝑏𝑢𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒 < 8)

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠

× 100    (3) 

% 𝐶𝑜𝑛𝑐𝑜𝑟𝑑𝑎𝑛𝑐𝑒 (𝐶𝑜𝑛𝑐𝑜𝑟𝑑1)

=
(𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 𝑤𝑖𝑡ℎ 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑎𝑛𝑑  𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒 ≥ 8 )

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠

× 100   (4) 

% 𝐶𝑜𝑛𝑐𝑜𝑟𝑑𝑎𝑛𝑐𝑒 (𝐶𝑜𝑛𝑐𝑜𝑟𝑑2)

=
(𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 𝑤𝑖𝑡ℎ 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑎𝑛𝑑  𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐶𝐼𝑃𝑁 𝑠𝑐𝑜𝑟𝑒 < 8 )

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠

× 100  (5) 

 

Similar analyses were conducted by adding CIPN data for C3D1 to C7D1. The 

concordance probability of the model was calculated as described in equation 6. 

 

𝐶𝑜𝑛𝑐𝑜𝑟𝑑𝑎𝑛𝑐𝑒 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =
(𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 𝑖𝑛 𝐶𝑜𝑛𝑐𝑜𝑟𝑑1 + 𝐶𝑜𝑛𝑐𝑜𝑟𝑑2)

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠
× 100  (6) 
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Figure 5.1: Schematic representation of early time point identification 

 

 

 

 

5.3.3 Bayesian forecasting to propose a CIPN Management Dosing Card  

After identification of the optimal early time point, simulations were conducted to 

propose dose modifications for managing CIPN. Figure 5.2 represents the strategy 

utilized for the development of CIPN management dosing card. Using the individual 

Bayes estimates, a reference simulation was conducted where no dose reductions 

occurred, i.e. cycle 3 (C3) doses were administered for the next 3 cycles (C4, C5 and C6). 

Patients who were predicted to have CIPN at the end of cycle 6 (C7D1) were identified. 

Following this, three different dose reduction scenarios as described in Table 5.1 were 

evaluated in these patients.  

1) Scenario 1 (Low): Doses for C4, C5 and C6 were reduced by 10%, 20%, 30%, 40% 

or 50% compared to C3 doses. 

2) Scenario 2 (Low + Skip Day 8): Skipping the day 8 doses in C4, C5 and C6, with and 

without reducing the day 1 and day 15 doses by 10%, 20%, 30%, 40% or 50%.  

3) Scenario 3 (Low + Skip C4): Skipping all C4 doses, with and without reducing the 

C5 and C6 doses by 10%, 20%, 30%, 40% or 50%. 
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 The results of different scenarios were compared by calculating the proportion of 

patients with CIPN (CIPN score ≥ 8) at the end of cycle 6 (C7D1).  

 

Figure 5.2: Schematic representation for development of CIPN management dosing 

card   

 

 

5.3.4 CIPN Management Dosing Card  

The dose adjustment algorithms for paclitaxel, nab-paclitaxel and ixabepilone were 

proposed based on the empirical Bayesian forecasting results. In the trial, the allowed 

dose reductions for paclitaxel, nab-paclitaxel and ixabepilone were 33%, 40% and 37.5%, 

respectively (Rugo HS et al., 2015).Therefore, the following criteria were adopted for 

dose reductions: 

1)  A 33% dose reduction was deemed adequate if the predicted proportion of 

patients with CIPN at C7D1 was at least 30% fewer as compared to the scenario 

of no dose modification.  



  

 

235 

 

2) If 33% dose reduction did not result in at least 30% fewer patients with CIPN at 

C7D1, further dose reduction scenarios were evaluated that resulted in at least 

30% fewer patients compared to the scenario of no dose modification.  

Table 5.1: Dose modification strategies evaluated (“x” is cycle 3 dose) 
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5.3.5 Bayesian estimation  to incorporate uncertainty in future CIPN  

predictions  

For predicting future CIPN time course, we have focused on estimation using maximum 

likelihood estimation (MLE) approach to obtain empirical post-hoc Bayesian estimates 

(EBEs) using CIPN data until C4D1. These post-hoc estimates were used to simulate 

CIPN time course until C7D1 to propose dose modification strategies. Prediction from 

these EBEs yields mean CIPN time profile in each patient. Since, the predicted CIPN 

score will be used to make dosing decisions, it is important to estimate the uncertainty for 

the mean predicted CIPN scores. Therefore, we used a Bayesian approach to estimate the 

uncertainty for the CIPN time course in each patient using data until C4D1. The Bayesian 

approach provides a posterior distribution of individual EBEs which can be used to 

calculate the uncertainty. It is also known that the mode of the posterior distribution is the 

EBE obtained with MLE. While recommendations for the CIPN dosing card are based on 

EBE predictions, the Bayesian approach is implemented to provide options to oncologists 

to incorporate uncertainty in their decision making, as required. 

Bayes rule is expressed as described in equation below 

𝑃𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 ∝ 𝑃𝑟𝑖𝑜𝑟 ∙ 𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑                           

The priors of the fixed effects were assumed to be normally distributed with a mean of µ 

and a variance of σ
2
. The population estimates obtained from MLE were used as mean of 

the prior distribution (Table 4.3 of chapter 4). The variance of the prior was obtained 

from the standard errors obtained from bootstrap. The prior for random effects were 

assumed to follow inverse wishart distribution as described below.   
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𝑅𝑖𝑗𝑘 ~ 𝑁(𝑅𝑖𝑗𝑘,  ̂ 𝜎𝑅𝑗

2 ) ;(𝑅𝑖𝑗𝑘,  ̂ = 𝐾𝑖𝑛,𝑗 ∙ (1 +  𝑠𝑙𝑜𝑝𝑒𝑖,𝑗. 𝐼𝑅) −  𝐾𝑜𝑢𝑡,𝑗 ∙ 𝑅𝑖𝑗𝑘) 

log(R0j,  𝑠𝑙𝑜𝑝𝑒𝑖,𝑗 ,  𝐾𝑖𝑛,𝑗,  𝐾𝑜𝑢𝑡,𝑗) ~ 𝑁(log(R0ĵ,  𝑠𝑙𝑜𝑝𝑒𝑖,𝑗
̂ ,  𝐾𝑖𝑛,�̂�,  𝐾𝑜𝑢𝑡,�̂�) ,  Ω𝑅

−1) 

Ω𝑅
−1 ~ 𝑊𝑖𝑠ℎ𝑎𝑟𝑡(𝑅,  𝜈) 

where Rijk is the CIPN score for j
th

 individual at k
th

 time for i
th

 drug. The CIPN data until 

C4D1 was used as the current information (likelihood) and BAYES estimation was 

performed in NONMEM 7.2. The number of samples generated was 100,000 with 10,000 

burn-in samples being discarded. Once the posterior distribution of parameter estimates 

were obtained in each patient (100,000 parameter estimates were generated in each 

patient), 250 set of parameter estimates were randomly sampled out from 100,000 

samples generated. The 250 samples in each patient were then utilized to simulate the 

future CIPN time course in each patient. Followed by which, 10
th

, 50
th

 and 90
th

 percentile 

of time course of CIPN was calculated in each patient. 

 

5.4  Results 

5.4.1  Early time point identification 

The optimal early time point was selected based on 1) probability of the model to 

correctly identify patients with and without CIPN based on CIPN score cutoff of 8  at 

C7D1 (concordance probability); 2) median time to CIPN observed in the trial; and 3) 

clinical judgement.  

For determining concordance probability, we used data from all subjects. In this analysis, 

we included those subjects who had data at baseline and at least at the early time point 

that is being evaluated as the predictor for CIPN occurrence at C7D1. For example, for 

evaluating C4D1 as an early time point, patients who have at least data at baseline and at 



  

 

238 

 

C4D1 were included in the analysis (C4D1 or month 3 group). Similarly, for evaluating 

C5D1 as an early time point, patients who have at least data at baseline and C5D1 were 

included in the analysis (C5D1 or month 4 group). Therefore, it is possible that C4D1 

group may contain subjects who have their C5D1 CIPN score missing or C5D1 group 

may contain subjects who have their C4D1 CIPN score missing. In summary, subjects in 

these two groups may be different.  

 

Concordance probability based on data from all subjects 

Table 5.2 depicts the concordance probability of the model to predict the future time 

course of CIPN using early cycle data. Table 5.3 shows the 2x2 table for comparison of 

observed and predicted CIPN using early cycle data. As expected, as more data is 

included from the earlier cycles, greater the probability to accurately predict CIPN at later 

cycles. Using baseline and observed CIPN scores until C4D1 (end of C3); the 

concordance probability of the model was 80%, 74% and 75% at C5D1 (end of C4), 

C6D1 (end of C5) and C7D1 (end of C6), respectively. The false positive rate i.e. 

incorrectly predicting a patient to have CIPN score ≥ 8 at C7D1 was 12.4%.  
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Table 5.2: Identification of the early time point to predict future time course of 

CIPN 

 

  

 

Early time data 

Concordance probability of early time point to predict CIPN at 

C3D1 C4D1 C5D1 C6D1 C7D1 

Baseline +  

Cycle 1 data 

90 % 83% 72% 69% 66% 

Baseline +  

Cycle 1 & 2 data 

- 85% 76% 69% 73% 

Baseline +  

Cycles 1-3 data 

- - 80% 74% 75% 

Baseline +  

Cycles 1- 4 data 

- - - 80% 80% 

Baseline +  

Cycles 1- 5 data 

- - - - 85% 

Baseline +  

Cycles 1- 6 data 
- - - - 92% 
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Table 5.3: 2x2 table for identification of early time point 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

BF: Bayesian Forecasting, Observed : Observed CIPN scores, Numbers in green boxes and red boxes 

denote number of patients in concordant and discordant pairs, respectively. 
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Based on the clinical judgement, the measurement of efficacy of a chemotherapeutic 

agent is generally conducted after 2-3 cycles (8-12 weeks), making data until C4D1 as 

ideal time for prospective dose adjustments. Furthermore, the median time to CIPN was ~ 

5 months for nab-paclitaxel and ixabepilone, and ~8 months for paclitaxel in this trial. 

There were only 17%, 21% and 15% of patients who experienced CIPN during the first 3 

cycles for paclitaxel, nab-paclitaxel and ixabepilone, respectively, indicating that using 

C4D1 as the early time point for managing later CIPN would be feasible for majority of 

the patients. Waiting until cycle 5 to predict CIPN in cycle 6 is not a pragmatic approach 

since our objective is to identify the earliest time point that can predict future CIPN time 

course reasonably. Furthermore, based on the observed data, a modest correlation was 

observed between C4D1 and C7D1 CIPN scores, supporting the choice of the end of 

cycle 3 (C4D1) as the early time point (Figure 5.3). Figure 5.4, Figure 5.5 and Figure 

5.6 graphically illustrate the comparison of predicted C7D1 score when CIPN data until 

C4D1 and C5D1 were used for C7D1 predictions. The top panel (A) shows predictions 

for patients who experienced CIPN (observed CIPN ≥ 8) while lower panel (B) is for 

patients who did not experience CIPN (observed CIPN < 8) at C7D1, for paclitaxel, nab-

paclitaxel and ixabepilone, respectively. 

  



  

 

242 

 

Figure 5.3: Correlation between observed CIPN score at the end of cycle 6 (C7D1) 

and earlier cycles 

 

 

  

 Correlation between C7D1 and 

C2D1 CIPN scores 

 Correlation between C7D1 and 

C3D1 CIPN scores 

 Correlation between C7D1 and 

C4D1 CIPN scores 
 Correlation between C7D1 and 

C5D1 CIPN scores 

 Correlation between C7D1 and 

C6D1 CIPN scores 
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Figure 5.4: Paclitaxel arm: Comparison of predicted C7D1 score with data until 3 

(C4D1) and 4 months (C5D1) in patients (A) with observed CIPN ≥8 (B) with 

observed CIPN < 8  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The blue solid circles are the observed CIPN score in each patient. The red and the grey 

bars denote predicted CIPN score based on data until C4D1 and C5D1, respectively.  

A 

B 
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Figure 5.5: Nab-paclitaxel arm: Comparison of predicted C7D1 score with data 

until 3 (C4D1) and 4 months (C5D1) data in patients (A) with observed CIPN ≥ 8 

(B) with observed CIPN < 8  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The blue solid circles are the observed CIPN score in each patient. The red and the grey 

bars denote predicted CIPN score based on data until C4D1 and C5D1, respectively.  

A 

B 
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Figure 5.6: Ixabepilone arm: Comparison of predicted C7D1 score with data until 3 

(C4D1) and 4 (C5D1) months data in patients (A) with observed CIPN ≥8 (B) with 

observed CIPN < 8 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The blue solid circles are the observed CIPN score in each patient. The red and the grey 

bars denote predicted CIPN score based on data until C4D1 and C5D1, respectively.  

A 

B 
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The analysis described above used data from all subjects. Therefore, to compare the 

concordance probability using data from same subjects, we did a sensitivity analysis in 

those patients who had both end of cycle 3 (C4D1) and end of cycle 4 (C5D1) CIPN data. 

This analysis will ensure that concordance probability estimated for C4D1 or C5D1 as 

the early time point is based on same patients. 

Concordance probability based on data from subjects who had both C4D1 and C5D1 

data 

This analysis is depicted in Figure 5.7 A and B. Figure 5.7 A that shows the relationship 

between observed and predicted C7D1 CIPN score based on data until C4D1 while 

Figure 5.7 B shows the C7D1 CIPN predictions based on the C5D1 data. There were 5 

patients in the paclitaxel arm that were under predicted by the model to not have CIPN at 

C7D1. Addition of C5D1 data did not improve the predicitveness in these patients and 

the number of patients in whom CIPN at C7D1 was under predicted increased from 5 to 

9. However, addition of C5D1 data did improve the sensitivity (i.e., correctly identifying 

patients with CIPN score ≥8) in case of nab-paclitaxel and ixabepilone. The number of 

patients in whom CIPN at C7D1 was under predicted based on C4D1 data were 11 and 

12 for nab-paclitaxel and ixabepilone, respectively. Addition of C5D1 data decreased the 

number of patients in whom CIPN at C7D1 was under predicted to 9 and 8 for nab-

paclitaxel and ixabepilone, respectively.  

In addition, the number of patients falsely predicted to have CIPN reduced form 13, 9, 9 

to 8, 5 and 7 with the addition of C5D1 CIPN data for paclitaxel, nab-paclitaxel and 

ixabepilone, respectively. Consistent with the results reported in Table 5.2, the 
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concordance probability by using C4D1 and C5D1 data was 76 (187/246) and 81% 

(200/246), respectively indicating that the improvement in concordance probability is 5% 

by adding the CIPN data from C5D1. It is important to acknowledge that adding C5D1 

data reduces the difference between observed and predicted CIPN score but does not 

change the clinical decision (having CIPN or not) for most of the subjects (Figure 5.4, 

Figure 5.5 and Figure 5.6). In general, addition of C5D1 data does improve the 

concordance probability of the model. However, in real clinical setting, it is not possible 

to identify those patients upfront in whom using CIPN data until C5D1 would be more 

predictive than using data only until C4D1. Therefore, considering the totality of 

evidence, the choice of cycle 3 (C4D1) as the early time point for predicting future CIPN 

time course is justified.  
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Figure 5.7: Comparison of observed and predicted CIPN in patients who had both 

C4D1 and C5D1 data (N=246). A: shows the predictions based on C4D1 ;B: shows 

the prediction based on C5D1 

 

  

Concord 1 

Paclitaxel : 17     

Nab-paclitaxel:14  

Ixabepilone:19 
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From Figure 5.7 A, we also asked two specific questions based on the data from patients 

in two grey quadrants (discordant pairs). First, for patients in the upper left grey quadrant 

(Discord 1) in whom model falsely predicted to have CIPN (13%=31/246), did addition 

of CIPN data from C5D1 improved the prediction and moved these patients to Concord 

2?  For paclitaxel, 13 patients (IDs 22, 64, 95, 116, 125, 137, 145, 148, 158, 179, 184, 

205 and 220) were falsely predicted to have CIPN based on C4D1 data. Addition of 

C5D1 data moved 6 patients (IDs 95, 116, 125, 137, 184 and 205) to Concord 2. For nab-

paclitaxel, 9 patients were falsely predicted to have CIPN based on C4D1 data (IDs 1026, 

1037, 1073, 1088, 1091, 1095, 1169, 1181 and 1236). Addition of C5D1 data moved 7 

patients (IDs 1026, 1073, 1169, 1181, 1088, 1091 and 1236) to Concord 2. While for 

ixabepilone, 9 patients (IDs 2021, 2031, 2036, 2044, 2078, 2148, 2164, 2166 and 2227) 

were falsely predicted to have CIPN based on C4D1 data and addition of C5D1 data 

moved 3 patients (IDs 2148, 2031 and 2036) to Concord 2. Therefore, addition of C5D1 

data moved 16 of 31 patients from Discord 1 to Concord 2. 

Second, for patients in the lower right grey quadrant (Discord 2)  in whom model falsely 

predicted not to have CIPN (28/246, 11%), did addition of C5D1 CIPN data improved the 

prediction and moved these patients to Concord 1. For paclitaxel, five patients (IDs 29, 

99, 115, 161, 186) were falsely predicted not to have CIPN based on C4D1 data. 

Addition of C5D1 data improved the C7D1 prediction but did not move any patient to 

Concord 1. For nab-paclitaxel, 11 patients were falsely predicted not to have CIPN based 

on C4D1 data (IDs 1038, 1064, 1078, 1093, 1112, 1147, 1155, 1165, 1184, 1220 and 

1253). Addition of C5D1 data moved 3 patients (ID=1184, 1253, 1165) to Concord 1. 

While for ixabepilone, 12 patients (IDs 2045, 2048, 2074, 2115, 2120, 2136, 2144, 2145, 
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2161, 2177, 2208 and 2228) were falsely predicted not to have CIPN based on C4D1 data 

and addition of C5D1 data moved 4 patients (ID=2074, 2115, 2144, 2161) to Concord 1. 

Therefore, addition of C5D1 moved 7 of 27 patients from Discord 2 to Concord 1. 

As described above, the utilization of C5D1 moved a total of 23 (16+7) patients from the 

grey quadrants (discordant pairs) to green quadrants (concordant pairs) which 

demonstrate the value of adding C5D1 data in improving the concordance probability of 

the model. However, we still believe that C4D1 is the optimum early time point for 

predicting later CIPN time course in a patient due to following reasons: 

 Based on C4D1 data, the proportion of patients that are incorrectly identified of 

having or not having CIPN at C7D1 i.e. 24% (59/246) is substantially lower than 

proportion of patients for which model performs well (76%). Even with addition 

of C5D1 data in these 59 patients, only 23 of them are correctly identified of 

having or not having CIPN at C7D1. 

 In real clinical scenario, it is not possible to identify those patients for whom 

more accurate predictions can be made with CIPN data until C5D1 as opposed to 

C4D1. Since ~25% of patients who may benefit from addition of CIPN data from 

C5D1 cannot be prospectively identified, and knowing that model performs well 

for remaining ~75% of the patient population based on C4D1 data, waiting for 

one more cycle to gather C5D1 data in everyone may not be reasonable. 
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5.4.2 Empirical Bayesian forecasting to propose CIPN Management Dosing 

Card  

If cycle 3 doses were administered to the patients for the next 3 cycles (i.e. no dose 

reduction), 29% (51/173), 40% (58/146) and 33% (43/132) of the patients on paclitaxel, 

nab-paclitaxel and ixabepilone, respectively were predicted to develop CIPN at C7D1. 

These predictions are reasonably consistent with the observed trial data, where 25% 

(32/128), 40% (38/95) and 44% (41/92) of the patients on paclitaxel, nab-paclitaxel and 

ixabepilone, respectively had CIPN score ≥ 8 at C7D1.  

Table 5.4 shows the predicted percent of patients that will have CIPN at C7D1 under 

different dose modification scenarios. In the patients who were predicted to develop 

CIPN (CIPN score ≥ 8) at C7D1 if C3 doses were administered for next 3 cycles, a 30% 

dose reduction in C4, C5 and C6 would result in 49% (25/51), 59% (34/58) and 81% 

(35/43) of the patients on paclitaxel, nab-paclitaxel and ixabepilone, respectively to 

develop CIPN at C7D1. It is important to note that the dose reduction was only conducted 

in patients who were predicted to develop CIPN at C7D1, therefore in “no dose 

reduction” scenario, the percent of patients with CIPN is 100%. Skipping day 8 doses in 

C4, C5 and C6 (Skip day 8 under Scenario 2 of Table 5.4) or a 30% dose reduction 

(under scenario 1 of Table 5.4) resulted in similar proportion of patients who will 

develop CIPN at C7D1.  Similarly, skipping all three doses of C4 (Skip C4 doses under 

scenario 3 of Table 5.4) resulted in similar or slightly higher proportion of patients with 

CIPN at C7D1 when compared to a 30% dose reduction in C4, C5 and C6 doses (under 

scenario 1 of Table 5.4) and skipping day 8 doses in C4, C5 and C6 (Skip day 8 under 

scenario 2 of Table 5.4). 
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Table 5.4: Proportion of patients with CIPN scores ≥ 8 at C7D1 after dose 

modifications 

Total number of patients with predicted CIPN ≥ 8 at C7D1were 51/173 (29%), 58/146 (40%), 

43/132 (33%) for paclitaxel, nab-paclitaxel and ixabepilone, respectively.
 
Out of 152 patients that 

were predicted to have CIPN score ≥ 8 at C7D1, 18 (12%) had predicted CIPN greater than 16. 

Since CIPN score cannot be more than 16, the predicted CIPN in these patients was capped at 

16. 

  

Scenario 

% Dose reduction in 

each cycle compared to 

Cycle 3 dose (total % 

dose reduction) 

Percent of patients with CIPN Score ≥ 8 at 

C7D1 

Paclitaxel 
Nab-

paclitaxel 
Ixabepilone 

No dose 

reduction 
0% 100 (51/51) 100 (58/58) 100 (43/43) 

Scenario 1: 

(Low) 

10% 94 (48/51) 86 (50/58) 100 (43/43) 

20% 74 (38/51) 76 (44/58) 93 (40/43) 

30% 49 (25/51) 59 (34/58) 81 (35/43) 

40% 43 (22/51) 52 (30/58) 70 (30/43) 

50% 33 (17/51) 47 (27/58) 63 (27/43) 

Scenario 2: 

(Low + Skip 

Day 8)  

Skip day 8 

(33%) 
47 (24/51) 59 (34/58) 77 (33/43) 

Skip day 8 + 10% dose 

reduction (40% ) 
43 (22/51) 52 (30/58) 70 (30/43) 

Skip day 8 + 20% dose 

reduction (47%) 
33 (17/51) 50 (29/58) 65 (28/43) 

Skip day 8 + 30% dose 

reduction (53%) 
25 (13/51) 43 (25/58) 63 (27/43) 

Skip day 8 + 40% dose 

reduction (60%) 
18 (9/51) 38  (22/58) 56 (24/43) 

Skip day 8 + 50% dose 

reduction (67%) 
14 (7/51) 29 (17/58) 51 (22/43) 

Scenario 3: 

(Low + Skip 

C4) 

Skip C4 doses (33%) 53 (27/51) 65 (38/58) 74 (32/43) 

Skip C4 doses + 10% 

dose reduction (40%) 
47 (24/51) 60 (35/58) 67 (29/43) 

Skip C4 doses + 20% 

dose reduction (47%) 
43 (22/51) 52 (30/58) 67 (29/43) 

Skip C4 doses + 30% 

dose reduction (53%) 
33 (17/51) 43 (25/58) 58 (25/43) 

Skip C4 doses + 40% 

dose reduction (60%) 
24 (12/51) 40 (23/58) 56 (24/43) 

Skip C4 doses + 50% 

dose reduction (67%) 
12 (6/51) 33 (19/58) 49 (21/43) 
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The patients who were predicted to develop CIPN at C7D1 given C3 doses for next three 

cycles were further stratified based on their C4D1 observed CIPN score. The patients 

were grouped into four categories based on their observed C4D1 CIPN scores: < 4 

(Category 1), 4 -7 (Category 2), 8 -9 (Category 3) and ≥ 10 (Category 4).   

For paclitaxel (Table 5.5), out of 51 patients that were predicted to develop CIPN at 

C7D1, 23, 14 and 14 patients were in category 2, 3 and 4, respectively while none of the 

patients in category 1 were predicted to develop CIPN at C7D1. In patients who were 

predicted to develop CIPN if C3 doses were administered for next 3 cycles, a 30% 

reduction in C4, C5 and C6 doses would result in 13%, 57% and 100% patients 

remaining with CIPN at C7D1 for category 2, 3 and 4, respectively.  

For nab-paclitaxel (Table 5.6), out of 58 patients that were predicted to develop CIPN at 

C7D1, 26, 13 and 17 patients were in category 2, 3 and 4, respectively while only two 

patients in category 1 were predicted to develop CIPN at C7D1. In patients who were 

predicted to develop CIPN if C3 doses were administered for next 3 cycles, a 30% 

reduction in C4, C5 and C6 doses would result in 35%, 77% and 88% patients remaining 

with CIPN at C7D1 for category 2, 3 and 4, respectively.  

Similarly for ixabepilone (Table 5.7), out of 43 patients that were predicted to develop 

CIPN at C7D1, 24, 6 and 10 patients were in category 2, 3 and 4, respectively while 3 

patients in category 1 were predicted to develop CIPN at C7D1. In patients who were 

predicted to develop CIPN if C3 doses were administered for next 3 cycles, a 30% 

reduction in C4, C5 and C6 doses would result in 33%, 75%, 100% and 100% patients 

remaining with CIPN at C7D1 for category 1, 2, 3 and 4, respectively. For any dose 
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modification scenario, ixabepilone had the highest percent of patients remaining with 

CIPN at C7D1 as compared to paclitaxel and nab-paclitaxel. 
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Table 5.5: Effect of dose reduction scenarios on patients predicted to have CIPN at 

C7D1, stratified by observed C4D1 CIPN scores (paclitaxel)  

The total number of patients with predicted CIPN ≥ 8 at C7D1 were 0/100 (0%), 23/45 (51%), 14/14 

(100%), 14/14 (100%) in group 2, 3 and 4, respectively. 

Scenario 

% Dose reduction in 

each cycle compared 

to Cycle 3 dose (total 

% dose reduction) 

Paclitaxel 

Percent of patients with CIPN Score ≥ 8 at 

C7D1 

C4D1 

CIPN 

Score <4 

C4D1 

CIPN 

Score 4-7 

C4D1 

CIPN 

Score 8-9 

C4D1 

CIPN 

Score ≥10 

No dose 

reduction 
0% 0 

100 

(23/23) 

100 

(14/14) 

100 

(14/14) 

Scenario 1: 

(Low) 

10% 0 87 (20/23) 
100 

(14/14) 

100 

(14/14) 

20% 0 57 (13/23) 
79 

(11/14) 

100 

(14/14) 

30% 0 13 (3/23) 
57  

(8/14) 

100 

(14/14) 

40% 0 4 (1/23) 
50  

(7/14) 

100 

(14/14) 

50% 0 0   
36  

(5/14) 

86  

(12/14) 

Scenario 2: 

(Low + Skip 

Day 8) 

Skip day 8 

(33%) 
0 13 (3/23) 50 (7/14) 

100 

(14/14) 

Skip day 8 + 10% 

dose reduction (40% ) 
0 4 (1/23) 50 (7/14) 

100 

(14/14) 

Skip day 8 + 20% 

dose reduction (47%) 
0 0 36 (5/14) 

86 

(12/14) 

Skip day 8 + 30% 

dose reduction (53%) 
0 0 21 (3/14) 

71 

(10/14) 

Skip day 8 + 40% 

dose reduction (60%) 
0 0 7 (1/14) 57 (8/14) 

Skip day 8 + 50% 

dose reduction (67%) 
0 0 0 50 (7/14) 

Scenario 3: 

(Low + Skip 

C4) 

Skip C4 doses (33%) 0 13 (3/23) 
71 

(10/14) 

100 

(14/14) 

Skip C4 doses + 10% 

dose reduction (40%) 
0 4 (1/23) 64 (9/14) 

100 

(14/14) 

Skip C4 doses + 20% 

dose reduction (47%) 
0 0 57 (8/14) 

100 

(14/14) 

Skip C4 doses + 30% 

dose reduction (53%) 
0 0 29 (4/14) 

93 

(13/14) 

Skip C4 doses + 40% 

dose reduction (60%) 
0 0 7 (1/14) 

79 

(11/14) 

Skip C4 doses + 50% 

dose reduction (67%) 
0 0 0 43 (6/14) 
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Table 5.6: Effect of dose reduction scenarios on patients predicted to have CIPN at 

C7D1, stratified by observed C4D1 CIPN scores (nab-paclitaxel) 

The total number of patients with predicted CIPN ≥ 8 at C7D1were 2/68 (3%), 26/48 (54%), 13/13 (100%), 

17/17 (100%) in group 1, 2, 3 and 4, respectively. 

 

\ 

% Dose reduction in 

each cycle compared to 

Cycle 3 dose (total % 

dose reduction) 

Nab-paclitaxel 

Percent of patients with CIPN Score ≥ 8 at 

C7D1 

C4D1 

CIPN 

Score < 4 

C4D1 

CIPN 

Score 4-7 

C4D1 

CIPN 

Score 8-9 

C4D1 

CIPN 

Score ≥10 

No dose 

reduction 
0% 

100  

(2/2) 

100 

(26/26) 

100 

(13/13) 

100 

(17/17) 

Scenario 1: 

(Low) 

10% 0 
77  

(20/26) 

100 

(13/13) 

100 

(17/17) 

20% 0 
58  

(15/26) 

92  

(12/13) 

100(17/17

) 

30% 0 35 (9/26) 
77 

(10/13) 
88 (15/17) 

40% 0 27 (7/26) 
77 

(10/13) 
76 (13/17) 

50% 0 19 (5/26) 69 (9/13) 76 (13/17) 

Scenario 2: 

(Low + 

Skip Day 8) 

Skip day 8 

(33%) 
0 35 (9/26) 

77 

(10/13) 
88 (15/17) 

Skip day 8 + 10% dose 

reduction (40% ) 
0 27 (7/26) 

77 

(10/13) 
76 (13/17) 

Skip day 8 + 20% dose 

reduction (47%) 
0 23 (6/26) 

77 

(10/13) 
76 (13/17) 

Skip day 8 + 30% dose 

reduction (53%) 
0 15 (4/26) 62 (8/13) 76 (13/17) 

Skip day 8 + 40% dose 

reduction (60%) 
0 12 (3/26) 46 (6/13) 76 (13/17) 

Skip day 8 + 50% dose 

reduction (67%) 
0 8 (2/26) 31 (4/13) 65 (11/17) 

Scenario 3: 

(Low + 

Skip C4) 

Skip C4 doses (33%) 0 35 (9/26) 
92 

(12/13) 

100 

(17/17) 

Skip C4 doses + 10% 

dose reduction (40%) 
0 27 (7/26) 

85 

(11/13) 

100 

(17/17) 

Skip C4 doses + 20% 

dose reduction (47%) 
0 19 (5/26) 69 (9/13) 94 (16/17) 

Skip C4 doses + 30% 

dose reduction (53%) 
0 15 (4/26) 62 (8/13) 76 (13/17) 

Skip C4 doses + 40% 

dose reduction (60%) 
0 12 (3/26) 54 (7/13) 76 (13/17) 

Skip C4 doses + 50% 

dose reduction (67%) 
0 8 (2/26) 31 (4/13) 76 (13/17) 
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Table 5.7:  Effect of dose reduction scenarios on patients predicted to have CIPN at 

C7D1, stratified by observed C4D1 CIPN scores (ixabepilone) 

 

Total number of patients with predicted CIPN ≥ 8 at C7D1 were 3/90 (3%), 24/26 (92%), 6/6 (100%), 

10/10 (100%) in group 1, 2, 3 and 4, respectively.  

Scenario 

% Dose reduction in 

each cycle compared 

to Cycle 3 dose (total 

% dose reduction) 

Ixabepilone 

Percent of patients with CIPN Score ≥ 8 at C7D1 

C4D1 

CIPN 

Score <4 

C4D1 CIPN 

Score 4-7 

C4D1 

CIPN 

Score 8-

9 

C4D1 CIPN 

Score ≥10 

No dose 

reduction 
0% 100 (3/3) 100 (24/24) 100 (6/6) 100 (10/10) 

Scenario 1: 

Dose reduction 

10% 100 (3/3) 100 (24/24) 100 (6/6) 100 (10/10) 

20%* 100 (3/3) 88 (21/24) 100 (6/6) 100 (10/10) 

30% 33 (1/3) 75 (18/24) 100 (6/6) 100 (10/10) 

40% 0 63 (15/24) 100 (6/6) 90 (9/10) 

50% 0 54 (13/24) 83 (5/6) 90 (9/10) 

Scenario 2: 

Skip day 8 dose 

with & without 

dose reduction 

Skip day 8 

(33%) 
0 71 (17/24) 100 (6/6) 100 (10/10) 

Skip day 8 + 10% 

dose reduction (40% ) 
0 63 (15/24) 100 (6/6) 

       90 

(9/10) 

Skip day 8 + 20% 

dose reduction (47%) 
0 54 (13/24) 100 (6/6) 90 (9/10) 

Skip day 8 + 30% 

dose reduction (53%) 
0 54 (13/24) 83 (5/6) 90 (9/10) 

Skip day 8 + 40% 

dose reduction (60%) 
0 

42 

(10/24) 
83 (5/6) 90 (9/10) 

Skip day 8 + 50% 

dose reduction (67%) 
0 38 (9/24) 83 (5/6) 80 (8/10) 

Scenario 3: 

Skipping cycle 4 

doses  with & 

without dose 

reduction 

Skip C4 doses (33%) 0 67 (16/24) 100 (6/6) 100 (10/10) 

Skip C4 doses + 10% 

dose reduction (40%) 
0 54 (13/24) 100 (6/6) 100 (10/10) 

Skip C4 doses + 20% 

dose reduction (47%) 
0 54 (13/24) 100 (6/6) 100 (10/10) 

Skip C4 doses + 30% 

dose reduction (53%) 
0 46 (11/24) 83 (5/6) 90 (9/10) 

Skip C4 doses + 40% 

dose reduction (60%) 
0 42 (10/24) 83 (5/6) 90 (9/10) 

Skip C4 doses + 50% 

dose reduction (67%) 
0 29 (7/24) 83 (5/6) 90 (9/10) 
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5.4.3 CIPN Management Dosing Card  

Based on the criteria defined in methods section, dose adjustment algorithms are 

proposed for paclitaxel, nab-paclitaxel and ixabepilone in patients who were predicted to 

develop CIPN at C7D1 (Figure 5.8). 

For paclitaxel (Table 5.5), considering a scenario of skipping day 8 doses in C4, C5 and 

C6 in patients with C4D1 scores of 4-7 (category 2); only 13% of the patients were 

predicted to have CIPN at C7D1. Similarly, for categories 3 and 4, 50% and 100% were 

predicted to have CIPN at C7D1, respectively, following skipping day 8 doses.  Skipping 

a day 8 dose, which is 33% dose reduction in each cycle, was adequate for categories 2 

and 3. However, for category 4, skipping day 8 doses along with 30% reduction in doses 

administered on day 1 and 15 of C4, C5 and C6 (53% dose reduction in each cycle) was 

needed for achieving ~ 30% fewer patients with CIPN at C7D1. This dosing strategy 

resulted in an overall 61% fewer patients with CIPN at C7D1 (Figure 5.8). 

For nab-paclitaxel (Table 5.4), skipping day 8 dose in C4, C5 and C6, resulted in 59% of 

patients with CIPN at C7D1. Skipping a day 8 dose was adequate for category 2. For 

category 3, skipping day 8 doses along with 30% reduction (53% dose reduction in each 

cycle) in doses administered on day 1 and 15 of C4, C5 and C6 was needed for achieving 

30% fewer patients with CIPN at C7D1. For category 4, skipping day 8 doses with 50% 

reduction (67% dose reduction in each cycle) in C4, C5 and C6 doses resulted in 65% 

patients with CIPN at C7D1 (Table 5.6). This dosing strategy resulted in an overall 48% 

fewer patients with CIPN at C7D1 (Figure 5.8). Since there were only 3% of patients 

that were predicted to have CIPN in the category 1 (C4D1 CIPN score < 4), no dose 

reduction was considered for this category. 
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For ixabepilone (Table 5.4), skipping day 8 doses in C4, C5 and C6, resulted in 77% of 

patients remaining with CIPN scores ≥ 8. Skipping a day 8 dose was adequate for 

category 2. For category 3 and 4, skipping day 8 doses along with 50% reduction (67% 

dose reduction in each cycle) resulted in only approximately 20% fewer patients with 

CIPN scores ≥ 8 at C7D1 (Table 5.7). Therefore, we recommend discontinuing therapy 

in category 3 and 4 patients. However, oncologist can use CIPN precision therapeutic 

tool to make decision at an individual patient level based on overall benefit risk.  If no 

dose is administered in C4, C5 and C6, there will be 17% (1/6) and 70% (7/10) patients 

with CIPN at C7D1 in category 3 and 4, respectively. This dosing strategy resulted in 

overall 35% fewer patients with CIPN at C7D1 (Figure 5.8). Since there were only 3% 

of patients that were predicted to have CIPN in the category 1 (C4D1 CIPN score < 4), no 

dose reduction was considered for this category. 

Figure 5.9 shows the distribution of predicted CIPN scores with and without the 

recommended dose adjustments stratified by observed C4D1 CIPN score.  Regardless of 

the drug and patient category, the distribution of the CIPN scores shift towards the left 

when the dose adjustment algorithm is applied. 
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Figure 5.8: Proposed dose adjustment algorithm (CIPN management dosing card) 

for paclitaxel, nab-paclitaxel and ixabepilone 
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Figure 5.9: Comparison of CIPN score after no dose reduction in C4, C5 & C6 

versus the proposed dose adjustment in the CIPN management dosing card 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Red and grey colors represent distribution of predicted CIPN score at C7D1 with no dose 

reduction and dose reduction algorithm, respectively. Red and black lines represent the 

median of the distributions of predicted CIPN scores with no dose reduction and with the 

proposed dose adjustment algorithm, respectively; Blue line denotes cut-off of CIPN 

score of 8. 
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5.4.4 Utilization of Bayesian approach to evaluate precision of CIPN time 

course at an individual level 

Figure 5.10 shows some of the representative plots for predicted CIPN time course for 

the paclitaxel treatment arm. Data until 85 days (~3 cycles) was utilized for estimating 

the posterior distribution of individual parameters from which 10
th

, 50
th

 and 90
th

 

percentile of predicted CIPN score is generated.  The 10
th 

and 90
th

 percentile depicts the 

80% prediction interval indicating that there is 80% probability that the predicted CIPN 

would lie within the prediction intervals. A wider prediction interval implies higher 

uncertainty (low precision) in CIPN predictions. On the contrary, a narrow 80% 

prediction interval implies higher precision and less uncertainty in CIPN predictions. The 

choice of 80% prediction interval to support decision is empirical. Further scenarios to 

discuss the impact of choosing an alternate prediction interval on clinical decision are 

presented in discussion section.   

The patients represented in the figures (Figure 5.10, Figure 5.11 and Figure 5.12) were 

chosen to depict a wide variety of CIPN time courses and the impact of using 80% 

prediction interval on clinical decision i.e.,  to determine the need of dose adjustment if a 

patient experiences CIPN. From a benefit/risk perspective, since we are dealing with 

cancer chemotherapy for which efficacy is important, we would want be very sure before 

deciding to prospectively dose reduce a patient due to risk of having CIPN in future. For 

example, if one were to use 80% prediction interval to decide if a patient will develop 

CIPN, the predicted 10
th

 percentile of CIPN score at C7D1 should be ≥ 8 which implies 

that there is 90% probability that this patient will experience CIPN in future. For 

example, the patient#79, 1092 and 2084 in Figure 5.10, Figure 5.11 and Figure 5.12, 
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respectively are in this category. On the other hand, if the decision is about a patient for 

whom median predictions show that CIPN < 8 and the 90
th

 percentile of prediction 

interval is > 8 (ID=207, 1073 and 2036 in Figure 5.10, Figure 5.11 and Figure 5.12, 

respectively) at C7D1, one may want to be conservative and use median CIPN for 

decision since we do not want to prospectively dose reduce a patient in whom there is a 

chance that CIPN may not occur in future. It is also important to consider the width of 

prediction interval while making decisions. For example, in case of patient#197 (Figure 

5.10), the prediction interval is wide implying high uncertainty as compared to narrow 

prediction interval for patient#126 (Figure 5.10) implying less uncertainty on CIPN 

predictions. The impact of width of prediction interval on clinical decisions is further 

elaborated under discussion section. 
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Figure 5.10: Bayesian predictions based in C4D1 data for patients on paclitaxel 
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Figure 5.11: Bayesian predictions based in C4D1 data for patients on nab-paclitaxel 

The blue lines denote the 10
th

, 50
th

 and 90
th

 prediction intervals; the black solid circles 

represent observed data 
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Figure 5.12: Bayesian predictions based in C4D1 data for patients on ixabepilone 
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5.4.5 CIPN Precision Therapeutics Tool 

We have developed a “CIPN Precision Therapeutics Tool” to visualize predicted CIPN 

score in an individual patient with different dose modifications. This tool will aid 

oncologist to identify patients who will develop CIPN and conduct dose modifications. 

Oncologists would enter the treatment administered, body surface area, dosing 

information and the observed CIPN score through cycle 3. The oncologist then has two 

options to evaluate the effect of dose adjustment on CIPN score: either to evaluate x% 

dose reduction as compared to the doses in cycle 3; or to enter the actual doses to be 

administered in C4, C5 and C6. The tool is a simple R script that runs the dose-CIPN 

model and plots the future time course of CIPN. The model and predictions run in the 

background and the final output of a figure and a table depicting the predicted CIPN time 

course is generated. 

 

5.5  Discussion  

Paclitaxel, nab-paclitaxel and ixabepilone are indicated for the treatment of metastatic 

breast cancer, but they can impair quality of life by causing CIPN (Prescribing 

information of Paclitaxel, 2016; Prescribing information of Nab-paclitaxel, 2016; 

Prescribing information of Paclitaxel Ixabepilone, 2016). As the dose limiting toxicity of 

these drugs, CIPN can also interfere with optimal dosing or lead to discontinuation of 

therapy and have a detrimental effect on survival (Mantyh PW, 2006). In chapter 4, we 

quantified the longitudinal relationship between dose and CIPN score. The purpose of the 

current work was to utilize the model to provide a decision analytics framework for 

oncologists to prospectively manage CIPN.  
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Three cycles (12 weeks) was identified as the early time point that could reasonably 

predict the later time course of neuropathy (Figure 5.13). Three cycles worth of data and 

the model have a concordance probability of 75% to predict CIPN after 6 cycles. 

Furthermore, the false positive rate is only 13%, indicating that we may incorrectly 

reduce the dose in only 13% of the patients. Since no known baseline risk factors have 

this level of predictive value, the use of the model with early time point data is a 

significant advance over the status quo.  Many oncologists would be ordering the first CT 

scan to assess the response to therapy after 3 cycles, and this is a reasonable time to make 

dose adjustments for a drug that is going to be continued for another 3 cycles. 

 

 Figure 5.13: Justification for using 3 cycles of CIPN data as early decision point 
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The oncologist can use first three cycles of data collected in a patients to predict the 

CIPN time course for 6 cycles in that patient. If the patient is predicted to have high 

CIPN scores at C7D1, the oncologist may reduce the dose of this patient to prevent 

CIPN.  For some patients, CIPN can be prevented by simply omitting the day 8 dose in 

each of the next 3 cycles with or without a reduction of the dose on days 1 and 15, an 

adjustment that is particularly patient-friendly because it means 33% fewer trips to the 

infusion center. Even if the patient already has developed CIPN after 3 cycles, the 

oncologist may utilize the dose-CIPN relationship to determine the optimal dose 

adjustment strategy going forward. For patients with CIPN scores ≥ 10 at C4D1, it may 

not be realistic to avoid CIPN at C7D1, but significant dose adjustments can still result in 

lowering the median CIPN score and the associated distribution of scores (Figure 5.9). In 

addition to the CIPN management dosing card, we developed a CIPN precision 

therapeutic tool to identify patients who may develop CIPN and doses can be tailored for 

an individual patient. This approach has advantage over using the dosing algorithm, as a 

more individualized dose modification can be conducted. 

The primary purpose of providing CIPN precision therapeutics tool in addition to CIPN 

management dosing card is to provide more flexibility in the hands of oncologist. Some 

of the flexibilities are highlighted below.  

 First, if the dosing recommendations provided in the CIPN management dosing 

card are not desirable for an individual patient based on the benefit/risk profile, it 

provides oncologist flexibility in predicting CIPN time course with any alternate 

dose modification strategy.  
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 Second, the dosing recommendations in the CIPN management dosing card are 

based on CIPN cut off of 8. However, based on individuals benefit/risk profile, an 

oncologist may opt to consider a lower or higher CIPN cutoff to define clinically 

relevant CIPN in order to decide dose adjustments. 

 Third, although the work here has highlighted dose adjustments after cycle 3, the 

same model and additional observed data could be utilized to guide further 

adjustments after cycle 6 or at other time points when desired. 

While performing dose adjustment based on mean CIPN predictions based on post-hoc 

estimates is a pragmatic approach, in certain instances one may wish to assess the 

uncertainty around the CIPN predictions and incorporate into the decision making. 

Therefore, the model was extended to include Bayesian estimation so that uncertainty in 

CIPN predictions at an individual level can be obtained. We intend to utilize prediction 

intervals for providing an option to oncologists to incorporate uncertainty in predictions 

for dose individualization.  

To illustrate how an oncologist might incorporate the knowledge about prediction 

intervals in clinical decision making, described below are four hypothetical clinical 

scenarios. Clinical decision making entails two critical aspects for an individual patient, 

first to determine whether or not the patient will have CIPN (CIPN score ≥8) at C7D1 

based on predictions using data until C4D1 and second, determining if prospective dose 

adjustment after third chemotherapy cycle is warranted considering the benefit/risk. As 

indicated above, the clinical decision taken in the four scenarios below are hypothetical 

and are included for the purpose of illustrating the concept. It is entirely possible that the 
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oncologist may take a different decision in cases described below considering the totality 

of benefit-risk assessment in a patient. 

 

Scenario 1: Impact on decision making if the patient only has paclitaxel as the 

available treatment option 

Figure 5.14  shows the predicted CIPN score until C7D1 based on the data until C4D1. 

Table 5.8 describes the various scenarios for these two patients and probable clinical 

decisions that may be undertaken. 

 

Figure 5.14: Bayesian predictions based in C4D1 data for two patients: patient#137 

with wide prediction interval (left), and patient#126 with narrow prediction interval 

(right) 
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Table 5.8:  Hypothetical clinical scenarios for two patients (patient # 137 and 126) 

who only have paclitaxel as the only treatment option 

 Patient # 137 Patient # 126 

Is CIPN predicted at 

C7D1 based on C4D1 

data? 

Yes, median CIPN score 

marginally above 8 

Yes, median CIPN score much 

higher than 8 

Are the 80% 

prediction intervals 

wide or narrow? 

Wide, depicting high 

uncertainty in  CIPN 

predictions 

Narrow, depicting low 

uncertainty in CIPN predictions 

Patient demonstrates 

significant tumor 

reduction based on 

cycle 3 efficacy 

assessment indicating 

treatment is working. 

What are the 

recommendations to 

manage CIPN? 

No prospective dose 

adjustment to manage CIPN 

recommended because: 

 High uncertainty on 

future C7D1 CIPN 

predictions 

 Patient is responding well 

to the treatment 

Prospective dose reduction by 

an amount which based on 

future CIPN predictions 

stabilizes CIPN or decreases 

CIPN by ~ 2 points because: 

 Based on the CIPN dosing 

card, for a patient with 

CIPN > 12 at month 3, 

substantial dose reduction 

(~50%) will be required to 

lower CIPN score to less 

than 8. Since current 

treatment is working and 

patients have no 

alternative treatment 

choice, substantial dose 

reduction may not be 

recommended. 

 Since the predicted CIPN 

will worsen at C7D1, 

lowering the dose and 

monitoring of CIPN again 

at C5D1 may be 

recommended to decide 

further steps. 

Patient demonstrates 

no tumor reduction 
based on cycle 3 

efficacy assessment, 

indicating treatment 

may not be working. 

What are the 

recommendations to 

manage CIPN? 

No prospective dose 

adjustment because: 

 High uncertainty on 

future C7D1 CIPN 

predictions 

 Would wait for one more 

month to see if patient 

responds to the treatment 

since paclitaxel is the 

only treatment option, 

then decide further steps. 

No prospective dose 

adjustment even though the 

patient may develop CIPN later 

because: 

 Paclitaxel is the only 

treatment option, would 

wait for one more month 

to see if patient responds 

to the treatment, then 

decide future steps. 
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Scenario 2: Impact on decision making if the patient has option of switching the 

treatment if paclitaxel does not show benefit. 

We will utilize the predictions from same two patients (Figure 5.14) to understand 

whether or not the clinical decisions might change in a scenario when there is an option 

of switching the patients from paclitaxel to another treatment (Table 5.9). 

 

Table 5.9: Hypothetical clinical scenarios for two patients who have option to switch 

to alternative treatment if paclitaxel is not efficacious 

 Patient # 137 Patient # 126 

Is CIPN predicted at 

C7D1 based on C4D1 

data? 

Yes, median CIPN score 

marginally above 8 

Yes, median CIPN score 

much higher than 8 

Are the 80% 

prediction intervals 

wide or narrow? 

Wide, depicting high 

uncertainty in CIPN 

predictions 

Narrow, depicting low 

uncertainty in CIPN 

predictions 

Patient demonstrates 

significant tumor 

reduction based on 

cycle 3 efficacy 

assessment indicating 

treatment is working. 

What are the 

recommendations to 

manage CIPN? 

No prospective dose 

adjustment because: 

 High uncertainty on 

future C7D1 CIPN 

predictions 

 Patient is responding to 

treatment and therefore 

no need to switch to 

alternative treatment 

No dose reduction, monitor 

for one more month: 

 Since current treatment is 

working, continue 

treatment for one more 

month. 

 After one more month, if 

the trajectory of CIPN is 

confirmed that the patient 

may worsen, consider 

switching to alternative 

treatment. 

Patient demonstrates 

no tumor reduction 
based on cycle 3 

efficacy assessment, 

indicating treatment 

may not be working. 

What are the 

recommendations to 

manage CIPN? 

No prospective dose 

adjustment because: 

 High uncertainty on 

future C7D1 CIPN 

predictions 

 Would wait for one 

more month to see if 

patient responds to the 

treatment and then 

switch to alternative 

treatments if needed. 

Switch to alternative therapy 

because: 

 Patient has demonstrated 

no efficacy and 

predictions indicate that 

CIPN may worsen. 

Alternative treatment 

option is available, 

therefore switch to new 

therapy. 
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Scenario 3: Impact of choosing 50%, 80% or 95% prediction intervals on clinical 

decision 

Until now, we have utilized 80% prediction interval to assess the impact of uncertainty in 

decision making. However, there is flexibility in choosing a different prediction interval 

for decision making. For example, if one wants to be liberal and can accept higher 

uncertainty in making decisions, a 50% prediction interval can be used for decision 

making while if one chooses a conservative approach then using 95% prediction interval 

may be reasonable. The decision may or may not change depending on the prediction 

interval being utilized for making decisions. Figure 5.15 shows predicted CIPN time 

course of four patients to illustrate this concept. For example, in case of patient#1158, 

CIPN score is not expected to reach over 8 whether 50, 80 or 95% prediction intervals are 

used for decision making. Similarly, for patient#1195, whether one uses 50, 80 or 95% 

prediction interval, the conclusion is that patient would likely develop CIPN at C7D1 

since the lower percentile of either of the prediction interval is at or above CIPN ≥8. For 

patient#1198, if one uses 50%
 
or 80% prediction intervals, the conclusion is that the 

patient may develop CIPN at C7D1. However, if less uncertainty is desired and 95% 

prediction interval is utilized, one may conclude that there is some possibility that the 

patient may not develop CIPN since the prediction interval includes the CIPN score of 8. 

On the other hand, for patient#1110, based on 50% prediction interval, we would 

conclude that the patient may develop CIPN at C7D1 while 80% or 95% prediction 

interval raise a possibility that this patient may not develop CIPN at C7D1. 

  



  

 

275 

 

Figure 5.15: Bayesian predictions for four patients demonstrating the impact of 

using different prediction intervals on clinical decision 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

Solid blue line is the median while dotted green, blue and red lines represent the 50%, 

80% and 95% prediction interval, respectively. The predicted CIPN time profile based on 

data until C4D1 is shown in the shaded red region. 
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Scenario 4: Impact of CIPN cut-offs of 8 versus 12 on clinical decision 

We have been using CIPN ≥ 8 as the cutoff to define clinically relevant CIPN. Although 

the CIPN management dosing card recommendations are based on this cutoff, the 

oncologist may decide to choose a different cutoff (for e.g. CIPN ≥12) to define a 

clinically relevant CIPN above which a dose modification may be considered. In Figure 

5.16, for patient#1198, the decision on dose modification may be taken if the CIPN score 

cut off in question is 8 while if CIPN score ≥ 12 is considered as having CIPN, then no 

action needs to be taken since this patient has low probability to develop CIPN based on 

median and lower prediction interval. On the other hand for patient#126, since the 

prediction intervals are above CIPN score ≥ 12, the cut off of CIPN score of 8 or 12 is not 

relevant. In this case, we will conclude that the patient may develop severe CIPN at 

C7D1 and thus prospective dose modification may be needed.  

 

Figure 5.16: Bayesian predictions for two patients demonstrating the impact of 

utilizing different cutoff of CIPN score on clinical decision.  

 

 

 

 

 

 

 

 

The solid line denote the median and dotted lines denote 80
th

 prediction intervals; black 

solid circles are observed CIPN scores until C4D1 
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Having discussed the possibility of prospective dose modifications to manage CIPN, we 

acknowledge that both oncologists and the patients are likely to have resistance to the 

idea of reducing doses of effective therapies without any guarantee of continued efficacy 

at lower doses. While this is a valid concern about the proposed dose adjustment 

algorithm, it is certainly true that empirical dose adjustments are used currently when 

severe toxicity happens, often when it is already too late for dose adjustments to make a 

big difference. One could hypothesize that patients with prospective dose adjustments to 

mitigate CIPN might be able to continue on therapy for a longer period of time, thereby 

allowing the drug to potentially have efficacy for a longer duration.  

A pharmacokinetics based dosing algorithm to manage CIPN based on time of paclitaxel 

concentration >0.05µmol (Tc >0.05 µmol) has been proposed by Kraff et al (Kraff S et 

al., 2015). This dosing algorithm was developed in 200 patients with various solid 

malignancies, primarily esophageal (72.5%). Neuropathy was measured using CTCAE 

4.0 and there was no information on time at which CIPN occurred. The proposed dosing 

algorithm reduced grade 2 CIPN from 9.6% of patients to 4.4%.  However, in CALGB 

40502, the proportion of patients with grade 2 and grade 3 CIPN (as assessed by CTCAE 

criteria) in paclitaxel arm were 28% and 17%, respectively (Rugo HS et al., 2015). The 

higher proportion of patients with grade 2 and 3 sensory neuropathy may be attributed to 

the different patient population and differences in range of dosing of paclitaxel in 

CALGB-40502 versus the patient population in Kraff et al (Kraff S et al., 2015).  

There are some limitations to our approach that we would like to acknowledge. First, the 

effect of prospective dose modification on efficacy is unknown; therefore the proposed 

dosing algorithm may need to be prospectively evaluated in other studies. Second, our 
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dose-modification algorithm is based on FACT/GOG-NTX scale, so its utility would be 

limited to settings in which these PRO data can be feasibly collected. Third, since 

information on pharmacokinetics was not available, dose was used a surrogate of 

exposure. It is possible that pharmacokinetics may have helped explain the significant 

variability in CIPN observed in this trial. Finally, the proposed dose modification 

algorithm may not apply to other populations of patients or to patients who are being 

treated on a different dose/schedule of these drugs, as the baseline risk and dose-response 

relationship for CIPN may be different in those scenarios. 

 

5.6  Conclusions 

In summary, we have proposed a novel approach of using a patient’s own early data to 

predict the later time course of CIPN. Three cycles worth of CIPN data was reasonably 

predictive of future neuropathy. Using CIPN data for first three cycles, we have proposed 

a CIPN management dosing card to manage CIPN caused by paclitaxel, nab-paclitaxel 

and ixabepilone. We have also extended the model to include Bayesian forecasting such 

that uncertainty on CIPN scores can be obtained at an individual level, and if needed can 

be incorporated into decision making. In addition, we have developed CIPN precision 

therapeutics tool for personalized management in a patient. The proposed strategy for 

dose reductions to manage CIPN should be the subject of future prospective studies. 
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Chapter 6 : Conclusions and Future Research 

6.1 Conclusions 

The success rate in oncology is particularly low with high attrition in the phase III trials. 

The reasons can be many, but not learning from early clinical trials to inform late phase 

trials in terms of dose selection, patient population, trial design, benefit/risk profile etc. 

are some of the causes leading to high attrition rates later during drug development. 

Therefore, it’s most efficient to utilize data to the maximum extent possible and 

transform into knowledge (learn), and use it towards making key decisions (apply). In 

general, the primary aim of drug development until approval is to select an average dose 

in the target population or a subgroup of population based on intrinsic or extrinsic factors. 

However, dose individualization to manage efficacy and safety in an individual patient is 

the goal of optimizing clinical therapeutics. Pharmacometrics is a science that can 

integrate knowledge across trials to quantify the drug, disease and trial characteristics to 

inform drug development, regulatory or therapeutic decisions. Learn-apply paradigm has 

the potential to transform the drug development to make it more efficient in decisions 

such as dose selection, trial design, evidence of effectiveness, bridging efficacy, dose 

individualization, amongst others.  

The two research projects and case studies (in chapter 1) included in this dissertation 

highlight the contribution of pharmacometrics in decision making in context of learn-

apply paradigm. The research projects focus on oncology and encompass the two ends of 

the drug development spectrum. As shown in   
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Figure 6.1, the amount of knowledge increases as we progress from early clinical 

development to post-marketing, and simultaneously our understanding regarding the 

efficacy and safety of the drug candidate increases. The solid black lines in the figure are 

a schematic representation indicating that the precision on efficacy and safety of a 

compound during early clinical development is low (as depicted by wide band) while 

precision increases (as depicted by narrowing of the band) as we progress towards late 

phase clinical development and post-marketing setting. 

The research project on veliparib clinical development described in chapter 2 & 3 

highlights how advance methodological techniques can be utilized to extract relevant 

information from an early phase heterogeneous trial to inform design of a future trial. The 

goal of the project was to optimize benefit/risk for dosing recommendations in an average 

patient. On the other hand, the CIPN project described in chapter 4 & 5 is an example 

where we have accumulated wealth of knowledge about certain anticancer drugs, and a 

step forward is taken towards dose individualization to manage CIPN in a patient.  
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Figure 6.1: Research projects on the drug development spectrum in the context of 

amount of knowledge and precision on efficacy & safety 

 

 

 

 

 

 

 

 

 

Early Clinical Development: Veliparib 

Data from dose escalation trial of veliparib in combination with topotecan plus 

carboplatin was available with wide range of veliparib doses evaluated. The main 

purpose of this research was to utilize pharmacometric techniques early on during the 

drug development to support the proof of concept trial design of veliparib in terms of 

dose selection, patient population, treatment duration, and impact of intrinsic and 

extrinsic factors on veliparib PK. The dose escalation trial was heterogeneous in terms of 

patient population, number of prior therapies and treatment duration. PK, efficacy and 

safety information was collected in this trial as opposed to typical dose escalation 

oncology trials that focus primarily on evaluation of PK and safety. This allowed for an 

informative analysis to not only understand the contribution of intrinsic and extrinsic 
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factors towards variability in veliparib PK, but also to conduct exposure-response 

analysis of efficacy and safety to assess the adequacy of veliparib dosing. Based on 

population pharmacokinetic analysis, it was shown that lean body mass and creatinine 

clearance affects pharmacokinetics of veliparib while concomitant administration of 

topotecan plus carboplatin did not affect veliparib clearance. These findings are 

consistent with the physiochemical properties of veliparib and its elimination mechanism. 

Exposure-response for safety and efficacy along with in vitro IC50 information was 

crucial to support the choice of 80 mg BID veliparib dosing regimen for the proof of 

concept trial. Furthermore, multivariate exposure-response analysis for efficacy 

supported the choice of patient population and the treatment duration. Finally, population 

PK analysis quantified the impact of mild renal impairment on AUC while exposure-

safety analysis indicated that 28% higher AUC in patients with mild renal impairment 

was not an issue from safety perspective which supports the inclusion of these patients in 

future trials without the need of dose adjustment. In summary, using pharmacometric 

analysis by pooling data across doses, using data from various patient populations on 

different treatment duration, we were able to answer several drug development questions 

from a single trial as opposed to conducting separate trials to answer these questions. In 

addition, high correlation was observed between ORR and OS indicating that patients 

with higher ORR also had longer OS. Thus, ORR data collected in the future trials can be 

used to predict OS for veliparib in combination with topotecan plus carboplatin. OS 

predictions can then be used in planning future trial to predict clinical benefit with OS as 

a potential clinical endpoint.  

 



  

 

285 

 

Precision Therapeutics: CIPN Management 

CIPN is a dose limiting toxicity caused by several chemotherapeutic agents that is 

generally managed by empirical dose modifications at the discretion of the treating 

physician. The goal of this research was to quantitate the dose-CIPN relationship to 

inform the optimal strategies for management of CIPN. A dose-CIPN model (K-PD) was 

developed using dosing and PRO data from CALGB 40502 (Alliance), a randomized 

phase III trial of paclitaxel vs. nab-paclitaxel vs. ixabepilone as the first-line 

chemotherapy for locally recurrent or metastatic breast cancer. An indirect response 

model with linear drug effect was able to describe the longitudinal-CIPN data reasonably 

well. On a mean level, paclitaxel was found to be less neurotoxic than nab-paclitaxel or 

ixabepilone. The model was utilized to identify an early time point of 3 months that 

reasonably predicted later time course of CIPN (concordance probability ~75%). This 

information was used to develop CIPN management dosing card to prospectively manage 

CIPN in patients who may be at risk of developing CIPN later in the therapy. For 

paclitaxel, nab-paclitaxel and ixabepilone, the proposed CIPN management dosing card 

resulted in 61%, 48% and 35% fewer patients, respectively; with CIPN score ≥ 8 after 6 

cycles as compared to administering cycle 3 doses for 4
th

, 5
th

 and 6
th

 cycle. In addition, 

CIPN precision therapeutics tool was developed to help visualize the predicted CIPN 

time course based on patients dosing information. We also extended our analysis to 

include Bayesian prediction intervals for CIPN time course to incorporate uncertainty in 

decision making, if needed. This tool will help oncologists to tailor the dosing to manage 

CIPN in an individual patient based on overall benefit/risk. The uniqueness of this 

research is that we have utilized patient’s own early CIPN data to guide later CIPN time 
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course thus negating the need to identify any baseline risk factors or covariates that can 

predict CIPN. Also, this approach is a shift in paradigm from conducting empirical dose 

reductions to manage CIPN to a more scientific and data driven approach for 

personalized CIPN management. 

 

6.2 Future Research 

In terms of the veliparib project, a proof of concept randomized trial to demonstrate 

superiority in efficacy of veliprarib in combination with carboplatin plus topotecan with 

carboplatin plus topotecan alone will be conducted at a dose of 80 mg BID veliparib for 

at least 14 days in MPN patients. Further research on optimizing efficacy (ORR or OS) 

and safety (mucositis) through dose individualization can be considered. In addition, the 

population PK and exposure-response analysis can inform labeling for specific 

populations. 

For CIPN project future directions, investigations primarily to understand the impact of 

prospective dose optimization on efficacy will be needed to support the use of CIPN 

management card and CIPN precision therapeutics tool in the clinical setting. We believe 

that a randomized comparison between the CIPN management strategy that is being 

proposed to a conventional way of managing CIPN may not be practical. This trial will 

be difficult to conduct due to lack of financial incentives to develop a new CIPN 

management strategy when currently CIPN is managed by dose interruption/reductions, 

albeit empirical. It is also unconventional in oncology to prospectively reduce dose in a 

patient based on probability of an adverse event that may occur in future. Therefore, a 

pragmatic approach would be to encourage oncologists to use the CIPN precision 
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therapeutics tool based on a patients benefit/risk profile and collect PK, efficacy and 

safety information in that individual over time. Once such data is collected in a real world 

setting in several patients, the data can be utilized to understand the effect of dose 

modifications on CIPN severity as well as efficacy. The current CIPN precision tool may 

also be developed as a potential mobile application to increase the usability and conduct 

real time analysis. It is also worth noting that even though this model is developed for 

CIPN, the concept can be applied to any drug and any adverse event that is late onset and 

prospective intervention to prevent the adverse event can be clinically justified.  

In summary, utilizing pharmacometric methods throughout the course of drug 

development would offer a significant return on investment. Learn-apply paradigm, if 

appropriately adopted has potential to re-configure the drug development and 

therapeutics in terms of increasing efficiency and data driven decision making.   
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APPENDIX 

Veliparib Project 

Script 1: Veliparib final population PK model –Phoenix code  

test(){ 

# Structural model: two compartment model with first order absorption and elimination 

# Absorption compartment 

deriv(Aa = - (Aa * Ka))  

# Central compartment 

 deriv(A1 = - (Cl * C) + (Aa * Ka)- (Cl2 * (C - C2)))  

# Peripheral compartment 

 deriv(A2 = (Cl2 * (C - C2))) 

 C = A1 / V 

 dosepoint(Aa, tlag = (tlag), idosevar = AaDose) 

 C2 = A2 / V2 

# Proportional residual error 

 error(CEps = 0.262934) 

 observe(CObs = C * (1 + CEps))  

 

# Random effects and covariate model 

# Lean body mass as a covariate on central volume of distribution 

 stparm(V = (tvV * (LBM/55)^dVdLBM) * exp(nV))  

# Clearance estimated as tvCLhep (hepatic clearance and clearance due to tubular 

secretion) and tvCLren (clearance due to glomerular filtration)  

# Creatinine clearance (CRCL) used to estimate CLren 

 stparm(Cl =( tvCLhep + tvCLren*(CRCL/90) )* exp(nCl)) 

# Between occasion variability estimated on Ka (day 1 and day 4) 

 stparm(Ka = tvKa * exp(nKa + nKaxABT*(CARBOORTOPO==0) + 

nKaxCARBO*(CARBOORTOPO==1))) 

 stparm(V2 = tvV2) 

 stparm(Cl2 = tvCl2) 

 stparm(tlag = tvtlag * exp(ntlag)) 

 

# Mapping covariates 

 fcovariate(CARBOORTOPO) 

 fcovariate(CRCL) 

 fcovariate(LBM) 

 

# Initial estimates for fixed effects 

 fixef(tvV = c(, 122.508, )) 

 fixef(tvCLhep = c(, 7.96952, )) 

 fixef(tvCLren = c(, 8.49127, )) 

 fixef(tvKa = c(, 2.14937, )) 

 fixef(tvV2 = c(, 97.4895, )) 
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 fixef(tvCl2 = c(, 10.1123, )) 

 fixef(tvtlag = c(, 0.223747, )) 

 fixef(dVdLBM(enable=c(1)) = c(, 0.92355, )) 

 

# Initial estimates for random effects and covariance 

 ranef(block(nV, nCl) = c(0.083755426, 0.083719673, 0.12065724), block(nKa, 

ntlag) = c(0.047876053, -0.01296033, 0.0055885746)) 

 ranef(diag(nKaxABT) = c(1.7501371), same(nKaxCARBO)) 

 ranef(diag() = c(), same()) 

} 

 

Model output (fixed effects) for Table 2.3 

Parameter Estimate Units Stderr CV% 2.5% CI 97.5% CI 

tvV 122.716 L 4.923312 4.011956 113.057 132.375 

tvCLhep 7.97216 L/h 0.93959 11.78589 6.12879 9.81553 

tvCLren 8.51978 L/h 0.859174 10.08446 6.834178 10.20538 

tvKa 2.15187 /h 0.287487 13.35989 1.587852 2.715888 

tvV2 97.9139 L 18.81887 19.21982 60.9934 134.8344 

tvCl2 10.0894 L/h 1.188697 11.78164 7.757311 12.42149 

tvtlag 0.223705 h 0.002821 1.261151 0.21817 0.22924 

dVdLBM 0.922256 
 

0.122797 13.3148 0.681343 1.163169 

stdev0 0.262864 
 

0.012288 4.674584 0.238757 0.286971 

  

Model output (random effects) for Table 2.3 

Label nV nCl nKa ntlag nKaxABT nKaxCARBO 

Omega 
      nV 0.083937 

     nCl 0.083809 0.120517 
    nKa 0 0 0.04781 

   ntlag 0 0 -0.01295 0.005581 
  nKaxABT 0 0 0 0 1.731733 

 nKaxCARBO 0 0 0 0 0 1.731733 

Correlation 
     nV 1 
     nCl 0.833271 1 

    nKa 0 0 1 
   ntlag 0 0 -0.79295 1 

  nKaxABT 0 0 0 0 1 
 nKaxCARBO 0 0 0 0 0 1 

Shrinkage 0.118983 0.034142 0.474805 0.375966 0.031632 0.198368 
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Script 2: Veliparib multivariate exposure-response for objective response rate- R 

code 
 

fit10_pub<-glm(responder~MPN+dur+AUC_TAUmodss+p2,family=binomial, 

data=pkdata) 

summary(fit10_pub) 

 

# MPN (myeloproliferative neoplasms) : 0 – No MPN; 1- MPN 

# dur    (duration of treatment)      : 0 – 8 days; 1- > 8 days 

# AUC_TAUmodss       : model predicted AUCtau (tau=12 h) at steady 

state 

# p2 (prior therapies)       : 0 – < 2 prior therapies; 1- ≥ 2 prior therapies 

 

Model output: (Table 3.5) 

Call: 
glm(formula = responder ~ MPN + dur + AUC_TAUmodss + p2, family = binom
ial,  
    data = pkdata) 
 
Deviance Residuals:  
    Min       1Q   Median       3Q      Max   
-1.6677  -0.8581  -0.6592   0.9313   1.8290   
 
Coefficients: 
               Estimate Std. Error z value Pr(>|z|)   
(Intercept)  -8.558e-01  4.812e-01  -1.779   0.0753 . 
MPN           1.023e+00  7.526e-01   1.359   0.1742   
dur           5.720e-01  9.870e-01   0.580   0.5622   
AUC_TAUmodss  7.980e-05  9.878e-05   0.808   0.4192   
p2           -6.428e-01  5.044e-01  -1.274   0.2025   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
(Dispersion parameter for binomial family taken to be 1) 
 
    Null deviance: 109.495  on 83  degrees of freedom 
Residual deviance:  97.147  on 79  degrees of freedom 
AIC: 107.15 
 
Number of Fisher Scoring iterations: 4 
 

exp(fit10_pub$coefficients) 

 
(Intercept)          MPN          dur AUC_TAUmodss           p2  
   0.4249445    2.7808939    1.7718406    1.0000798    0.5258140  

 

R-script for plotting model predicted objective response rate versus AUC in patients with 

MPN, >8 day treatment duration and <2 prior therapies and in patients without MPN, 8 

day treatment duration and ≥2 prior therapies (Figure 3.7) 
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# observed proportion of patients with objective response for patients with MPN, >8 day 

treatment duration and <2 prior therapies 

type1<-pkdata%>%filter(MPN==1)%>%filter(dur==1)%>%filter(p2==0) 

 

type1_er<-type1%>%  

            filter(!is.na(AUC_TAUmodss))%>% 

              mutate(AUC_quant=ntile(AUC_TAUmodss,1))%>% 

                group_by(AUC_quant)%>% 

                   summarize(Responder_Prop =mean(responder),n=n(), 

                             SE=sqrt(Responder_Prop*(1-Responder_Prop)/n), 

                             LCI=Responder_Prop-1.96*SE, 

                             UCI=Responder_Prop+1.96*SE, 

                             count=sum(responder==1), 

                             meanAUC=round(mean(AUC_TAUmodss),1)) 

type1_er 
  AUC_quant Responder_Prop     n        SE       LCI      UCI count mea
nAUC 
      <int>          <dbl> <int>     <dbl>     <dbl>    <dbl> <int>   <
dbl> 
1         1          0.875     8 0.1169268 0.6458235 1.104177     7  50
41.7 

 

 

# observed proportion of patients with objective response for patients without MPN, 8 

day treatment duration and ≥2 prior therapies 

 

type2<-pkdata%>%filter(MPN==0)%>%filter(dur==0)%>%filter(p2==1) 

 

type2_er<-type2%>%  

            filter(!is.na(AUC_TAUmodss))%>% 

              mutate(AUC_quant=ntile(AUC_TAUmodss,2))%>% 

                group_by(AUC_quant)%>% 

                   summarize(Responder_Prop =mean(responder),n=n(), 

                             SE=sqrt(Responder_Prop*(1-Responder_Prop)/n), 

                             LCI=Responder_Prop-1.96*SE, 

                             UCI=Responder_Prop+1.96*SE, 

                             count=sum(responder==1), 

                             meanAUC=round(mean(AUC_TAUmodss),1)) 

type2_er 
AUC_quant Responder_Prop     n         SE        LCI       UCI count me
anAUC 
      <int>          <dbl> <int>      <dbl>      <dbl>     <dbl> <int>   
<dbl> 
1         1          0.25    20 0.09682458 0.06022382 0.4397762     5   
725.5 
2         2          0.25    20 0.09682458 0.06022382 0.4397762     5  
4679.8 
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# prepare prediction dataset for patients with MPN, >8 day treatment duration and <2 

prior therapies 

auc<-seq(0,12000,200) 

mult_pred<-as.data.frame(auc) 

mult_pred$MPN<-1 # MPN =yes 

mult_pred$dur<-1 # treatment duration >8 days 

mult_pred$p2<-0 # less than 2 prior therapies 

mult_pred<-mult_pred%>% 

          rename(AUC_TAUmodss=auc) 

 

# model prediction dataset for patients with MPN, >8 day treatment duration and <2 

prior therapies 

y<-as.data.frame(predict(fit10_pub,mult_pred,type="response",se.fit = T)) 

y<-cbind(auc,y) 

y<-y%>%mutate(type=1) 

 

# prepare prediction dataset for patients with MPN, 8 day treatment duration and ≥2 

prior therapies 

mult_pred1<-mult_pred%>% 

              mutate(MPN=0,dur=0,p2=1) 

 

# model prediction dataset for patients with MPN, 8 day treatment duration and ≥2 prior 

therapies 

z<-as.data.frame(predict(fit10_pub,mult_pred1,type="response",se.fit = T)) 

z<-cbind(auc,z) 

z<-z%>%mutate(type=2) 

 

# combine model prediction from two groups and calculate 95% lower and upper 

confidence intervals 

final<-rbind(y,z) 

final<-final%>% 

          mutate(LCI=fit-1.96*se.fit, UCI=fit+1.96*se.fit) 

 

# plotting model predicted objective response rate versus AUC in two groups and overlay 

with observed proportion of patients with objective response in two groups 

p3_pub<- ggplot()+             

geom_ribbon(data=final,aes(ymin=LCI,ymax=UCI,fill=factor(type),x=auc),al

pha=0.5,colour=NA)+ 

             geom_line(data=final,aes(y=fit,x=auc,col=factor(type)),size=2)+theme_bw()+ 

               xlab("")+ylab("")+ my_theme()+ theme(legend.position="none")+ 

               scale_x_continuous(breaks=seq(0,12000,2000),limit=c(0,12000))+ 

               scale_y_continuous(breaks=seq(-0.2,1.2,0.2),limit=c(-0.2,1.2))+ 

               theme(plot.margin= unit(c(1, 1, -3.1, 1), "lines"))+ 

              scale_fill_manual(values=c("lightblue","darkgrey"))+ 

              scale_color_manual(values=c("blue","black"))+ 



  

 

293 

 

               

geom_point(data=type1_er,aes(y=Responder_Prop,x=meanAUC),size=8,col="blue")+ 

geom_errorbar(data=type1_er,aes(y=Responder_Prop,x=meanAUC,ym

in=LCI,ymax=UCI),width=2.5,size=1.5,col="blue")+ 

geom_point(data=type2_er,aes(y=Responder_Prop,x=meanAUC),size=8,c

ol="black")+ 

geom_errorbar(data=type2_er,aes(y=Responder_Prop,x=meanAUC,ymin

=LCI,ymax=UCI),width=2.5,size=1.5,col="black") 

 

p2_pub<-ggplot(pkdata, aes(y =AUC_TAUmodss,x=factor(Dose2)))+ 

            geom_boxplot(outlier.size=5, fill="white", color = 'black') + theme_bw()+ 

               coord_flip()+ 

             ylab("")+xlab("")+ 

              theme(legend.position="none")+my_theme()+ 

              scale_y_continuous(breaks=seq(0,12000,2000),limit=c(0,12000))+ 

             theme(plot.margin= unit(c(0.1, 1, 1, 1), "lines"))               

               

gp3_pub<- ggplot_gtable(ggplot_build(p3_pub)) 

gp2_pub<- ggplot_gtable(ggplot_build(p2_pub)) 

maxWidth = unit.pmax(gp3_pub$widths[2:3], gp2_pub$widths[2:3]) 

gp3_pub$widths[2:3] <- maxWidth 

gp2_pub$widths[2:3] <- maxWidth 

grid.arrange(gp3_pub, gp2_pub,heights=2:1) 

 

 

Script 3: Veliparib multivariate exposure-response for overall survival- R code 

(Table 3.6) 

cph.fit.16 <- coxph(Surv(days.to.death/30, 

event==1)~MPN+dur+AUC_TAUmodss+p2,data = pkdata,ties="breslow") 

summary(cph.fit.16) 

 

# MPN (myeloproliferative neoplasms) : 0 – No MPN; 1- MPN 

# dur    (duration of treatment)      : 0 – 8 days; 1- > 8 days 

# AUC_TAUmodss       : model predicted AUCtau (tau=12 h) at steady 

state 

# p2 (prior therapies)       : 0 – < 2 prior therapies; 1- ≥ 2 prior therapies 

 

Model output: 
Call: 
coxph(formula = Surv(days.to.death/30, event == 1) ~ MPN + dur +  
    AUC_TAUmodss + p2, data = pkdata, ties = "breslow") 
 
  n= 84, number of events= 77  
 
                   coef  exp(coef)   se(coef)      z Pr(>|z|) 
MPN          -5.768e-01  5.617e-01  3.915e-01 -1.473    0.141 
dur          -4.802e-01  6.187e-01  5.253e-01 -0.914    0.361 
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AUC_TAUmodss -1.501e-05  1.000e+00  4.517e-05 -0.332    0.740 
p2            1.747e-01  1.191e+00  2.458e-01  0.711    0.477 
 
             exp(coef) exp(-coef) lower .95 upper .95 
MPN             0.5617     1.7803    0.2608     1.210 
dur             0.6187     1.6164    0.2209     1.732 
AUC_TAUmodss    1.0000     1.0000    0.9999     1.000 
p2              1.1909     0.8397    0.7356     1.928 
 
Concordance= 0.628  (se = 0.038 ) 
Rsquare= 0.145   (max possible= 0.999 ) 
Likelihood ratio test= 13.14  on 4 df,   p=0.01061 
Wald test            = 10.83  on 4 df,   p=0.02859 
Score (logrank) test = 11.73  on 4 df,   p=0.01946 

 

exp(-1.501e-05) 
[1] 0.999985 

 

# plotting model predicted probability of survival for 4 different AUCs in patients with 

MPN, >8 day treatment duration and <2 prior therapies and in patients without MPN, 8 

day treatment duration and ≥2 prior therapies 

 

# model predicted probability of survival for 4 different AUCs for patients with MPN, >8 

day treatment duration and <2 prior therapies (Figure 3.8) 

 

pz<-survfit(cph.fit.16, newdata=data.frame(MPN=1,dur=1,p2=0, 

             AUC_TAUmodss=c(555,1117,3772,6266))) 

 

# model predicted probability of survival for 4 different AUCs for patients without MPN, 

8 day treatment duration and ≥2 prior therapies 

 

tz<-survfit(cph.fit.16, newdata=data.frame(MPN=0,dur=0,p2=1, 

              AUC_TAUmodss=c(555,1117,3772,6266))) 

 

plot(pz, col=c("red","blue","orange","black"), 

            xlab="", ylab="", conf.int=F,lwd=1.0,las=1 ,labels=F) 

axis(1, at=seq(0, 60, by=10),cex.axis=1.5,lwd.ticks = 2) 

axis(2, at=seq(0, 1, by=0.2),las=1,cex.axis=1.5,lwd.ticks = 2) 

grid(6, 6, lwd = 0.8,lty=1)  

box(lwd=3) 

   lines(survfit(cph.fit.16, newdata=data.frame(MPN=0,dur=0,p2=1, 

                                               AUC_TAUmodss=c(555,1117,3772,6266))), 

         col=c("red","blue","orange","black"), 

       xlab="", ylab="", conf.int=F) 

legend(25,1,c("Q1 (555 ng.hr/mL)","Q2 (1117 ng.hr/mL)","Q3 (3772 

ng.hr/mL)","Q4 (6266 ng.hr/mL)"),lty=1,col=c("red","blue","orange","black"), 

cex=1.5,lwd=3.0, bty="n") 

 



  

 

295 

 

Script 4: Veliparib exposure-response for grade ≥ 3 mucositis  

 

logit2 <- glm(Bin_mucositis_grd3 ~AUC_TAUmodss, data = pkdata_mucositis, family = 

"binomial")  

summary(logit2) 

 

# Bin_mucositis_grd3       : 0 – No grade ≥ 3 mucositis; 1- Grade ≥ 3 

mucositis 

# AUC_TAUmodss       : model predicted AUCtau (tau=12 h) at steady 

state 

 

Model output:  
Call: 
glm(formula = Bin_mucositis_grd3 ~ AUC_TAUmodss, family = "binomial",  
    data = pkdata_mucositis) 
 
Deviance Residuals:  
    Min       1Q   Median       3Q      Max   
-0.9953  -0.5985  -0.4072  -0.3725   2.3205   
 
Coefficients: 
               Estimate Std. Error z value Pr(>|z|)     
(Intercept)  -2.7919113  0.5893677  -4.737 2.17e-06 *** 
AUC_TAUmodss  0.0002907  0.0001134   2.564   0.0103 *   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
(Dispersion parameter for binomial family taken to be 1) 
 
    Null deviance: 72.388  on 83  degrees of freedom 
Residual deviance: 65.424  on 82  degrees of freedom 
AIC: 69.424 
 
Number of Fisher Scoring iterations: 5 

 

confint(logit2) 
> confint(logit2) 
 
                     2.5 %        97.5 % 
(Intercept)  -4.095602e+00 -1.7493732379 
AUC_TAUmodss  7.466806e-05  0.0005278465 

 

exp(0.0002907) 
[1] 1.000291 
 

# plotting model predicted grade ≥3 mucositis versus AUC overlaid with observed data 

represented as quantiles (Figure 3.11) 

 

# Quantile plot for observed proportion of patients with grade ≥3 mucositis versus AUC 

ERAE2_muco<-pkdata_mucositis%>% 

       filter(!is.na(AUC_TAUmodss))%>% 

       mutate(AUC_quant=ntile(AUC_TAUmodss,4))%>% 
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       group_by(AUC_quant)%>% 

       summarize(meanAUC=round(mean(AUC_TAUmodss),1), 

            Responder_Prop=round(mean(Bin_mucositis_grd3),2),n=n(), 

            SE=sqrt(Responder_Prop*(1-Responder_Prop)/n), 

            LCI=Responder_Prop-1.96*SE, 

           UCI=Responder_Prop+1.96*SE, 

           countmuc=sum(Bin_mucositis_grd3==1)) 

ERAE2_muco%>%kable() 

 
AUC_quant meanAUC Responder_Prop n    SE          LCI       UCI      co
untmuc       
1         1   575.1     0.10    21 0.06546537 -0.028312119 0.2283121        
2 
2         2  1249.8     0.10    21 0.06546537 -0.028312119 0.2283121        
2 
3         3  3657.6     0.14    21 0.07571878 -0.008408805 0.2884088        
3 
4         4  6875.0     0.29    21 0.09901900  0.095922765 0.4840772        
6 

 

# plotting model predicted probability of grade ≥3 mucositis versus AUC overlaid with 

observed qunatiles 

p5<-ggplot(pkdata_mucositis, aes(y = Bin_mucositis_grd3,x=AUC_TAUmodss))+  

stat_smooth(data=pkdata_mucositis,aes(y=Bin_mucositis_grd3,x=AUC_TAUmo

dss),method="glm", method.args = list(family = "binomial"), 

se=T,size=2,fill="red",col="red",alpha=0.3)+ 

geom_point(data=ERAE2_muco,aes(y = 

Responder_Prop,x=meanAUC),size=8)+theme_bw()+ 

geom_text(data=ERAE2_muco,aes(y = 

Responder_Prop,x=meanAUC,label=Responder_Prop),vjust=-0.8,hjust=-

0.15,size=7)+ 

geom_errorbar(data=ERAE2_muco,aes(y = 

Responder_Prop,x=meanAUC,ymin=LCI,ymax=UCI),width=2.5,size=1.5)+ 

   xlab("")+  ylab("")+   my_theme()+ 

   scale_x_continuous(breaks=seq(0,12000,2000),limit=c(0,12000))+ 

            scale_y_continuous(breaks=seq(-0.2,1,0.2),limit=c(-0.2,1))+ 

            theme(plot.margin= unit(c(1, 1, -3.6, 1), "lines")) 

 

p2_pub<-ggplot(pkdata, aes(y =AUC_TAUmodss,x=factor(Dose2)))+ 

            geom_boxplot(outlier.size=5, fill="white", color = 'black') + theme_bw()+ 

               coord_flip()+ 

             ylab("")+xlab("")+ 

               theme(legend.position="none")+my_theme()+ 

               scale_y_continuous(breaks=seq(0,12000,2000),limit=c(0,12000))+ 

               theme(plot.margin= unit(c(0.1, 1, 1, 1), "lines"))               
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gp5<- ggplot_gtable(ggplot_build(p5)) 

gp4<- ggplot_gtable(ggplot_build(p2_pub)) 

maxWidth = unit.pmax(gp5$widths[2:3], gp4$widths[2:3]) 

gp5$widths[2:3] <- maxWidth 

gp4$widths[2:3] <- maxWidth 

grid.arrange(gp5, gp4,heights=2:1)  



  

 

298 

 

CIPN Project 

Script 1: K-PD final model (NONMEM script and output) 
$PROBLEM    RUN# allarms_1 

$INPUT      C ID TIME AMT DV ADDL II CMT TAR 

$DATA      fourorless.csv IGNORE=C 

$SUBROUTINE ADVAN6 TOL=6 

$MODEL      NCOMP=2 COMP=(DOSE) COMP=(OBS) 

$PK  

    BASESET=THETA(1) 

    TVBASE=BASESET 

    BASE=TVBASE*EXP(ETA(1)) 

    IF(TAR.EQ.1) SLOPESET=THETA(2) 

    IF(TAR.EQ.2) SLOPESET=THETA(3) 

    IF(TAR.EQ.3) SLOPESET=THETA(4) 

    TVSLOPE=SLOPESET 

    SLOPE=TVSLOPE*EXP(ETA(2)) 

    KINSET=THETA(5) 

    TVKIN=KINSET 

    KIN=TVKIN*EXP(ETA(3)) 

    IF(TAR.EQ.1) KDESET=THETA(6) 

    IF(TAR.EQ.2) KDESET=THETA(7) 

    IF(TAR.EQ.3) KDESET=THETA(8) 

    TVKDE=KDESET 

    KDE=TVKDE*EXP(ETA(4)) 

    KOUT=KIN/BASE 

    A_0(2)=BASE 

    S2=1 

 

$DES  

   DADT(1)=-KDE*A(1) 

   VIR=A(1)*KDE 

   IRG=VIR 

   DADT(2)=KIN*(1+SLOPE*IRG)-KOUT*A(2) 

 

$ERROR  

IPRED=F 

IRES=DV-IPRED 

IF (F.EQ.0) FX=1 

W=F+FX 

IWRES=IRES/W 

    Y = F + ERR(1) 

 

$THETA   

 (0,0.3) ; BASE 

 (0,1) ; SLOPE1 

 (0,1) ; SLOPE2 

 (0,1) ; SLOPE3 

 (0,0.005) ; KIN 

 (0,0.001) ; KDE1 
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 (0,0.002) ; KDE2 

 (0,0.005) ; KDE3 

 

$OMEGA  BLOCK(2) 

 0.3  ;   baseline 

 0.03 0.5  ;      SLOPE 

 

$OMEGA  0.05  ;        kin 

 0.03  ;        KDE 

 

$SIGMA  2  ;        [A] 

 

$ESTIMATION METHOD=1 INTER MAXEVAL=9999 PRINT=1 

MSFO=aallarms_1.MSF 

$COVARIANCE 

$TABLE      ID TIME IPRED PRED DV ETA1 ETA2 ETA3 ETA4 CWRES IWRES 

CMT 

            ONEHEADER NOPRINT FILE=SDTABindlinKDECOR 

$TABLE      ID TIME IPRED PRED DV AMT CMT TAR KIN BASE SLOPE KDE 

IRG 

            CMT ONEHEADER NOPRINT 

FILE=alphaparameterindlinKDECOR.tab 

 

 

MONITORING OF SEARCH: 

 

0ITERATION NO.:    0    OBJECTIVE VALUE:   20704.2061520009        

NO. OF FUNC. EVALS.:  11 

 CUMULATIVE NO. OF FUNC. EVALS.:       11 

 NPARAMETR:  3.0000E-01  1.0000E+00  1.0000E+00  1.0000E+00  

5.0000E-03  1.0000E-03  2.0000E-03  5.0000E-03  3.0000E-01  

3.0000E-02 

             5.0000E-01  5.0000E-02  3.0000E-02  2.0000E+00 

 PARAMETER:  1.0000E-01  1.0000E-01  1.0000E-01  1.0000E-01  

1.0000E-01  1.0000E-01  1.0000E-01  1.0000E-01  1.0000E-01  

1.0000E-01 

             1.0000E-01  1.0000E-01  1.0000E-01  1.0000E-01 

 GRADIENT:  -1.7540E+03 -7.9731E+02 -7.5377E+02 -9.1385E+02 -

2.2437E+03 -9.2979E+02 -1.2547E+03 -8.9230E+02 -3.0729E+03 -

1.1498E+03 

            -4.6557E+03 -5.1545E+02 -8.4013E+02 -1.2496E+04 

 

0ITERATION NO.:    1    OBJECTIVE VALUE:   16308.7215987644        

NO. OF FUNC. EVALS.:  12 

 CUMULATIVE NO. OF FUNC. EVALS.:       23 

 NPARAMETR:  3.2636E-01  1.0390E+00  1.0369E+00  1.0449E+00  

5.5687E-03  1.0457E-03  2.1242E-03  5.2189E-03  4.0297E-01  

5.3965E-02 

             7.8441E-01  5.2537E-02  3.2521E-02  6.6402E+00 

 PARAMETER:  1.8422E-01  1.3828E-01  1.3619E-01  1.4388E-01  

2.0773E-01  1.4464E-01  1.6024E-01  1.4284E-01  2.4754E-01  

1.5521E-01 
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             3.2354E-01  1.2475E-01  1.4034E-01  7.0000E-01 

 GRADIENT:  -7.3927E+02 -4.2787E+02 -3.8332E+02 -5.0675E+02 -

1.1173E+03 -4.5581E+02 -5.3103E+02 -4.4531E+02 -5.8291E+02 -

4.4377E+02 

            -2.0091E+03 -1.3373E+02 -1.7025E+02  6.2275E+02 

 

0ITERATION NO.:   59    OBJECTIVE VALUE:   13229.0277516484        

NO. OF FUNC. EVALS.:  18 

 CUMULATIVE NO. OF FUNC. EVALS.:      995 

 NPARAMETR:  5.0016E-01  8.8159E-01  8.2590E-01  9.7442E+00  

8.4172E-03  8.5797E-03  1.2183E-02  4.7022E-03  1.0944E-01  

1.1337E-01 

             1.1749E-01  1.3957E+00  2.1002E+00  3.6179E+00 

 PARAMETER:  6.1114E-01 -2.6031E-02 -9.1288E-02  2.3767E+00  

6.2083E-01  2.2494E+00  1.9069E+00  3.8603E-02 -4.0419E-01  

6.2567E-01 

            -4.6003E+00  1.7646E+00  2.2243E+00  3.9638E-01 

 GRADIENT:   3.5661E-03  4.3446E-03  8.3959E-04  1.1293E-02  

1.2504E-02 -3.2508E-03  5.5932E-03  7.6120E-03  6.8810E-03  

1.8801E-02 

             0.0000E+00 -4.1576E-04  1.9778E-02 -6.6522E-03 

 

 #TERM: 

0MINIMIZATION SUCCESSFUL 

 NO. OF FUNCTION EVALUATIONS USED:      995 

 NO. OF SIG. DIGITS IN FINAL EST.:  3.4 

0PARAMETER ESTIMATE IS NEAR ITS BOUNDARY 

 THIS MUST BE ADDRESSED BEFORE THE COVARIANCE STEP CAN BE 

IMPLEMENTED 

 

 ETABAR IS THE ARITHMETIC MEAN OF THE ETA-ESTIMATES, 

 AND THE P-VALUE IS GIVEN FOR THE NULL HYPOTHESIS THAT THE TRUE 

MEAN IS 0. 

 

 ETABAR:         1.5952E-02  1.6532E-02  8.6303E-02  5.0805E-02 

 SE:             8.3005E-03  8.6003E-03  2.1570E-02  3.6214E-02 

 N:                     653         653         653         653 

 

 P VAL.:         5.4630E-02  5.4572E-02  6.3069E-05  1.6064E-01 

 

 ETAshrink(%):   3.5835E+01  3.5835E+01  5.3309E+01  3.6095E+01 

 EBVshrink(%):   3.4840E+01  3.4866E+01  5.2209E+01  3.1286E+01 

 EPSshrink(%):   7.3856E+00 

 

 #TERE: 

 Elapsed estimation time in seconds:   636.41 

 

  

Model output: 
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***************  FIRST ORDER CONDITIONAL ESTIMATION WITH 

INTERACTION              ***************  MINIMUM VALUE OF 

OBJECTIVE FUNCTION                       

***************  13229.028       

*****************************************************************

***** 

***************  FIRST ORDER CONDITIONAL ESTIMATION WITH 

INTERACTION              ***************  FINAL PARAMETER 

ESTIMATE                            

*****************************************************************

***** 

THETA - VECTOR OF FIXED EFFECTS PARAMETERS   ********* 

 

 

TH 1     TH 2     TH 3      TH 4      TH 5      TH 6      TH 

7      TH 8      

  

5.00E-01  8.82E-01  8.26E-01  9.74E+00  8.42E-03  8.58E-03  

1.22E-02  4.70E-03 

  

 

OMEGA - COV MATRIX FOR RANDOM EFFECTS - ETAS  ******** 

 

 

            ETA1      ETA2      ETA3      ETA4    

  

 ETA1 

+        1.09E-01 

  

 ETA2 

+        1.13E-01  1.17E-01 

  

 ETA3 

+        0.00E+00  0.00E+00  1.40E+00 

  

 ETA4 

+        0.00E+00  0.00E+00  0.00E+00  2.10E+00 

  

 

SIGMA - COV MATRIX FOR RANDOM EFFECTS - EPSILONS  **** 

 

 

            EPS1    

  

 EPS1 

+        3.62E+00 

  

 

OMEGA - CORR MATRIX FOR RANDOM EFFECTS - ETAS  ******* 

 

 

            ETA1      ETA2      ETA3      ETA4    
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 ETA1 

+        3.31E-01 

  

 ETA2 

+        1.00E+00  3.43E-01 

  

 ETA3 

+        0.00E+00  0.00E+00  1.18E+00 

  

 ETA4 

+        0.00E+00  0.00E+00  0.00E+00  1.45E+00 

  

 

SIGMA - CORR MATRIX FOR RANDOM EFFECTS - EPSILONS  *** 

 

            EPS1    

  

 EPS1 

+        1.90E+00 

  

 

Script 2: K-PD model script for identification of early time point & dosing 

algorithm simulations (NONMEM script) 
$INPUT C ID TIME AMT DV ADDL II CMT EVID TAR OLDDV 

$DATA data2fourorless3.csv IGNORE=C 

$SUBS ADVAN6 TOL=6 

$MODEL 

   NCOMP=2 

   COMP=(DOSE) 

   COMP=(OBS) 

 

$PK     

    BASESET=THETA(1) 

    TVBASE=BASESET 

    BASE=TVBASE*EXP(ETA(1)) 

    IF(TAR.EQ.1) SLOPESET=THETA(2) 

    IF(TAR.EQ.2) SLOPESET=THETA(3) 

    IF(TAR.EQ.3) SLOPESET=THETA(4) 

    TVSLOPE=SLOPESET 

    SLOPE=TVSLOPE*EXP(ETA(2)) 

    KINSET=THETA(5) 

    TVKIN=KINSET 

    KIN=TVKIN*EXP(ETA(3)) 

    IF(TAR.EQ.1) KDESET=THETA(6) 

    IF(TAR.EQ.2) KDESET=THETA(7) 

    IF(TAR.EQ.3) KDESET=THETA(8) 

    TVKDE=KDESET 

    KDE=TVKDE*EXP(ETA(4)) 

    KOUT=KIN/BASE 

    A_0(2)=BASE 
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    S2=1 

 

$DES 

   DADT(1)=-KDE*A(1) 

   VIR=A(1)*KDE 

   IRG=VIR 

   DADT(2)=KIN*(1+SLOPE*IRG)-KOUT*A(2) 

 

$ERROR 

IPRED=A(2) 

IRES=DV-IPRED 

IF (F.EQ.0) FX=1 

W=F+FX 

IWRES=IRES/W 

  Y = F + ERR(1) 

 

$THETA 

    0.5 FIX ; Baseline 

    0.882 FIX   ; SLOPE1  

    0.826 FIX   ; SLOPE2  

    9.74 FIX    ; SLOPE3  

    0.0084 FIX  ; KIN 

    0.0086 FIX  ; KDE1 

    0.0122 FIX  ; KDE2 

    0.0047 FIX  ; KDE3 

 

$OMEGA BLOCK(2) 

0.109 FIX  ; baseline 

0.113 FIX 0.117 FIX ; SLOPE 

 

$OMEGA 

1.4 FIX ; kin 

2.1 FIX  ; KDE 

 

$SIGMA 

3.62 FIX ;[A] 

  

$ESTIMATION METHOD=1 INTER MAXEVALS=0 POSTHOC 

 

$TABLE ID TIME IPRED PRED AMT TAR KIN BASE SLOPE KDE IRG CMT 

OLDDV ONEHEADER NOPRINT FILE=alphaparametersdata2mon3.tab 

 

Script 3: Bayesian K-PD model estimation 
$INPUT C ID TIME AMT DV ADDL II CMT TAR  

$DATA pacfourorless3.csv IGNORE=C 

$SUBS ADVAN6 TOL=6  

$PRIOR NWPRI NTHETA=8, NETA=4, NTHP=8, NETP=4 

 

$MODEL 

   NCOMP=2 
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   COMP=(DOSE) 

   COMP=(OBS) 

 

$PK 

"USE NMBAYES_INT, ONLY: 

ITER_REPORT,BAYES_EXTRA_REQUEST,BAYES_EXTRA 

"BAYES_EXTRA_REQUEST=1 

MU_1 = LOG(THETA(1)) 

BASE = DEXP(MU_1 + ETA(1)) 

 

IF(TAR.EQ.1) MU_2=LOG(THETA(2)) 

    IF(TAR.EQ.2) MU_2=LOG(THETA(3)) 

    IF(TAR.EQ.3) MU_2=LOG(THETA(4)) 

    SLOPE = DEXP(MU_2 + ETA(2)) 

    

MU_3 = LOG(THETA(5)) 

KIN = DEXP(MU_3 + ETA(3))  

 

IF(TAR.EQ.1) MU_4=LOG(THETA(6)) 

    IF(TAR.EQ.2) MU_4=LOG(THETA(7)) 

    IF(TAR.EQ.3) MU_4=LOG(THETA(8)) 

 KDE = DEXP(MU_4 + ETA(4))  

 

    KOUT=KIN/BASE 

    A_0(2)=BASE 

    S2=1 

 

"IF(BAYES_EXTRA==1 .AND. ITER_REPORT>=0 .AND. TIME==0.0) THEN 

"WRITE(50,98) ITER_REPORT,ID,KIN,BASE 

"WRITE(60,98) ITER_REPORT,ID,SLOPE,KDE 

"98 FORMAT(I12,1X,F14.0,2(1X,1PG12.5)) 

"ENDIF 

 

$DES 

   DADT(1)=-KDE*A(1) 

   VIR=A(1)*KDE 

   IRG=VIR 

 

   DADT(2)=KIN*(1+SLOPE*IRG)-KOUT*A(2) 

 

$ERROR 

"USE NMBAYES_INT, ONLY: 

ITER_REPORT,BAYES_EXTRA_REQUEST,BAYES_EXTRA 

"BAYES_EXTRA_REQUEST=1 

 

IPRED=F 

IRES=DV-IPRED 

IF (F.EQ.0) FX=1  

W=F+FX 

IWRES=IRES/W 

 

Y = F + ERR(1)  
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"IF(BAYES_EXTRA==1 .AND. ITER_REPORT>=0 .AND. CMT==2 ) THEN 

"WRITE(51,97) ITER_REPORT,ID,TIME,F 

"97 FORMAT(I12,1X,F14.0,2(1X,1PG12.5)) 

"ENDIF 

 

$THETA 

(0,0.3)    ; BASE 

(0,1)      ; SLOPE1  

(0,1)      ; SLOPE2  

(0,1)      ; SLOPE3  

(0,0.005)  ; KIN 

(0,0.001)  ; KDE1 

(0,0.002)  ; KDE2 

(0,0.005)  ; KDE3 

  

$OMEGA BLOCK(2)  

0.109  

0.113 0.117 

 

$OMEGA 1.4  

$OMEGA 2.1 

 

$SIGMA  

1.85 ;[A] 

 

$THETA (0.5 FIX) (0.882 FIX) (0.826 FIX) (9.74 FIX) (0.0084 FIX) 

(0.0086 FIX) (0.0122 FIX) (0.0047 FIX) 

 

$OMEGA BLOCK(8) 

0.004825 FIX 

0.00 0.041034 

0.00 0.00 0.029857 

0.00 0.00 0.00 4.580811 

0.00 0.00 0.00 0.00 0.000003 

0.00 0.00 0.00 0.00 0.00 0.000009 

0.00 0.00 0.00 0.00 0.00 0.00 0.0000141 

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00000119 

 

$OMEGA BLOCK(2)  

0.0203 FIX 

0.0078 0.0105 

 

$OMEGA 0.29 FIX 

$OMEGA 0.20 FIX 

 

$THETA (2 FIX) 

$THETA (1 FIX) 

$THETA (1 FIX) 

 

$EST METHOD=BAYES INTERACTION FILE=CIPNMUNOINFO.ext NBURN=10000 

NITER=100000 PRINT=20 NOPRIOR=0 CTYPE=3 CITER=100 SEED =11451155 
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Script 4: CIPN automated Bayesian tool script – R script 

 

# Import observed data and doses 

fourorless<-read.csv("~/mon3/data2fourorless3.csv") 

dose<-subset(fourorless$CMT==1)%>%filter(TARM==2) 

data<-subset(fourorless$CMT==2)%>%filter(TARM==2) 

 

data<-subset(data,select=c(2,3,11)) 

colnames(data)<-c("ID","TIME","S50") 

data$dummy<-"Obs" 

data$S025<-0 

data$S975<-0 

 

obs<-data%>%arrange(ID,TIME) 

 

 

# From the output of Script 3, import files fort50 and fort60 that contain individual 

parameter estimates for 100,000 replicates for each patient 

 

data_fort50<-read.table("~/allarms_mu_run5.dir1/NM_run1/fort50.txt",header=F) 

head(data_fort50) 

colnames(data_fort50)<-c("ITNO","ID","IKIN","IBASE") 

 

data_fort60<-read.table("~/allarms_mu_run5.dir1/NM_run1/fort60.txt",header=F) 

head(data_fort60) 

colnames(data_fort60)<-c("ITNO","ID","ISLOPE","IKDE") 

 

ind_param<-left_join(data_fort50,data_fort60) 

ind_param$IDI<-seq(1,nrow(ind_param),1) 

head(ind_param) 

 

# Sample 250 samples per patient randomly from 100,000 samples generated per patient 

 

set.seed(1234) 

ind_param_sample<-ind_param%>% 

                  group_by(ID)%>% 

                  sample_n(250,replace=F)%>% 

                  select(-c(IDI)) 

                   

ind_param_sample$IDI<-seq(1,nrow(ind_param_sample),1)    

names(ind_param_sample) 
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# Simulate CIPN score until month 6 using 250 samples per patient 

# Generate the datasets for simulation: simulation conducted in 5 runs due to limitation in 

number of patients per run 

data2fourorless3<-read.csv("~/mon3/data2fourorless3.csv") 

data2fourorless3<-data2fourorless3%>%select(c(-EVID))%>%filter(TARM==2) 

data2fourorless3_a<-data2fourorless3 

data2fourorless3<-merge(ind_param_sample,data2fourorless3) 

data2fourorless3<-data2fourorless3%>%arrange(ITNO,ID,TIME)%>% 

                  rename(GLOBID=ID,ID=IDI)%>%              

select(C,ID,TIME,AMT,DV,ADDL,II,CMT,TARM,OLDDV,IKIN,IBASE,ISLOPE,IKD

E,GLOBID,ITNO) 

data2fourorless3$IKIN<-as.numeric(paste(as.character(data2fourorless3$IKIN))) 

 

data2fourorless3.1<-data2fourorless3%>%filter(ID<=8650) 

data2fourorless3.2<-data2fourorless3%>%filter(ID>8650 & ID<=17300) 

data2fourorless3.3<-data2fourorless3%>%filter(ID>17300 & ID<=25950) 

data2fourorless3.4<-data2fourorless3%>%filter(ID>25950 & ID<=34600) 

data2fourorless3.5<-data2fourorless3%>%filter(ID>34600 & ID<=43250) 

 

write_nonmem(data2fourorless3.1,"~/ mon3/sim6/sim61/data2fourorless3sim.csv") 

write_nonmem(data2fourorless3.2,"~/mon3/sim6/sim62/data2fourorless3sim.csv") 

write_nonmem(data2fourorless3.3,"~/mon3/sim6/sim63/data2fourorless3sim.csv") 

write_nonmem(data2fourorless3.4,"~/mon3/sim6/sim64/data2fourorless3sim.csv") 

write_nonmem(data2fourorless3.5,"~/mon3/sim6/sim65/data2fourorless3sim.csv") 

 

# NONMEM Simulation script 

$INPUT C ID TIME AMT DV ADDL II CMT TAR OLDDV IKIN IBASE ISLOPE 

IKDE GLOBID 

$DATA data2fourorless3sim.csv IGNORE=C 

$SUBS ADVAN6 TOL=6 

$MODEL 

   NCOMP=2 

   COMP=(DOSE) 

   COMP=(OBS) 

 

$PK     

    BASE=THETA(1)*EXP(ETA(1))*IBASE 

    SLOPE=ISLOPE 

    KIN=IKIN    

    KDE=IKDE     

    KOUT=KIN/BASE 

    A_0(2)=BASE 

    S2=1 

 

$DES 
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   DADT(1)=-KDE*A(1) 

   VIR=A(1)*KDE 

   IRG=VIR 

   DADT(2)=KIN*(1+SLOPE*IRG)-KOUT*A(2) 

 

$ERROR 

IPRED=A(2) 

IRES=DV-IPRED 

IF (F.EQ.0) FX=1 

W=F+FX  

IWRES=IRES/W 

Y = F + ERR(1) 

 

$THETA 

    1 FIX ; Baseline 

  

$OMEGA  

 0 FIX 

 

$SIGMA 

3.62 FIX ;[A] 

    

$SIMULATIONONLY(12345) 

 

$TABLE ID TIME IPRED PRED AMT TAR IKIN IBASE ISLOPE IKDE IRG CMT 

OLDDV GLOBID ONEHEADER NOPRINT FILE=BSIM1.tab 

 

# Import simulated data and calculate mean, 10
th

, 50
th 

(median) and 90
th

 percentile of 

simulated CIPN score in each patient 

 

BSIM1<-read.table("~/mon3/sim6/sim61/BSIM1.tab",skip=1, header=T) 

BSIM2<-read.table("~/mon3/sim6/sim62/BSIM2.tab",skip=1, header=T) 

BSIM3<-read.table("~/mon3/sim6/sim63/BSIM3.tab",skip=1, header=T) 

BSIM4<-read.table("~/mon3/sim6/sim64/BSIM4.tab",skip=1, header=T) 

BSIM5<-read.table("~/mon3/sim6/sim65/BSIM5.tab",skip=1, header=T) 

BSIM_ALL<-rbind(BSIM1,BSIM2,BSIM3,BSIM4,BSIM5) 

 

 

BSIM50.1<-BSIM_ALL%>% 

    filter(CMT==2)%>% 

    group_by(TIME,GLOBID)%>% 

    summarize(meancipn=mean(IPRED))%>% 

    rename(ID=GLOBID)%>% 

    mutate(meancipn=ifelse(meancipn>16,16,meancipn)) 

     

BSIM50.2<-BSIM_ALL%>% 



  

 

309 

 

      filter(CMT==2)%>% 

      group_by(TIME,GLOBID)%>% 

      summarize(cipn25=quantile(IPRED,probs=0.10))%>% 

      rename(ID=GLOBID)%>% 

      mutate(cipn25=ifelse(cipn25>16,16,cipn25)) 

       

BSIM50.3<-BSIM_ALL%>% 

    filter(CMT==2)%>% 

    group_by(TIME,GLOBID)%>% 

    summarize(cipn975=quantile(IPRED,probs=0.90))%>% 

    rename(ID=GLOBID)%>% 

    mutate(cipn975=ifelse(cipn975>16,16,cipn975)) 

     

BSIM50.4<-BSIM_ALL%>% 

        filter(CMT==2)%>% 

        group_by(TIME,GLOBID)%>% 

       summarize(mediancipn=median(IPRED))%>% 

        rename(ID=GLOBID)%>% 

        mutate(mediancipn=ifelse(mediancipn>16,16,mediancipn)) 

         

# Plotting 

rect <- data.frame(xmin=86, xmax=169, ymin=-Inf, ymax=Inf) 

ID1=1110 

BSIM50.11<-BSIM50.1%>%filter(ID==ID1) 

BSIM50.21<-BSIM50.2%>%filter(ID==ID1) 

BSIM50.31<-BSIM50.3%>%filter(ID==ID1) 

BSIM50.41<-BSIM50.4%>%filter(ID==ID1) 

obs<-data%>%filter(ID==ID1) 

dose1<-dose%>%filter(ID==ID1) 

 

library(ggplot2) 

ggplot()+ 

geom_line(data=BSIM50.21,aes(x=TIME,y=cipn25),color="blue",size=1,linetype="dash

ed")+ 

geom_line(data=BSIM50.31,aes(x 

=TIME,y=cipn975),color="blue",size=1,linetype="dashed")+ 

geom_line(data=BSIM50.41,aes(x =TIME,y=mediancipn),color="blue",size=1)+ 

geom_point(data=npac.1.obs%>%filter(TIME<86),aes(x=TIME,y=S50),color="black",si

ze=5)+ facet_wrap(~ID,scales="free")+theme_bw()+ 

geom_rect(data=rect, aes(xmin=xmin, xmax=xmax, ymin=ymin, ymax=ymax), 

                  color="red", alpha=0.1,fill="red")+ 

 theme(legend.position="none")+ 

 theme( axis.line = element_line(colour = "black",size = 1, linetype = "solid"))+ 

 xlab("Time (days)") +   

 ylab("Predicted CIPN score using C4D1 data")+ 

 scale_y_continuous(breaks=seq(0,16,2),limit=c(0,18))+ 
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  scale_x_continuous(breaks=seq(0,168,28),limit=c(0,169))+ 

  my_theme()+ 

  geom_hline(yintercept = 8,col="black",linetype="dashed",size=1.5)+ 

  geom_hline(yintercept = 12,col="red",linetype="dashed",size=1.5)+ 

geom_point(data=dose1,aes(y=17,x=TIME),col="black",size=2)+   

geom_text(data=dose1,aes(y=17,x=TIME,label=round(AMT),digits=0),size=5,angle=

40,col="black",nudge_y = 0.5,vjust=0) 
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