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Abstract

Bayesian model based approaches for Phase I dose-finding studies are popular

procedures to implement due to the efficiency of updating information sequentially
after accruing information. Traditionally dose-finding studies for cancer treatments
focus on the occurrence of a patient’s first dose limiting toxicity in the first cycle of

therapy.

This thesis develops a Bayesian decision procedure featuring an Interval-Censored
Survival model to incorporate information from multiple cycles of therapy. The use of
data from multiple cycles of therapy should produce more precise estimates of target
doses to recommend for further investigation in later phases of drug development, in a

shorter amount of time.

An increasingly desired approach in dose-finding procedures is to provide
personalised procedures to target therapy to individual tolerances. Features such as
allowing intra-patient dose adjustments and incorporating baseline characteristics to
investigate the underlying drug tolerance of population subgroups are investigated

within the use of the Interval-Censored Survival Decision Procedure (ICSDP).

The inclusion of time-varying covariates is also possible when using the ICSDP,
which is investigated through including lower grade toxicities as a marker for
tolerance. Individual target doses can be estimated, but the analysis of dose limiting
toxicities alone provides a population target dose to recommend for further

investigation.

Results show the ICSDP as an efficient approach to use when observing a patient’s
first dose limiting toxicity. Target doses are estimated with good precision,
comparable to or better than existing designs for dose-finding, and are generally
obtained in a shorter amount of time. Multiple target doses can be produced for
different subgroups of the population when baseline characteristics are used and intra-
patient dose adjustments are possible between cycles. When using intra-patient
adjustments based on observation of lower grade toxicities, personalised dose-
escalations lead to estimates of individual target doses and a population target dose

with good precision in a reduced amount of time.
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1. Introduction

Dose-escalation studies are carried out in Phase I of the drug development process as

the start of the clinical phase. The objective of these studies is to determine one or a
few dose levels of a new drug which are deemed safe enough to carry forward to
Phase I1 trials, where the efficacy of the drug is investigated. The definition of a safe
dose is one that does not exceed a certain safety level, usually defined as a proportion
of patients experiencing some level of toxicity, which can be translated to the
probability of a patient experiencing a toxic event. In particular, doses corresponding
to specific levels of safety are sought in order to focus later studies to specific dose
ranges. These doses are called target doses (TD). One particular TD is the maximum
tolerated dose (MTD), which is defined as the dose that causes the maximum tolerable
level of toxicity in subjects. Toxicity is defined as an adverse event that is experienced
alongside taking the new drug. There are different types of toxicity for drugs
associated with different therapeutic areas such as renal, cutaneous, gastro-intestinal
etc. There are also different levels of toxicity that can occur. These range from grades
1-5, 1 being mild toxicity and S being fatal. The specific grade of toxicity is relative to
the drug in question and the disease being targeted. For most relatively non-toxic
drugs, the interest lies in investigating very mild toxicities, so the dose-finding studies
can begin with healthy volunteers. However, when investigating particularly toxic
treatments such as cytotoxic treatments in cancer therapy which target rapidly
developing cells (such as tumour cells), it is assumed that there is an association
between toxicity and efficacy. Therefore some tolerated level of toxicity is required to
ensure the drug is working effectively, and it is simply not ethical to use healthy
volunteers. It would also not be informative to use healthy volunteers since the desired

effect of the drug (the effect on reducing tumour cell reproduction) would not be
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observable since the patients do not have the disease in the first place. The patients
used for trials of these types of treatments would therefore be patients with the disease
already, such as cancer patients. In other settings it may be more feasible to have
healthy volunteers where the effect of the drug can be observed by changing levels of
biomarker cells or hormones but if tumour cells are required to observe efficacy, only

cancer patients themselves should be utilised.

Along with the main aim of establishing a safe dose, the safety profile of the drug is
also investigated in Phase 1. The pharmacokinetics (PK) of the drug (that is, how the
drug moves around and through the body) are investigated here. This is often done by
looking at how the concentration of the drug in the body changes with time. The
pharmacodynamics (PD) of the drug are also investigated here (the effect the drug has
on the body) by looking at receptors in the body and the effect of the drug on these
receptors. These properties can even be used to initiate dose-finding procedures by
using an appropriate dose-response model to predict a very safe dose for the initial

dose.

The general idea of the dose-escalation procedure is to begin the study by allocating a
dose to patients that is believed to be safe. This is often the lowest dose level available
from a set of admissible doses determined by pre-clinical investigation. A pre-defined
level of toxicity (Target Toxicity Level, TTL) is decided and a safe dose is allocated
to the first cohort of patients. The cohort is followed up to see whether Dose Limiting
Toxicities (DLTs) occur. A DLT according to the specifications laid out in the study
specific protocol is generally a grade 3/4 toxicity which if observed leads to the
current treatment being stopped (possibly adjusted or withdrawn). DLTs are defined in
the study protocol to be disease specific. The definition of a DLT may not just be an

occurrence of a grade 3/4 toxic event, but might include multiple occurrences of lower
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grade toxicities (LGTs). Based on the data from the first cohort, the dose to be
allocated to the next cohort is determined and administered. This procedure continues
until some stopping criterion has been reached. The stopping criteria typically consist
of a safety criterion, a precision criterion and a maximum number rule. The safety rule
stops the procedure if the recommended dose is associated with a probability of
observing a DLT which is too high. The precision criterion stops the procedure when
enough information (by way of DLTs) has been observed to conclude with sufficient
confidence that a certain dose is the dose that corresponds to the TTL. This dose might
be the MTD or it might be another TD that is deemed a suitable compromise between

efficacy and safety.

Dose-escalation studies for cancer treatments are not quite as straightforward as for
other treatments. First, the patient population must be cancer patients, as it is not
ethical or useful to use healthy volunteers. The TTL is also quite difficult to establish
as there are different grades and types of toxicity that can occur for a cancer patient.
Toxicities which are deemed ‘dose-limiting’ (too high to warrant escalating to a
higher dose) are defined and a TTL associated with these grades of events needs to be
decided. The TTL that is decided is based on the assumption that in order to be
effective, cytotoxic treatments are expected to cause some toxicity. Therefore the TTL
is a compromise between safety and presumed efficacy. Discussion will also be
required regarding the definition of what is considered dose-limiting. For example,
whether it is just the occurrence of grade 3/4 toxicities or if it includes occurrences of
LGTs. Grade 5 toxicities (death) may be included as dose-limiting but they may also
be censored from the analysis. This would be defined in the protocol,. In these trials
the initial dose for the allocation is usually the lowest dose, unless there is a lot of

previous information about this drug (maybe from preclinical data). The escalation is



then carried out under the same general algorithm as described previously. Patients are
observed for DLTs, doses to be allocated to subsequent patients are decided based on

data so far, and the trial continues until a stopping criterion is met.

Another aspect of cancer dose-escalation studies that differs from studies in general is
that the treatment is normally administered in cycles of therapy with periods of no
treatment between cycles. This prolongs the trial, so it is usually only the first cycle of
therapy that is included in the escalation process. If the procedure waited for every
patient to complete all cycles of therapy, it could be an unfeasibly long time before the
next patient received their selected dose and the trial could last an impractically long
time. Obviously there are some issues with this since a lot of information (particularly
if there are many cycles of therapy) is being disregarded, and in the case of newer
Molecularly Targeted Agents (MTAs), later toxicities may still need to be included

(Postel-Vinay et.al. [1]).

Dose-finding studies for cancer therapies have been the source of investigation for a
long period of time. Traditional rule-based designs, such as the 3+3 algorithm [2], are
widely recognised and used. With these designs, doses are escalated sequentially until
DLTs are observed and then a set of rules dictate how to proceed. They are, however,
largely inefficient and usually produce estimates of recommended doses for later
phases of investigation that are sub-therapeutic. Model-based designs have been
developed which use a parametric model to describe the relationship between dose
and response, where response is usually the probability of observing a DLT. Within
these designs a set of stopping criteria as mentioned already, are implemented to stop
the procedure either when the recommended TD is estimated with sufficient precision,

a safety rule is breached or a maximum number of cohorts have been recruited.



Existing designs however have traditionally only utilised information on the
occurrence of DLTs from the first cycle of therapy. All patients are treated at the same
dose and differences in patients’ tolerabilities, which might be related to patient
specific covariates or tolerance markers are not considered. Chapter 2 presents the
findings of a literature review on existing designs used in practice, and discusses the

benefits and weaknesses of the different approaches.

This thesis develops a new procedure to incorporate data from later treatment cycles,
by using an Interval-Censored Survival (ICS) model within a Bayesian Decision
framework. The ICS decision procedure (ICSDP) approach involves looking at the
occurrence of a patient’s first DLT. It models the probability that the first DLT occurs
in each specific cycle via the probability of a DLT during that specific cycle,
conditional on having no DLT in any previous cycle. In doing this the conditional
properties of the ICS model allow multiple cycles of therapy to be used for analysis.
This procedure therefore allows patients to contribute to the analysis for every cycle
of therapy they have completed until the first occurrence of a DLT. Chapter 3
discusses the motivation for adopting this method by conducting some exploratory
data analysis on completed trials. Chapter 4 presents the methodology associated with
the ICS model as well as aspects of the Bayesian Decision procedure, such as the
choice of prior information and how to implement it, the calculation of the posterior
distribution and the derivation of the stopping criteria. Chapter 5 investigates the
advantages offered by this method by comparing this procedure to other existing
procedures which incorporates just one cycle of therapy [4]. The procedure used for
comparison is the logistic regression decision procedure (LRDP) which is described in
detail in Chapter 2. Both are then also compared to a LRDP which considers multiple

cycles of therapy as one fixed period of observation. This is a compromise to be



considered when considering incorporating later cycles of therapy easily. The new
ICSDP can also allow patients to change doses between cycles if the dose level that is
believed to be closest to the estimated TD changes as a new cohort is recruited. This

use of intra-patient dose adjustments is considered in Chapter 6.

The idea of personalised escalation procedures is an attractive idea and one that is
becoming more popular in practice, one example is discussed in Babb and Rogatko
[5]. The use of baseline covariates within the ICS model is a way to allow different
categories of patients to be recommended different target doses. This is considered in
Chapter 7. The adaptation of the existing procedure to allow for different categories of
patients in the initiation of the escalation and the decision making process is
discussed, along with some of the implications of allowing a range of doses to be

recommended at the end of the trial.

Furthermore, an extension of using patient specific baseline characteristics is to allow
covariates that reflect a patient’s reaction to the drug. Time-changing covariates are
considered, such as the occurrence of LGTs, which act as a marker or indicator for an
increased chance of a DLT. The chance of experiencing LGTs is likely to change
dependent on the length of time in the study. Furthermore, the increase or reduction in
prevalence of LGTs can be used to allow dose changes between cycles in order to
ensure patients receive doses targeted to their specific tolerabilities. Issues that arise
from allowing every patient to be recommended a different dose are considered and

investigated in Chapter 8.

The results from all of the investigative Chapters (5, 6, 7 and 8) are summarised and
reviewed in Chapter 9 and some conclusions and recommendations are offered for the

design and conduct of Phase I dose-finding studies for cancer therapies.



2. Literature Review of Existing
Phase [ Dose-Finding Procedures

Dose-finding procedures can be split into two different categories. The first focuses on
using a system of rules to make escalation decisions, the so called rule-based designs.
These designs are very simple to implement and are therefore very common. The
second category assigns a parametric model to the relationship between dose and the
probability of observing a DLT for a randomly chosen patient from the population
(P(DLT)), and uses the model to analyse the observations to obtain predictions for
which dose corresponds to the required TTL. These are therefore referred to as model-

based designs.

This chapter looks in detail at some common procedures in both the rule-based and
model-based categories. The methods and conduct of each procedure are described

and some discussion of the benefits and shortcomings of these procedures are given.

2.1 Traditional Rule Based Designs

Rule Based Designs are often used for dose-finding in practice and are very popular
because of the simplicity of the procedure. No models are used in the implementation,
although the assumption that the probability of DLT increases with dose is still made,
and it is very easy for clinicians to understand the logic.

2.1.1 3+3 Algorithm

The 3+3 algorithm [2] is a very simple procedure which is based on the idea that if a
dose produces no more than an observed rate of DLTs of 33%, then it is the MTD.

The conduct of the trial is summarized by Berry et. al. [3] as follows:

1. A set of dose levels (in ascending order) is decided,



2. The lowest dose level is administered to 3 patients,

a.

If 0/3 patients experience a DLT, the procedure escalates one dose
level for the next cohort of 3 patients.

If 1/3 patients experience a DLT, the next cohort of 3 patients is treated
at the same dose level.

If 2/3 or 3/3 patients experience a DLT, the trial is aborted with no safe

dose.

3. Ifthe procedure escalates one dose level (as in step 2a), Step 2 is repeated with

the next dose.

a.

If 0/3 patients experience a DLT on the new dose, the procedure
escalates one dose level for the next cohort of 3 patients.

If 1/3 patients experience a DLT, the next cohort of 3 patients is treated
at the same dose.

If 2/3 or 3/3 patients experience a DLT on the new dose, the trial is

stopped and the dose below the current dose is classed as the MTD.

4. If the procedure has repeated the same level in successive cohorts (2b or 3b);

a.

b.

If 0/3 patients experience a DLT, the procedure escalates one dose
level for the next cohort of 3 patients.

If 1/3 patients experience a DLT on the repeated dose such that 2/6
patients have experienced a DLT on that dose level, the next cohort is
treated at the preceding dose level providing that only 3 patients have
been treated at it. If 6 patients have been treated at the preceding dose
level the trial is stopped and that lower dose is declared as the MTD.
If 2/3 or 3/3 patients experience a DLT, the trial is stopped and the

previous dose is classed as the MTD.



5. Continue until an MTD has been established.

This procedure tries to ensure that the dose classed as the MTD does not produce a
probability of DLT greater than 0.33 (2/6) even though the true toxicity rate is not

necessarily known.

While being cautious in design, the 3+3 algorithm is extremely inefficient, particularly
when there are many dose levels and the starting dose (first dose level) is much lower
than the true MTD. In the case of cancer treatments, the starting dose is nearly always
the lowest dose, so it can be assumed that it is far below the true MTD (especially if
there are many possible dose levels) and many patients will be treated at sub-

therapeutic doses.

2.1.2 Rolling 6
The Rolling Six design is an extension of the 3+3 algorithm developed by Skolnik et.

al. [6], for the purpose of shortening the duration of pediatric Phase I trials. This
method was developed after extensive investigation into previous pediatric Phase I
trials conducted by Lee et. al. [7] suggested that on average 5.1 patients were treated
at each dose level. The general concept remains the same as for the 3+3 algorithm,
with dose escalation occurring when no DLTs have been observed in the three patients
at a specific dose level. If one of the three experiences a DLT, the dose is repeated for
another cohort of three patients. If two of the three experience a DLT, the dose is de-
escalated for the next cohort. The difference between the Rolling Six and the 3+3 is
that patients are continually accrued and suspension of accrual occurs after every six
patients as opposed to after every three patients. Therefore, two cohorts are observable
in any one observation period, possibly on different doses if the first cohort
experienced no DLTs or two DLTs. Since accrual is continuous, one patient is

recruited at a time, so if a patient in a cohort is not evaluable, a new patient can be
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added to this cohort to complete the cohort of three patients. This will then allow
quicker evaluation of dose levels. The simulation study conducted by Skolnik et. al [6]
showed that the Rolling Six shortened the length of Phase I trials in every scenario
simulated, compared to the 3+3 design, due to the smaller number of times the trial is

suspended between cohorts (every 6 patient rather than every 3).

Although the Rolling 6 method shortens the timeline of Phase I trials, the general
method remains the same as for the 3+3. This suggests the method is very inefficient
and many patients could still be treated at sub-therapeutic doses. In particular, the
results shown in [6] suggest that there is a slight increase in the number of patients
required to complete the trial. This is unethical, especially when many of these
patients are treated at sub-therapeutic doses.

2.1.3 Other rule based designs

The other rule based designs tend to expand upon the traditional 3+3 (e.g. 2+4 etc.)
and add extra steps to the procedure. For example, the initial dose could be calculated
from PK and PD data for each patient and then escalated one dose level at a time. If
DLTs start occurring then the rules associated with the 3+3 method can be
incorporated. Another version is Accelerated Titration [8], where the 3+3 method is
used but intra-patient (within a patient but between cycles of therapy) escalation can
also occur. This involves allowing patients to change dose levels between successive
cycles of therapy according to the accruing information from the overall study
however the information from later cycles of therapy and potentially different doses

may not be utilised in the analysis.

2.2 Model Based Designs

An alternative to a rule-based design is a model-based approach, which can be used to

relate the probability of DLT to dose. This typically assumes an increasing probability
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of DLT with dose. The decisions (or rules) for escalating/de-escalating doses are made

via the use of gain functions.

A Bayesian procedure is often used which relies upon prior information to initiate the
escalation. The prior information is updated with every observation to produce
posterior information about the parameters of the model, and in turn the dose
corresponding to the TTL. This is called the Bayesian decision procedure (Whitehead,

Brunier [9]) and it consists of five main components.

1. A parametric model is chosen to represent a monotonically increasing
relationship between dose and probability of DLT.

2. A prior distribution is assigned to the parameter(s) of the model.

3. Once data have been obtained, analysis of the observed data and the prior
information produces a posterior distribution for the parameter(s) of the
model.

4. A set of possible actions is defined. In this case the actions relate to the choice
of one of a set of possible dose levels (dgy, j=1....k) to allocate to the next
cohort.

5. A gain function is required in order to choose between the actions.

There are maximum likelihood versions of these procedures which do not involve the
use of prior information, resulting in just four steps. These are: choosing a model;
analysing the observed data to obtain maximum likelihood estimates of the
parameter(s); creating a set of possible actions and creating a gain function to decide
between the actions. Such procedures start the escalation at the lowest possible dose
and the doses are escalated one level at a time until a DLT is observed. Once there is

heterogeneity in the observations of DLTs (i.e. both occurrences and non-occurrences
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of DLTs), the likelihood can be constructed and maximised to obtain maximum
likelihood estimates for the parameters, from which the TD associated for the relevant
TTL can be calculated. There are different approaches to the model based designs

with different models, different endpoints or different gain functions.

2.2.1 Continual Reassessment Method (CRM)
The Continual Reassessment Method (CRM) was developed in the early 1990s by

O’Quigley et al. [10], and was one of the first Bayesian model based approaches to

dose-finding.

For a set of discrete dose levels d, ), j =1,...,k, the corresponding probability of DLT
can be defined as Dy J = l,...,k . Interest then lies in finding the dose that
corresponds to a pre-specified TTL. This dose will be the TD L.

As described in the previous section, there are five components to a Bayesian

Decision Procedure.

The first is the model chosen to represent the dose-response relationship. For the CRM

this is a one parameter model which is defined as:

Py =S B)

where x,, is the function of the dose level d, given by:

X = g(dm)'
The function of the dose level can simply be a transformation of the dose, e.g. a log

transformation. The function f can be any suitable model that depicts the dose-

response relationship. An example as discussed in [10] is the hyperbolic tangent

function:
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Dy = (tanh (xm ))B .

The second step in the Bayesian Decision Procedure is to place a prior distribution on
the parameter £ which is defined with a density function g°(5) . The distribution
associated with this density function is often a Normal distribution with mean
parameter 4°and variance parameter G/,Z. O’Quigley [10] uses an Exp(1)

distribution.

The procedure begins by creating initial guesses po( ,, for the probability of toxicity,
Py associated with the different dose levels j=1,...,k, based on the prior
distribution of #. g°(f)is usually fixed so that the prior probabilities are strictly
increasing with dose, i.e. p,’ < p,° <...< p,’and the lowest dose corresponds to the
TTL. The dose with p°( ;) closest to the TTL (the lowest dose) is administered to the
first cohort.

The third step of the Bayesian procedure is to compute a posterior distribution

utilising information up to and including patient i for the parameter . The Bayes

estimate of the parameter £, is calculated by the following equation:

L LG (B)
" Lacp)

Here, the derivative is the density function g° ( ) as described previously,

dG* ()
ap

and L (p)is the Binomial likelihood given by:
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LB =T T{/ G DY {1- £, B} @.1)
h=l

Y, =1 if patient # has a DLT and 0 if not where A =1,...,i. If patient Areceives dose

d,, then x, =¢(d,).

For the hyperbolic tangent function, or indeed any function of the form
B
Py =(a(xm)) :

5

i _ 0 /
Py —{p m} ~.
With this formulation, the values of x ) are no longer required to conduct the

procedure. The dose level d ;) thathas p’ ) closest to the TTL, is administered to the

next cohort.

The fourth and fifth steps of the procedure are to choose a set of actions, and a gain
function to select the appropriate action. The set of actions are, as usual in model-
based designs, the discrete set of dose-levels selected for administration. The gain

function in this particular setting is to choose the dose d,,, that minimises the distance

between the P(DLT) at that dose level ; and the TTL. P(DLT) is calculated by

substituting into f the Bayes estimate f, (incorporating information from up to and

including patient /) and the dose d, ,, .

The procedure will continue until some pre-specified safety criterion is breached or a
precision criterion has been achieved. If neither of these stopping rules are
implemented, the procedure will continue until the pre-determined sample size has
been obtained. The final number of patients recruited is recorded as N and the MTD is

then the dose that would have been administered to patient N +1.
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The issue with the basic CRM is that it can be quite unconservative. Although the
prior distribution for the parameter 3 can be fixed to administer the lowest available
dose to the first cohort, after the first few observations the dose which seems to
produce the number of toxicities closest to the TTL is chosen for administration to the
next cohort. This could result in skipping many dose levels due to underestimating
probabilities of toxicity based on few observations. A response to this is the two stage
CRM which begins as a sequential dose allocation and only switches to the model
based CRM once a DLT is observed. The sequence of doses is sorted into ascending
order of probability of toxicity and the dose which corresponds to the lowest
probability is administered first (as in most dose-finding procedures). If no DLT is
observed at this dose, the next dose level up is administered to the next cohort. This
continues for as long as there are no DLTs. Once a DLT occurs, the procedure
switches to the model based method, where observations from each of the dose levels
are analysed and a posterior distribution for the parameter is determined. This

posterior distribution after i patients is used to produce an estimate for the parameter
which, when used with the different dose-levels in the model p, ) = f(x,,, B), is used

to find the dose that produces a probability of DLT closest to the TTL. The two stage
design is a much slower and more conservative escalation and the issue with this is

that patients are likely to be given sub-therapeutic doses early on in the trial.

Another version of the CRM is the CRML [11] which is the frequentist version of the
CRM and is based on Maximum Likelihood. No prior beliefs are used with the CRML
and doses are allocated solely on the outcomes of previous patients. This eliminates
the subjectivity of using prior belief created by the physician, and patients are treated
based completely on responses of other patients. The issue with this method is that

both DLTs and non-DLTs need to be observed before the model can be fitted. This
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method is therefore often used in the two stage CRM, as once a DLT is observed and
the allocation procedure switches to a model based approach, it switches to the CRML
rather than the Bayesian CRM. So in the same way as for the CRM, the first dose
administered to a cohort of patients, is just the lowest available dose. No prior
information is used. The procedure allocates one dose level up for every cohort of
patients until a DLT occurs. Once a DLT occurs, the binomial likelihood is
constructed for all the observations so far. This likelihood (which is of the same form
as the likelihood described in equation (2.1)) is then maximised to obtain the

maximum likelihood estimate (MLE) for £ . It is this MLE that is used, in place of the

Bayes estimate in the CRM, in the dose-response model p, , = f(x,,,, ), with each

dose in the set of discrete doses. The dose which produces a probability of DLT

closest to the TTL is the dose that is administered to the next cohort of patients.

All of the CRM procedures discussed so far generally only utilise information from
one cycle of therapy. The responses of DLT are binary (DLT/no DLT) obtained
during a fixed period of time. In cancer studies, patients receive cycles of therapy with
rest periods between. If the trial were to wait for complete follow up after all cycles
this could take an unfeasibly long time so often only the first cycle of therapy is
observed, as it is generally believed that the majority of DLTs (if going to happen)
will happen early on in the treatment. This clearly poses a problem when treatments
are believed to cause late onset toxicity (maybe due to accumulation of drug in the
body) or when there are many cycles of therapy (as lots of information may be
disregarded). In response to this issue the Time-to-Event CRM (TITE-CRM) was
created by Cheung and Chappell [12]. This method involves recruiting patients
continually throughout the trial and the endpoint is whether a DLT has been observed

by the end of the treatment period (all cycles). The procedure is the same as for the
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standard CRM however the construction of the likelihood is slightly different. At

every assessment time, patients who had experienced a toxic event contributed an
event to the likelihood ( f (x,,3)), patients who had completed all cycles of therapy
without experiencing an event contributed a non-event to the likelihood

(1 -f (xh, ﬂ)) . Patients who were part way through their treatment schedule without
an event contributed a weighted non-event to the likelihood with the weight depending
on how far through the schedule they were (1-w, f (x,,3)). This weight ( w, for the
h" patient to enter the trial) could be something relative such as the number of days in

the trial/total number of days in schedule. So the likelihood for the i patients who

have entered the trial is of the following form;

1-¥,

LB = [{wnf G B} (1= w, £ o B}

When a patient has an event w, =1 andY, =1, so the contribution to the likelihood
reduces to the same as before, f(x,, #). When a patient has completed therapy, w, =1

and Y, =0, so the contribution to the likelihood is 1- f(x,, #). Therefore, when all

patients complete therapy or have an event, the likelihood reduces to the same
Binomial likelihood as in equation (2.1). When no patients have completed therapy or

experienced an event so far throughout the trial, the likelihood reduces to;

LB =TT {1-w/ . B}

The motivation for this is that it is believed that the longer a patient lasts without a
toxic event; the risk of them having a toxic event is reduced, so the contribution of a
non-event to the likelihood should be larger for those who have lasted longer in the
trial without an event than those very early on. This weighting scheme is based on the
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risk of a first DLT occurring and there being no accumulation of drug in the body. The
likelihood is then used after every assessment either with the prior distribution to
produce posterior estimates or maximised to produce maximum likelihood estimates

(MLESs) of the parameter £ . The estimate is then used in the model function to find

the dose with probability closest to the TTL. There are also other weight functions
which can be used to change the shape of the weights with time. For example, an
adaptive weighting scheme bases weights at each time on accrued observations of

doses so far.

The different CRM procedures aim to solve many different issues that arise in
different circumstances (e.g. treatments in different therapeutic areas) and the
suggestion is that the particular CRM procedure used should be decided on a case by
case basis. One main issue that arises with all procedures is the difficulty involved in
computing the posterior estimates, as the Bayes Estimates of the posterior mean
involve computing many complicated integrals at every assessment and this has to be
done before any new patient can be allocated a dose. Although the CRML involves
much easier computation, the Bayesian aspect is then lost, and possibly informative
prior information is disregarded which may result in patients at the start of the trial

being under or overdosed quite substantially.

The TITE-CRM is also the only version that incorporates use of later information.
However extensive exploratory analysis would be needed in order to find a weighting
scheme that truly represents how the drug works over. The weights are created in a
way that changes depending on how far through the trial a patient is (i.e. the risk of
having an event later is less than earlier, so the longer through the treatment period
that a patient has survived without a DLT, the larger the weight given to the partial

non-event). Cheung and Chappell [12] consider simple linear weights and adaptive
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schemes, but consider the former to be overly simplistic and the latter appears to be
complicated to implement. The specification of the weights, which is required before
the start of the study, so that partial non-events can be included effectively from the
beginning, requires knowledge of the dose-response relationship during treatment
cycles, and how it changes from one cycle to the next. This information is not usually
available before starting an early phase trial.

2.2.2 Escalation With Overdose Control (EWOC)

One of the main issues with the one stage CRM is the possibility of allocating patients
to a dose that is higher than the true MTD. The EWOC procedure [13] aims to combat
this problem by choosing a dose that (according to the current posterior belief) has a
certain probability (e.g. less than 0.5) of being higher than the MTD. This is achieved
by obtaining the posterior cumulative distribution function (CDF) for the MTD, and

choosing a discrete dose level that most closely corresponds to a certain quantile y

(=0.5) of the CDF, i.e.

w>P(MID<d,ly,).

Where y, consists of the responses observed so far, up to patient i.

Having the quantile less than 0.5 (often 0.25) ensures the probability of choosing a
dose for the next cohort of patients that is higher than the MTD is less than 0.5. This
suggests the model is more likely to choose a dose which is less than the MTD than it
is to pick one that is greater than it. Choosingy carefully also ensures that there is still
some probability that the chosen dose is greater than the MTD, so the escalation

should not be completely constrained to doses below the true MTD.
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The general procedure of the EWOC design is the same as for the CRM in the sense
that a model is decided for the dose-response relationship. This could again take
different forms but a common one is the logistic regression model with two

parameters;

log(——-——p(") ] = +ﬂlog(d(})),
l_p(_i)

Prior information is used to decide the starting dose and again, is usually fixed so that
the lowest dose is chosen to be administered first. The prior information in this

procedure considers the lowest dose level d,, and its prior expected probability of

)
toxicity, and also the dose that is believed to be the 7D,,, a priori and its relevant
probability of toxicity (77L) . The parameters in the model (e.g. a logistic regression

model) are reparameterised in terms of the lowest dose (d,,,) and its believed toxicity

O]

( Pay)s the 7D,,, and TTL as shown below:

log ﬁLJ =a’+p° log(d“)),
1-pyy

L
log(l—TTL)=a0 + P log(TDyy, )

These two equations can then be solved to give prior estimates for the parameters of
the model. Once the responses are observed for the first cohort of patients, the
posterior cumulative distribution function (CDF) for the TD is calculated and the next
dose is chosen from the set of discrete doses and according to the specified quantile
of the distribution. This dose level corresponding most closely to the specified

quantile is administered to the next cohort, and the analysis is repeated to produce an
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updated posterior CDF and a new dose for administration. This procedure continues

until an estimate of the TD is produced with sufficient precision.

There is however, the issue that the doses allocated may never be greater than the true
TD, or even reach the true TD, in which case the TD estimated at the end of the
procedure may be a dose which is higher than any dose administered before. This is
somewhat worrying as this extrapolation in estimating the TD assumes that the dose-
response relationship stays the same for higher doses. If the modelled relationship
were to change later on, i.e. the occurrence of late-onset toxicities increases the
probability of toxicity over time, the estimation of this TD could be incorrect and the
wrong dose may be carried forward to Phase 1I. Another issue is that very sub-
therapeutic doses could be being administered. For example, if starting at the lowest
dose and escalating after every set of observations, the model will identify a TD,
which will most likely be smaller than the true TD due to the incorporation of the
pessimistic prior information. Then the choice for the next dose will possibly be even
smaller due to the probability of a lower dose being greater than the current estimated

TD exceeding v .

Once again this procedure only uses information from the first cycle of therapy. It
seems that for this procedure in particular, it may be beneficial to use information
from later cycles as an accumulation of drug could show how that drug works in
higher concentrations without having to give a higher dose. Therefore the
extrapolation of the estimate of the TD could be more accurate as there would be

some information on the drug at higher concentrations.
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2.2.3 Bayesian Decision Procedure applied to a Logistic Regression Model

The simple decision procedure can be applied to a logistic regression model, which
will be referred to as the Logistic Regression Decision Procedure (LRDP). In the case
of the CRM, Bayes estimates are produced for the model parameters. In this
procedure, Bayesian modal estimates for the parameters are produced in conjunction
with the gain function to choose the doses to be administered (Whitehead and

Williamson [14]). The model is shown below;

log(&}awuﬂlog(dm). (2.2)
I-p,

Prior distributions are usually chosen so that for safety reasons the lowest dose is
given to the first cohort (typically of size three) of patients. Whitehead and
Williamson [14] consider the choice of independent Beta distributions for the

probability of a DLT at two different doses. This considers the minimum and
maximum doses, d;,and d,,, . The Beta prior for p, j = 1, k with parameters t(on and

0
)]

0

u,, can be thought of as prior pseudo-data comprising n(o =t u(° |, observations at

dose d is the number of

.,y » Where t(ol) is the number of patients with a DLT and u(°j

)

patients who do not experience a DLT. The expected value of the Beta distribution

0 0
t t
; 0 0 o0t )
with parameters? ,andu ,is p;, =" t(o = A . To ensure that the lowest
J) ) )
dose is selected for the first cohort of subjects, p(ol) is set equal to the TTL. The value

chosen for p;,, is one which would be deemed too high if observed in the actual

escalation procedure. This produces a prior dose-response curve that shows high

doses to be unsafe. After fixing p(ol)and p(ok ,» the number of observations can be chosen

to reflect the strength of the prior, and for each of the two dose levels is typically
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0

(WD) can

chosen to be equal to the number of patients in a cohort. The number of DLTs ¢

then be calculated as nf,.) X p(oj.) . Relative to the data collected during the study, the

amount of pseudo data is small.

The posterior distribution also takes a Beta form since it is conjugate with the
Binomial data. Both prior and posterior modal estimates can be obtained by fitting a
logistic regression model using maximum likelihood methods in standard statistical

software.

The initial allocation of doses depends directly on the prior information, usually fixed
so that the lowest dose available has a mean probability of DLT at the TTL and the
highest dose has some higher probability (in the case where the TTL is 0.2, the higher
dose is often given a probability of 0.5). This ensures that the first cohort is
administered the lowest possible dose. The prior information is implemented by the
use of pseudo-data, where the number of toxicities and the number of observations are

the parameters from the Beta distribution. Table 2-1 demonstrates this.

Dose, d(” no(j) to(/‘) p(oj) = to(_l) /no(./)
d“) 3 0.6 0.2
d(k) 3 1.5 0.5

Table 2- 1: Pseudo-data for Logistic Regression Decision Procedure.

Logistic regression analysis is then conducted to obtain modal estimates (treating the
prior/pseudo observations as true observations) and these estimates are used in the
model to obtain modal estimates of the dose corresponding to the TTL. Different gain
functions can then be used with these estimates to decide which dose to administer to
the patients. In the initial step, the lowest dose is selected to administer to the first

cohort for safety reasons regardless of whichever gain function is implemented. The
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added benefit of having pseudo-data for the highest dose is that when its incorporated,
the model is unlikely to choose high doses early in the escalation (where the weight of
the pseudo-data has more influence), as there is already some evidence that high doses

produce high probabilities of toxicity.

There are two commonly used gain functions, although there are more variations. The
first is the patient gain [9, 13] (which is similar to the gain used in the CRM) which
minimises the difference between the TTL and the probability of DLT for different

doses found from the model. This is defined as:

2
g = |
) :
' TTL—pI(/)

Where p,, is the current estimated probability of DLT at dose d| ) after i patients.
The dose d| ;) that maximises this gain (produces the highest g, ) is chosen to

administer to the next cohort of patients.

When using the patient gain, all patients in a cohort are given the same dose since if
one dose is believed to be best given the data so far, this is the same for all patients in

the cohort.

Another example of a gain function is the variance gain. This involves finding the
asymptotic subjective variance (i.e. the asymptotic variance calculated including the
pseudo-data) of the estimate of the TD including the administrations of different
possible doses for the next patient [14]. The next set of doses to be allocated is then

based on the doses that will reduce the variance the most;
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1
var(log(TD};YJ,L’ )) '

8in =

In this setting, TD,,, is the dose that is believed to correspond exactly to the TTL and
TD(};) is the expected estimate of the TD,,, after i patients, when incorporating the set

of doses J for the next cohort of patients. The set of doses J can consist of different

doses since a combination of doses may reduce the variance more than administering
one dose to the entire cohort. The TD,,, is expressed in terms of the parameters of the

model and as the log transformed value since it is the log value of dose that is used in

the model.

( TTL J
log -a
1-7TTL

B

The asymptotic variance for the estimate of the log(TD) is calculated using equation

log(7TD,,, ) = (2.3)

(2.3) and the likelihood function as in equation (2.1) of the CRM, where the function

f is the logit link function as in equation (2.2). The likelihood for the calculation of

the asymptotic variance includes extra expected observations from the set J of

different possible doses to be administered. This is then defined as:

0log(TDyy, )
var(log(TD‘”))): 0log(7D,,,) 0log(7D,,,) ! oa
S T I A I |
op

where I.'is the Expected Information Matrix found from twice differentiating the log-

likelihood with respect to each parameter and taking the expectation of each element

of the matrix. Only the elements involving the doses considered for administration in
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the next cohort are affected by taking the expectation, since the expected values of

P> t,yand n, for those doses are included along with the observations from the

data so far. On replacing the parameters with the estimated values after the i

observation, the set of doses that produce the smallest variance of the estimated

log (7D;;, ) (increases the gain, g, ,, ) are allocated to the next cohort.

The patient gain is the more ethical gain function in the escalation procedure so this is

what is usually used.

As with most dose-finding procedures, this method usually only incorporates
information from the first cycle of therapy. As discussed with the CRM, in some
therapeutic areas where late toxicities are common, this poses quite a problem. It
would be unfeasible to wait until every patient has completed all cycles of therapy as
this would result in an impractically long trial, however when there are many cycles of
therapy it could be considered unethical to disregard all information after the first
cycle of therapy and allocate doses based on just the first. This could result in
allocating higher doses that would appear to be reasonably safe early in the treatment

process but after an accumulation of dose could become dangerously toxic.

2.3 Overview

The traditional rule-based designs are extremely easy to follow, and clinicians
understand the logic behind the rules. However they do not produce that much

information about the actual dose-response relationship.

The CRM was the first of the model-based designs to be created and is therefore
widely known and recognised. The two-stage CRM in particular allows cautious
escalations until enough information is produced to safely move to the model-based

escalation and can even be moved to a maximum likelihood model approach (CRML).
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The extension of the CRM, the TITE-CRM, also allows inclusion of late occurring
toxicities by way of weighting the likelihood contributions. The main issue with all of
the CRM procedures (apart from the CRML) is that many complicated integrals need
to be numerically calculated in order to obtain Bayes Estimates of the posterior mean.
While this is still feasible through the use of MCMC approaches, it is not easily
explainable or intuitive to non-statisticians, which may cause clinicians to opt for
alternative, simpler approaches. The CRML does not have this issue but it is then
questionable as to whether the slow start of this dose-escalation procedure is ethical,
particularly when there are many possible dose-levels available. The converse of this
is that by skipping the cautious escalation stage and using the one-stage CRM, the
model is very unconservative, even when using pessimistic prior information. The
one-stage CRM can easily allocate overly toxic doses early on in the procedure. The
TITE-CRM would also need extensive exploratory investigation to find a weighting

system that portrays the true effect of the drug over time.

The EWOC design aims to combat the CRM’s issues of allocating overly toxic doses
early in the procedure by making it more likely to allocate a dose below the true TD
than above it. This is quite effective if the main issue is simply not to expose patients
to overly toxic doses especially when used in conjunction with pessimistic prior
information. A TD is estimated including the use of the pessimistic prior, and a dose
even lower than this is most likely to be chosen to be administered to the patients. The
issue with this procedure arises when considering the effect of administering sub-
therapeutic doses. Not only is it unethical to administer sub-therapeutic doses to
patients (which in cancer trials, the patients are cancer patients themselves) but if there
are many dose-levels to consider, the trial could take a very long time. There is also an

issue that (especially if the quantile is not chosen well) the estimated TD at the end of
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the trial may actually be higher than any dose administered throughout the study.
Suggesting a dose for further (and larger) studies, that has not actually been tested,
seems unethical. Extensive knowledge about the dose-response relationship would be

required to ensure this extrapolation is safe.

The LRDP seems the safest method discussed in this review. By incorporating
pessimistic prior information about both the lowest and highest doses, the early
allocations are unlikely to overdose patients, and once the first few observations are
obtained, it is also unlikely to underdose by too much. Logistic regression analysis is
also very simple to carry out as there are many software packages that carry out this
type of analysis easily. The main issue with this procedure is one that is common to
most of the other procedures also, that is the inclusion of observations from just the
first cycle of therapy in the analysis. Although it would be unfeasible to wait for a
patient to complete the whole treatment, when there are many cycles of therapy it

seems wasteful to disregard so much information.

Chapter 3 explores some existing data from 38 Phase | dose-finding studies to provide
motivation for the development of a new procedure which is then discussed in Chapter
4. A new model will be considered for the Bayesian Decision Procedure which allows
the inclusion of later cycles of therapy and the derivation of the corresponding steps of

the Bayesian decision procedure for this model will be presented.
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3. Investigating data trends in Phase
[ trials

3.1 38 Phasel Trials in Molecularly Targeted Agents

This chapter investigates the trends in occurrences of DLTs across treatment cycles,
and their association with different baseline characteristics such as age, gender and
primary tumour type. This investigation is based on a dataset described in Postel-
Vinay [1]. The dataset consists of 38 dose-finding trials that occurred at 2 different
institutions, the Royal Marsden Hospital, UK and Institut Gustave-Roussy, France
between January 2005 and July 2008. For all patients who participated in one of these
trials, data were provided on age, gender, weight, height and tumour type. There was
information on the treatment dose, the number of cycles of therapy each patient had
received and for each occurrence of a toxic event, the grade of the event, the cycle in
which it occurred, the family to which the toxicity belonged (renal etc.) and whether it
was a DLT as defined by the protocol. Different drug types are investigated over these
trials which have different mechanisms and routes of action, different schedules for

administration, different numbers of dose levels and different MTDs.

Postel-Vinay et al. [1] investigate the rate of occurrence of toxicities for Molecularly
Targeted Agents (MTAs). Many of the existing dose-finding procedures have been
developed for the traditional chemotherapy where the MTD was deemed to be the
most efficacious. The dose for investigation with MTAs may not be the maximum
dose that is tolerated, but a biologically optimal dose which offers a similar efficacy
profile to a higher dose but with a lower toxicity profile. The toxicity level of interest
may then be redefined. Such a dose may then be administered for longer periods of

time until the occurrence of disease progression or resistance, so the consideration of

29



toxicities occurring in later cycles of therapy may need to be given more attention than

they are in current procedures.

Since the trials in the investigation are based on different drugs with differing MTDs
and dose levels, some kind of normalisation of the doses is needed. Every patient that
participated in a trial has data about the dose of drug that they received and the MTD
of the drug for that trial. A normalised dose can be created by dividing each patient’s
dose by the MTD. For the 38 trials in the dataset, only 5 were on average
administering the MTD to their patients (the average normalised dose was 1). 8 out of
the 38 were administering on average a dose that was too high (the average
normalised dose was >1) and 25 out of the 38 trials were administering doses that
were lower than the MTD (the average normalised dose was <1). An average
normalised dose of less than 1 is expected since escalation procedures all take some
time to escalate to the required dose. Therefore many cohorts of patients would
receive lower doses in the early stages of the procedure. Since the average normalized
dose that is administered is expected to be less than 1, those trials that administer an
average normalized dose higher than 1 imply that in fact they are either escalating to
too high doses very quickly, or they are administering doses that are much higher than
the lower doses with great frequency, such that the low doses required for early

escalation are not as prevalent in the calculation of the average.

3.2 Data cleaning

Initial investigation of the datasets highlighted some interesting points. First, there
were other grade 3 or 4 toxic events that occurred but were not included as DLTs as
they were not toxic events as specified by the trial protocol. Second, all events that
were listed as DLTs occurred in the first cycle of therapy. This is not unusual as this is

generally how dose-escalation studies are conducted. However, there were also some
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toxic events that occurred in cycle 1, and were part of the family of specified toxic
events to be called a DLT, but were not listed as a DLT. Furthermore, there were
some patients who experienced DLTs in a cycle who were then seemingly not
removed from the trial as they then proceeded to contribute further toxicities,
including grade 3-4 toxicities, in later cycles also. While it is expected to continue to
treat patients after their first DLT, although likely at a reduced dose, and continue to
observe said patients for toxicities, this is for ethical and safety reasons rather than for
use in the analysis. Therefore subsequent toxicities cannot be classed as DLTs. There
were also patients that contributed more than 1 grade 3 or 4 toxic event to one cycle.
Since the focus of this investigation is to consider a patient’s first occurrence of a
DLT, some data cleaning needs to be conducted in order to obtain the data in a format

relevant to this.

A new binary variable was created to include any grade 3 or 4 toxic event in any cycle
of therapy as an event of interest. Since each trial had different drugs and doses, it can
be assumed that different toxicities as specified in the protocol were recorded as
DLTs. Therefore, looking at all grade 3 or 4 toxicities will give more of an overview
as to the prevalence of severe toxicities. Furthermore, DLTs only occurred in cycle 1,
so by looking at all grade 3 or 4 toxicities some insight can be gained into how
toxicities occur over cycles. There were also some events that were listed as a DLT
despite a grade 3 or 4 toxicity not occurring. In practice, DLTs are not necessarily just
the occurrence of one grade 3-4 toxicity, but may be defined as multiple or recurrent
incidences of lower grade toxicities. These have therefore been left as DLTs. This new
variable therefore comprises all protocol specified DLTs and all other grade 3 or 4

toxicities in all cycles. For this investigation, the new variable will be called DLT" and
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will be assigned a value of 1 to all occurrences of a DLT" and 0 for all other

observations.

Once the DLT" were defined, the patients who contributed more than 1 grade 3 or 4
toxic event in multiple cycles had all but the first event removed as they should not
have contributed to the analysis after experiencing an event of that grade. In order to
make the overall dataset consistent with this, any cycles before the first occurrence of
a DLT" were assigned a non-event (DLT"=0) and any cycles after the first occurrence

of a DLT" were removed.

3.3 Occurrence of toxicities

Table 3-1 shows the number of patients who started each cycle along with the number
of patients experiencing their first DLT" in that cycle, and the corresponding
percentages of the number of patients experiencing their first DLT" in that cycle
compared to the number of patients starting each cycle. The 7-10 category is the
number of patients who started cycle 7 and likewise for 11-20. Any cycles after the
20™ cycle were omitted since there were very few patients in these later cycles and it
was unclear as to the time period that the events actually occurred in (anything from

cycle 20 up to cycle 33).

Cycle #Patients % of total #Patients with % of Patients
patients, n=445 first DLT" entering cycle
1 445 100% 38 8.5%
2 331 74.4% 14 4.2%
3 177 39.8% 8 4.5%
4 118 26.5% 3 2.5%
5 66 14.8% 3 4.5%
6 49 11.0% 1 2.0%
7-10 37 8.3% 0 -
11-20 15 3.4% 1 0.67%*

Table 3- 1: Patients experiencing their first DLT" in each cycle. *average percentage
per cycle for 10 cycles.
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As can be seen, the number of patients who start each cycle of treatment decreases
with every cycle, with the amount of reduction between cycles generally decreasing
throughout the trial. More events tend to occur in early cycles so more patients do not
proceed to the next cycle, whereas fewer events occur later so fewer patients need to
stop treatment. The exception here is for patients proceeding from cycle 2 to cycle 3.
The reduction in patients here is the largest with just over half of the patients entering
cycle 2 proceeding to cycle 3. The proportion of patients who experience their first
event in each cycle tends to decrease with cycle. When looking at the later cycles that
have been grouped together, an average percentage per cycle is displayed as the
percentage of patients experiencing DLTs" divided by the number of cycles in the
grouped category. The number of protocol specified DLTs that occur in cycle 1 is 26,

which is just 5.8% of the patients starting cycle 1.

It can be seen that 60/68 first occurrences of DLTs" occur in the first 3 cycles
compared to 38/68 occurring in cycle 1. The proportion of first DLTs" occurring in
cycle 2 is approximately half of that in cycle 1. Later cycles also seem to have smaller
proportions too suggesting the proportion of patients having first DLTs" in each cycle

decreases as patients last longer in a trial.

Of the 38 trials included in the dataset, some had very few observations of DLTs" and
often only had one type of response (no events). Most of the trials contributed some
events and non-events but there was only one trial (Trial 64) that contributed a good

amount of information. This trial is therefore looked into more closely.

Of the 35 patients in trial 64, 17 patients had events with 11 patients having protocol
specified events and there were 14 DLTs in cycle 1. The trial had 121 patient cycles

(121 cycles of therapy across the 17 patients) of information and 52 DLTs" occurred
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in total. Since DLTs" were defined as the first Grade 3 or 4 toxicity, this implies that
several patients had more than one in the same cycle, likely of a different type. Focus
therefore lies on the patients who experience a DLT" rather than the number itself.

The breakdown of the trial and the events occurring throughout is shown in Table 3-2.

Cycle #Patients #Patients with Patients with
first DLT" DLT" as % of
Patients entering
cycle
1 35 7 20.0%
2 26 4 15.4%
3 10 3 33.3%
4 6 1 16.7%
5 5 2 40.0%
6 3 - -
7-10 1 - -
11-20 0 - -

Table 3- 2: Trial 64 — Patients experiencing their first DLT" in each cycle.

As can be seen, over half of the patients who have a DLT" experienced it after cycle 1.
None occur in the very late cycles so these could be disregarded but over 80% occur
within the first 3 cycles. The proportion of patients experiencing their first DLT" is

reasonably stable for the first 4 cycles with a sudden surge in the 5%,

Trial 64 shows similar trends to those shown in Table 3-1, however due to the small
sample size a precise trend cannot be determined. Therefore the results from Table 3-1
will be used to aid the choice of model parameter values in the simulations described
in chapters 5, 6, 7 and 8. To generalise, the probability of a DLT occurring for patients
who proceed to later cycles will be set to be half of the probability of a DLT in the

previous cycle. The first 3 cycles of therapy will be considered.
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3.4 Covariate EDA

Investigation of some of the patient characteristics could provide insight into how a
personalised dose allocation procedure could be used to give the dose that is best for

each individual patient.

This part of the EDA will focus on the first occurrence of DLTs" in different cycles of
therapy for different levels of a factor representing patient groups. This will provide a
general idea of the prevalence of toxic events for all cycles for different levels or
categories of a covariate and will provide a more specific understanding of the pattern
of toxic events across cycles for different levels or categories.

3.4.1 Age

The mean ages of all patients entering each cycle and also just patients who

experienced their first DLT" during the cycle are shown in Table 3-3.

Cycle, n Mean Age S.D Min Max
Cycle 1, n=445 56.10 12.49 18 86
nPLT=38 55.36 13.79 29 78
Cycle 2, n=331 56.11 12.21 18 86
nPt =14 57.79 8.31 40 71
Cycle 3, n=177 56.95 12.60 20 86
nPT*=g 50.13 13.11 32 68
Cycle 4, n=118 56.90 11.90 20 79
nPtT=3 62.67 5.51 59 69
Cycle 5, n=66 57.61 12.77 25 79
nPtT=3 60.00 4,58 56 65
Cycle 6, n=49 57.71 12.77 25 79
nPt*=1 60.00 - - -
Cycle 7-10, n=37 57.95 12.73 25 79
nDLT+=O _ - - -
Cycle 11-20, n=15 55.13 12.56 27 73
nPLT =1 62 - - -

Table 3- 3: Mean age of patients in each cycle for all patients, and patients with DLT".

The mean age for all patients is quite consistent across cycles. For patients

experiencing their first DLT", the mean age is generally younger in the earlier cycles
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and slightly older in the later cycles. If focussing on cycles 1-3, it could be generalised

that younger patients tend to have DLTs".

A further way to investigate the effect of age on the occurrence of DLT" is to look at
the occurrences in various age categories. In the dataset, the following four age

categories had been created <50, 51-58, 59-65, >65.

Table 3-4 shows the number of patients in each age category.

Age <50 51-58 59-65 >65
Category
#Patients 131 95 125 94
entering study

Table 3- 4: Number of patients in each age category.

The number of patients in each age category differs slightly, but there are reasonably

equal proportions in the first 2 categories compared to the last 2 categories.

Table 3-5 shows the number of patients in each age category starting each cycle, the
number of patients experiencing DLTs" in each cycle which is also displayed as a

proportion of the total patients starting each cycle.

Cycle, n Age category <50 51-58 59-65 >65
Cycle 1, #Patients 131 95 125 94
n=445 |#Pats with 1st DLT+, 14 5 9 10
n" =38 | (% of patsincycle) | (10.7%) | (5.3%) (7.2%) (8.8%)
Cycle 2, #Patients 94 76 96 65
n=331 |#Pats with Ist DLT+, 3 3 7 |
n®"""=14 | (% of pats in cycle) (3.2%) (3.9%) (7.3%) (1.5%)
Cycle 3, #Patients 47 35 54 4]
n=177 |#Pats with Ist DLT+, 4 1 2 1
nPtT™*=8 | (% of pats in cycle) (8.5%) (2.9%) (3.7%) (2.4%)
Cycle 4, #Patients 29 28 36 25
n=118 |#Pats with 1st DLT+, 0 0 2 1
n =3 | (% of pats in cycle) (0.0%) (0.0%) (5.6%) (4.0%)

Table 3- 5: Numbers of patients with their first DLT" in each cycle for different age
categories. *average percentage per cycle for 10 cycles.
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Cycle 5, #Patients 16 15 21 14
n=66 #Pats with 1st DLT+, 0 1 2 0
n""""=3 | (% of pats in cycle) (0.0%) | (6.7%) | (9.5%) | (0.0%)
Cycle 6, #Patients 12 8 16 13
n=49 #Pats with 1st DLT+, 0 0 1 0
nP =1 | (% of pats in cycle) (0.0%) (0.0%) (6.3%) (0.0%)
Cycle 7- #Patients 9 5 i3 10
10, n=37 |#Pats with 1st DLT+, 0 0 0 0
n°T'=0 | (% of pats in cycle) (0.0%) (0.0%) (0.0%) (0.0%)
Cycle 11- #Patients 6 1 5 3
20, n=15 |#Pats with 1st DLT+, 0 0 1 0
n® =1 | (% of pats in cycle) (0.0%) (0.0%) | (2.0%*) | (0.0%)

Table 3-5 cont.: Numbers of patients with their first DLT” in each cycle for different
age categories. *average percentage per cycle for 10 cycles.

Quite a high proportion of patients in the youngest age group experience their first
DLT" during the first 3 cycles, particularly compared to the oldest group. The
youngest group have no events after cycle 3, whereas the older groups continue to
have small numbers of events into later cycles. Generally the proportion of patients

having their first DLT" decreases over cycles for all age categories.

Based on the results from section 3.3, the investigation of the dose escalation
procedures can be focused on the first 3 cycles of therapy. Therefore, the generalised
pattern adopted from the investigation of age for use in this thesis is that younger
patients have a higher chance of DLT than older patients, and the occurrence of DLTs
decreases equally over cycles for the different age groups.

3.4.2 Gender

Comparing the occurrence of DLT" for males and females regardless of when the
toxic event occurred gives a general idea of the overall prevalence for each gender.
The frequency table in Table 3-6 shows the number of male and female patients along

with the number and proportion of those who had any level of toxic event.
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Gender Female Male
# Patients 190 255
# Pats with first DLT+ 35 (18.4%) 33 (12.9%)
(% of total)

in cycle 1 (% of total)

# Pats with first protocol DL T

14 (7.4%)

16 (6.3%)

Table 3- 6: Number of patients with a DLT" and a protocol specified DLT for each
gender.

There are a slightly larger number of males included in the trials, but a smaller
proportion of those experience DLTs™ when compared to females. When considering
Just the protocol specified DLTs in cycle 1, there are notably fewer events than when

considering DLTs" and they are more evenly spread across the genders.

Further investigation can be conducted to see if the time of occurrence of the first

DLT" is also different for males and females.

Cycle, n Gender Females Males
Cycle 1, #Patients 190 255
n=445 #Pats with 1st DLT+, 20 18
nPT"=38 (% of pats in cycle) (10.5%) (7.1%)
Cycle 2, #Patients 137 194
n=331 #Pats with 1st DLT+, 7 7
DLT*=14 (% of pats in cycle) (5.1%) (3.6%)
Cycle 3, #Patients 71 106
n=177 #Pats with 1st DLT+, 4 4
DLT*—-g (% of pats in cycle) (5.6%) (3.8%)
Cycle 4, #Patients 50 68
n=118 #Pats with 1st DLT+, 1 2
PLT+=3 (% of pats in cycle) (2.0%) (2.9%)
Cycle §, #Patients 34 32
n=66 #Pats with 1st DLT+, 1 2
DLT =3 (% of pats in cycle) (2.9%) (6.3%)
Cycle 6, #Patients 26 23
n=49 #Pats with 1st DLTH, 1 0
PLT*=) (% of pats in cycle) (3.8%) (0.0%)

Table 3- 7: Number of patients with first DLT" in each cycle for each gender.
*average percentage per cycle for 10 cycles.
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Cycle 7-10, #Patients 19 18
n=37 #Pats with 1st DLT+, 0 0
nP = (% of pats in cycle) (0.0%) (0.0%)
Cycle 11-20, #Patients 7 8
n=15 #Pats with 1st DLT+, 1 0
nPT=1 (% of pats in cycle) (1.4%*) (0.0%)

Table 3-7 cont.: Number of patients with first DLT" in each cycle for each gender.
*average percentage per cycle for 10 cycles.

Both males and females have generally a decreasing number of DLTs" over cycles.
For the first 3 cycles, the proportion of patients in each cycle having DLTs" is higher
for females. Cycles 4 and 5 have a slightly higher proportion of male patients having
DLTs" but after cycle 5 males have no more DLTs* whereas females continue to have

DLTs until very late cycles of therapy.

Despite having a smaller number of female patients overall, more females are
experiencing events for much longer. Both genders have a steadily decreasing number

of DLTs" over cycles.

By focusing again on the first 3 cycles of therapy, the results can be summarised as
females have a higher chance of DLT than males with both groups having an equal
reduction of DLTs with successive cycles.

3.4.3 Primary Tumours

The differences in occurrences of DLTs" between age groups and genders could be
due to the primary tumour that is being treated. As an example, treatments associated
with breast or gynaecological tumours may cause more toxicities and are observed
only in women. Furthermore, tumours occurring in older patients may not result in as

many toxicities, perhaps due to a higher tolerance.

The occurrence of toxicities according to primary tumours can be investigated to try to
aid understanding of the differences between age groups and gender but in reality

would not be accounted for in the analysis of toxicities. Usually a specific trial would
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treat one certain type of tumour so differences between patients would not be due to
tumour type. The understanding of tumour type toxicities for different groups of
patients can be used to aid the design of the trial, deciding how long to observe

patients for and perhaps what kind of toxicity to expect.

Table 3-8 shows the occurrence of toxicity for different primary tumours.

Tumour Type Number No. patients with No. patients with
of DLT+ (% of total DLTs (% of total
patients pats) pats)
Prostate 61 2 (3.3%) 1 (1.6%)
Sarcoma 49 6 (12.2%) 4 (8.2%)
Breast & Gynaeco. 40 5 (12.5%) 3(7.5%)
(B&G)
Central Nervous 7 - -
System (CNS)
Urological 9 - -
Gastrointestinal (GI) 151 11 (7.3%) 7 (4.6%)
Thoracic 77 12 (15.6%) 9 (11.7%)
Melanoma 23 2 (8.7%) 2 (8.7%)
Other 28 -

Table 3- 8: Numbers of patients, and number with DLT" and protocol specified DLTs
for each primary tumour type.

Firstly, since the sample sizes for the CNS and Urological tumour types are very small
and neither produce DLTs or DLTs’, these can be hereafter excluded from further
exploratory data analysis (EDA) as no information will be gained from them. The
‘Other’ group will also be excluded since there is no information about the primary
tumour and it can be assumed that multiple ‘other’ tumour types have been grouped

together due to small numbers of patients.

The largest number of patients have a GI primary tumour, however quite a modest
proportion of these patients actually have DLTs or DLTs". The highest proportion of
patients experiencing DLTs and DLTs" occur for patients with thoracic tumours and

the lowest proportion occurs for patients with prostate tumours. Breast and

40



Gynaecological, and Sarcoma primary tumours also have a slightly larger proportion

of patients having DLTs.

The pattern in which the DLTs occur for each primary tumour type is shown in Table

3-9.

Cycle, n Primary Prostate | Sarcoma B&G

Cycle 1, #Patients 61 49 40
n=445 #Pats with 1st DLT+, 1 (1.6%) | 4(8.2%) | 3(7.5%)

nPtT=38 (% of pats in cycle)

Cycle 2, #Patients 48 38 30
n=331 #Pats with 1st DLT+, 0(0.0%) | 1(2.6%) [4(13.3%)

n°"=14 (% of pats in cycle)

Cycle 3, #Patients 27 22 12
n=177 #Pats with 1st DLT+, 1 (3.7%) | 1(4.5%) | 0(0.0%)

n°LTr=g (% of pats in cycle)

Cycle 4, #Patients 20 18 10
n=118 #Pats with 1st DLT+, 1(5.0%) | 1(5.6%) | 0(0.0%)

nPtT"=3 (% of pats in cycle)

Cycle 5, #Patients 10 10 6
n=66 #Pats with 1st DLT+, 0(0.0%) | 0(0.0%) | 0(0.0%)

nPt=3 (% of pats in cycle)

Cycle 6, #Patients 5 7 S
n=49 #Pats with 1st DLT+, 0(0.0%) | 0(0.0%) | 0(0.0%)

n" =] (% of pats in cycle)

Cycle 7-10, #Patients 5 4 4

n=37 #Pats with 1st DLT+, 0(0.0%) | 0(0.0%) | 0(0.0%)

nPT=0 (% of pats in cycle)

Cycle 11-20, #Patients 4 1 1

n=15 #Pats with 1st DLT+, 0(0.0%) | 0(0.0%) | 0(0.0%)

nP =] (% of pats in cycle)

Table 3- 9: Number of patients with first DLT" in each cycle of occurrence for each
primary tumour type. *average percentage per cycle for 10 cycles.
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Melanoma GI Thoracic
Cycle 1, #Patients 23 151 77
n=445 #Pats with 1st DLT+, 2 7 9
n°tT"=38 (% of pats in cycle) (8.7%) (4.6%) (11.7%)
Cycle 2, #Patients 17 110 57
n=331 #Pats with 1st DLT+, 1 5 3
nP =14 (% of pats in cycle) (5.9%) (4.5%) (5.3%)
Cycle 3, #Patients 9 57 32
n=177 #Pats with 1st DLT+, 0 3 3
nPtT"=g (% of pats in cycle) (0.0%) (5.3%) (9.4%)
Cycle 4, #Patients 6 34 20
n=118 #Pats with 1st DLT+, 0 0 1
n° =3 (% of pats in cycle) (0.0%) (0.0%) (5.0%)
Cycle S, #Patients 4 15 15
n=66 #Pats with 1st DLT+, 0 0 3
n°t =3 (% of pats in cycle) (0.0%) (0.0%) (20.0%)
Cycle 6, #Patients 2 14 12
n=49 #Pats with 1st DLT+, 0 0 1
nP =1 (% of pats in cycle) (0.0%) (0.0%) (8.3%)
Cycle 7-10, #Patients 2 9 10
n=37 #Pats with 1st DLT+, 0 0 0
nPtT=0 (% of pats in cycle) (0.0%) (0.0%) (0.0%)
Cycle 11-20, #Patients 0 2 5
n=15 #Pats with 1st DLT+, 0 0 1
nPLTr=1 (% of pats in cycle) 0.0%) | (0.0%) | (2.0%%*)

Table 3- 9 cont.: Number of patients with first DLT" in each cycle of occurrence for
each primary tumour type. *average percentage per cycle for 10 cycles.

By splitting up by tumour type, it actually seems that the occurrence of DLTs"
generally decrease after cycle 1, but then occur at a slightly increasing rate over
subsequent cycles. Very few of the tumour types have patients with DLTs" in the very

late cycles, in fact only thoracic tumours have any after cycle 4.

Thoracic and Sarcoma tumour types have patients with a higher proportion of DLTs"
occurring in cycle 1-3 and some of the tumours only have patients with DLTs" for the
first 2 cycles. It should therefore be concluded that dependent on the tumour type
investigated in the trial, the length of the observation period should be adapted along

with the TTL.
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3.4.4 Interaction between Gender/Age and Primary Tumour Type

The EDA carried out for the gender covariate prompted the question as to whether the
occurrence of later DLTs for females could be to do with the type of tumour that was
being treated. However, EDA for the primary tumour type shows this not to be the
case. The only tumour type that is specific only to women is the breast or
gynaecological tumour, and these only experienced DLTs in the first 2 cycles. The
only tumour type in which patients experienced DLTs in the later cycles (as the
females did) was the thoracic tumour, which is not specific to women. Furthermore,
looking at tumour types specific to men such as the prostate tumour type does not
provide any insight either since there are so few DLTs occurring for prostate cancer,
and these only occur up until cycle 4. Therefore, there is not enough information to
conclude that tumour type does has a confounding effect on the effect caused by

gender to the time of the DLT.

When considering age also, there was very little difference between tumour type and

age over cycles.

As discussed, in reality different tumour types would not be included in the same trial
so would not be adjusted for within the analysis and escalation procedure. They can
however be used in the decision process for designing the trial in order to consider
what kind of toxicities would occur and when. This could aid the decision on the
observation period for toxicities, and what TTL should be considered.

3.4.5 Family of Toxicity

The timing and seriousness of a DLT in a particular study may depend on the type
(family) of toxicity being assessed. For example, certain types of toxicity (e.g.
gastrointestinal: vomiting, diarrhoea etc.) may be more likely to occur particularly in

early or late cycles, whereas another type (e.g. cutaneous: rash etc.) may be different,
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and furthermore, there may be a relationship between timing and seriousness, e.g.

certain types of toxicity may be more toxic early on.

For this investigation, the occurrence of a DLT" is not just a yes or no outcome, the
actual family of toxicity is of interest. Therefore the first occurrence of each family of
DLT" is included. The sum of the number of patients with each family of toxicity may

therefore be greater than the total number of patients experiencing any type of DLT".

Table 3-10 shows when these events occur.

Cycle, n Family Cutaneous Gl Renal
Cycle 1, HKPats with 1st DLT+, 13 31 7
n=445 % of n 2.9% 7.0% 1.6%
nPT=38 % of n°-™ 34.2% 81.6% 18.4%
Cycle 2, Pats with 1st DLT+, 3 14 1
n=331 % of n 0.9% 4.2% 0.3%
PLT*= 14 % of n°-™" 21.4% 100% 7.1%
Cycle 3, HPats with 1st DLT+, 3 4 3
n=177 % ofn 1.7% 2.3% 1.7%
nP-T"=g % of n°-™ 37.5% 50.0% 37.5%
Cycle 4, fPats with 1st DLT+, 0 2 1
n=118 % of n - 1.7% 0.8%
nP =3 % of n?“"* - 66.7% 33.3%
Cycle 5, fPats with 1st DLT+, 1 3 2
n=66 % of n 1.5% 4.5% 3%
nPT"=3 % of n°T* 33.3% 100% 66.7%
Cycle 6, fPats with 1st DLT+, 0 0 1
n=49 % of n - - 2.0%
nPtT=1 % of n°-™ - - 100%
Cycle 7-10, fPats with 1st DLTH, 0 0 0
n=37 % of n - - -
nPLT = % of nPLT* ) ) )
Cycle 11-20, fPats with 1st DLT+, 0 1 0
n=15 % ofn - - -
nPT=] % of n"°*™" - 100% -
Table 3- 10: Number of patients with a first DLT" in each cycle for each type of

toxicity.

The family of toxicity that has the highest level of occurrence is the GI family and this
is true for every cycle. The proportion of patients experiencing each type of toxicity in

each cycle is generally quite consistent across cycles for cutaneous and renal toxicities
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and decreases with cycle for GI toxicities. Of the patients who do experience a DLT"
it is most likely to be a GI toxicity and the chance of a DLT" being Gl or cutaneous is
quite consistent across cycles. Although the chance of a DLT” being a renal toxicity is
generally very low, it does tend to increase with cycles and a higher proportion of
patients experiencing DLTs" experience renal DLTs" in later cycles than in earlier

cycles.

As for primary tumour types, it is not reasonable to account for the type of toxicity
occurring in the analysis since an exhaustive list of toxicities would not be feasible to
adjust for, however, in accounting for which type is most likely and considering the
severity and when they might occur can again aid the decision process of designing

the trial and analysis plan.
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4. Methodology - ICSDP

From the evidence produced in Chapter 3, a new model is proposed to incorporate

data from later cycles of therapy within a Bayesian decision framework. This model is
the Interval-Censored Survival (ICS) Model. This Chapter therefore presents a new
Bayesian decision procedure which incorporates the use of the ICS model. This

procedure is called the Interval-Censored Survival Decision Procedure (ICSDP).

4.1 The Interval-Censored Survival Model

The ICS Model is derived from the proportional hazards assumption as shown in
Collett [15]. It has traditionally been used with analysing time-to-event outcomes in
order to reduce bias associated with the uncertainty of the exact timings of events. For
example, in the analysis of progression free survival (PFS), the event of disease
progression is usually determined at scheduled visits and assessments. The exact time
of progression is therefore unknown and assigned to the next scheduled assessment.
When symptoms associated with progression arise, usually for control treatments,
unscheduled visits and assessments occur which implies that progression can be
detected earlier and the PFS is therefore obtained accurately. If a control treatment
estimates the PFS accurately, the hazard associated with the control treatment is also
estimated accurately. The occurrence of symptoms associated with progression may
be suppressed for the experimental treatment and will therefore not be observed. The
occurrence of progression may then not be observed until the scheduled assessment,
which overestimates the PFS, which in turn, underestimates the hazard associated with
the experimental treatment. The overall estimated hazard ratio (HR) will then be
underestimated and the experimental treatment may look to perform better than it
actually does. By allowing inclusion of observations at each interval, the uncertainty

of the exact time of progression is localised to one specific period. This therefore
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reduces the bias observed when unscheduled assessments occur intermittently with

scheduled assessments.

The idea of observing events occurring in different intervals can be directly related to
the design of Phase | dose-finding trials. Traditionally, dose-finding studies observe
the occurrence of a patient’s first DLT during one fixed period of time. Patients
should remain on therapy after the first cycle of treatment, but only observations from
the first cycle will be used for analysis. The observations are binary, either they had a
DLT in cycle 1 or they did not, and it is therefore very easy to analyse these events
over a fixed period of time, either with a model-based analysis or rule-based. The first
cycle of therapy is also the cycle for which the first DLT for a patient is expected to
occur with highest frequency, although they can be expected to occur at a decreasing
rate of frequency over time. By only using one cycle of therapy for the analysis, the
trials are often very short in time. To observe for multiple cycles of therapy would
increase the duration of the trial and when observing binary responses, the same issue
arises as described for analysing PFS. The time of DLT would not necessarily be
captured if multiple cycles were combined to one fixed period of time, and the
probability of DLT (P(DLT)) would be assumed to be constant for the whole time
period. This may underestimate a patient’s chance of experiencing a DLT early in the

treatment phase and overestimate it later on.

The ICS model now becomes attractive since it can look at a larger fixed period of
time, and break it down into intervals, in this case cycles. The binary endpoint of
whether a patient’s first DLT occurs or not is still utilised, however the endpoint is
now whether a DLT occurred in a given cycle, and the occurrence of DLTs will now
be dependent on the cycles that occur previously and a DLT not occurring. A patient

will contribute information to the analysis for all cycles of therapy they complete, up
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to and including the cycle during which they have a DLT. By allowing patients to

contribute information for every completed cycle of therapy, this model allows for
non-informative withdrawal by including cycles up to the first DLT or withdrawal.
Although dropouts before the occurrence of a DLT are not particularly expected in
this phase of development, it is still an issue that should be considered since cancer
patients may experience progression so therefore may be withdrawn, and since the

sample size for Phase I trials is so small already.

For Phase | trials, interest lies in modelling the probability of a patient having their

first DLT, on dose level 4, j =1,...,k denoted by p,, . Traditionally, this is the

probability of having a DLT during the first cycle of therapy. Interest may lie in
assessing the probability of a DLT over s cycles of therapy, where each cycle of

therapy /,/ =1,...,s , with s being the maximum number of cycles, begins at time ¢,_,

and finishes at time ¢, with ¢, =0. Let p,,, be the probability of a patient

experiencing their first DLT on dose level 4,

,, during cycle [ and p,, ‘be the

probability that no DLT occurs during the first s cycles, i.e. the complement of p, ) .

The cumulative probability of an event occurring during the first / cycles for a patient

on dose level d(./) can then be defined as:

/
p(/‘)(cl)zz_;p(/)m °

Here, p,,, for m=1,...,] are probabilities relating to mutually exclusive events.

Therefore the sum from m=1,...,s+1 is equal to 1.

The ICS model is based on the probability of a DLT occurring during a given cycle

conditional on the fact that there has been no DLT in previous cycles. The conditional
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probability of having an event in cycle / (after time ¢,_,) given that there has been no

DLT in any interval prior to cycle  is defined as 7, = P(c,_, <T,<¢|T, > c,_l)

)

where Tu) is the true time at which a DLT occurs on dose level d(;) . The conditional

probabilities can then be combined to calculate the unconditional probabilities of DLT

P,y foragiven cycle [ and dose level d, as follows:

Py =P(c,1 I =c )
= P(c, <T,<¢|T, >c,_,)P(7:j) >c,_,)

= P(T,, > 1)
=”</)/P(7;/) >e |1y >c/—z)P(7;/) >c/—2)

=T [1_P(C/—2 <IseulT,>c, )] (Tm >6p5)
= (1 —”(./).I—I)P(En > C/wz)

elc.
This can then be generalised to the following:
Pun
T

={ (1 =) (1 = 7gy2) - (1= TGy-1)Gy 1=2,..s
(1 = my) (1 = mgyz) - (1 = mgpa-2) (1 = (p0-1) I>s.

It can be noted that 7, ., =1 since it is assumed that if the patient remained on

treatment after surviving the first s cycles, at some point in the interval (c,,0) a DLT

would occur. This then explains why the unconditional probability of an event

occurring in the interval (c,,%) reduces as above. This arrangement of probabilities

means that the likelihood can be constructed in terms of the conditional probabilities.
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Here 7., is equal to the number of toxicities observed on dose level 4, during cycle

I 'and q,, is equal to the number of patients who have completed [ cycles of therapy

without experiencing a DLT (”(;)1 —tm,) .

This is a Binomial likelihood so a generalised linear model can be used to model these
probabilities. The link function for this generalised linear model can be defined from

the proportional hazards assumption via the following mechanism (as seen in Collett

[15D).

Redefining the conditional probabilities in terms of survival probabilities is shown

below;

Ty =Pem <7, 26 1T, >en)

_ Siy(€) =S (€)
Siy€m)

Where S, (c,) is the survival probability (i.e. the probability of *surviving’ the cycle
without experiencing an event) associated with dose level (j) by the end of cycle!.
This can be simplified to:

IS C
l _7'[(”, - L/)_
SiHe)

The proportional hazards assumptions is defined as;

S(_[)(cl) = [SO (cl)]e”m ’
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Where 7, is the linear predictor of covariates associated with dose leveld ,, such as
n,, =0log(d,,), and S;(c,) is the baseline survival function at the end of cycle /, i.e.

the survival probability associated with dose level d , at the end of cycle /. When the

0)

dose is transformed, this transformation of this dose level d(o)will be equal to 0, i.e. to

apply a log transformation tod,, , d,,, will be equal to 1 such that once transformed is

equal to 0. Applying the proportional hazards assumption to the above rearrangement

gives;

o]
So(e)
I-7 e {#:l >
Soler)
So(e))
log(—log(1-7,,,)) =1, +log| —log| ——~ 4.2
g(=log(1~-7,)) =1, g[ g(So(c,_l)D (4.2)
=) 7
This link function is a complementary log-log link function, which includes a term
that is dependent solely on the interval during which the event occurred. This is a
factor with s levels which therefore allows separate intercept terms to be estimated for
each cycle and therefore can allow for a differing dose-response relationship with

time. The intercepts and the log(dose)-coefficient will all be log-hazard ratios

comparing dose level 4, to d,,.

Interest lies in estimating the dose that corresponds to a pre-defined probability of

toxicity after s cycles of therapy. This can be defined as;

P(j)(Cs)
{”0)1 s=1
“mgn +{(1 =gy )mgye) + o+ (U= mgyn) (1= 7y e-1) Ty s>1
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By putting in a rearrangement of the link function (in terms of 7, ) such that

J)s

n, =0logld ), p(c,) in terms of the parameters can be found to be;

Py(e) =1 _exp{d(_,)e [—e" —e?—...—e" J} ,

which can then be rearranged in terms of the dose;

- —e” .. —e"

0

| l: lOg(] _p(j)(c:)) :|
ogl| ——-
d

)

=exp 4.3)
On analysing the responses with the model described in equation (4.2), parameter

estimates will be obtained. By replacing p,(c,) in equation (4.3) with the TTL and

including all the parameter estimates, the estimate of the TD associated with the TTL

will be obtained. The derivation of rearrangement (4.3) is shown in Appendix 1.

4.2 Prior Information

Prior information is incorporated through the use of pseudo-data. Independent Beta

distributions are placed on the conditional probabilities 7z, ~ Beta(t . q, ) such

Ton — _ ton

Iontqun Py

. The parameters ¢

My are

that the mean value of 7, is

calculated based on prior opinion forz ), , i.e. the target dose is set to correspond to
TTL=20% during cycle 1, by settingn,,,, =3and 7z, =0.2 then

t 0.6.

on =T X1

m=

Prior belief is then placed on 7, ,, for cycles l,(l = 2,...,s). Chapter 3 suggests

(V21

imposing the property of 7, halving for subsequent cycles, i.e. if 7, =0.2, then

7., =0.1, 7,,,=0.05 etc.. Beta distributions are then placed on 7, forl,(! =2,...,s)
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, however these are dependent on the distributions for the preceding cycles. The

parameter 7, is the number of patients surviving cycle / —1without a toxicity:

5 = ym — 1y -and therefore: £ =7, xn . The distributions are independent

between dose levels however.

Pseudo-data is required for the lowest and the highest possible dose levels but also for
each of the cycles of therapy. The lowest dose level is used to correspond to the TD to
ensure the lowest dose is administered to the first cohort, and the highest dose
corresponds to a toxic dose to ensure the procedure does not escalate too quickly. The
pseudo-data needs to be conditional on that for the previous cycle dependant on prior
belief as to the occurrence of toxicity with time. Table 4-1 demonstrates a generic

example based 3 cycles of therapy.

Dose,d B oy Loy = P X Ty
d,,,cycle 1 By, Ty Loy
d), cycle 2 M2 = My — Loy Ty Layz

d,,, cycle 3 Mays = Mg ~ Loy T3 Ly
dy,»cycle 1 . Ty Len
d,,»cycle2 Py = Paen — Loy k)2 Jax
d,,,cycle 3 Pys = Pga — Lz Ty Lk

Table 4- 1: Pseudo-data for d,and d,,, , conditional on previous cycles of therapy.
The lowest dose is usually set to correspond to the TTL and the highest dose is set to
correspond to a higher toxicity level. This will ensure that the lowest dose will be
administered to the first cohort (when using the patient gain) and the procedure will

not escalate to high doses too fast.

These prior distributions are chosen as such since the Beta distribution is easily

conjugate with the Binomial likelihood obtained from the binary data and aids to the

53



simplicity of the procedure since more complicated approaches at eliciting prior

distributions are not required.

4.3 Gain Function

The dose to be administered to the next cohort of patients depends on the gain
function used in the procedure. The patient gain function would select the dose level

d; that has closest p,, (c,) to the TTL and is defined below.

1
(TTL-p(e)

gl(/) =

Where p, , (c,)is the estimate of the probability of a DLT in the first s cycles for dose

level d,, after i patients.

The variance gain function would select the set of dose levels J that reduces the
asymptotic variance of the estimated log transformed TD the most and is defined as in

equation (4.4).

1

Var(log (TDfﬁ,’ )) 4.4)

8y =

In this setting, 7D,,, is the dose that is believed to correspond exactly to the TTL and
7D is the expected estimate of the 7D,,, after i patients when incorporating the set

i, TTL

of dose levels J for the next cohort of patients. The variance is calculated as foilows:

var 1og (1D13)) = (108 (TDE52)) 1,7 @11 72w 709 108 (TDE1)).

where ;' is the Expected Information Matrix found from twice differentiating the log-
likelihood with respect to each parameter and taking the expectation of each element
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of the matrix. The parameters are replaced with the estimated values after the i”
observation and the set of doses that produce the smallest variance of the estimated

TD,,, (increases the gain, g, ,,) are allocated to the next cohort. The set of doses ./

can consist of different doses if it is found that a combination of doses to administer to

the next cohort reduces the variance the most.

Regardless of the gain-function, the lowest dose is always administered to the first
cohort. When the patient gain is utilised, the lowest dose will be selected by the gain
function since the prior is set as such so that the lowest dose corresponds to the TTL.
For the variance gain, the lowest dose is administered regardless of the outcome of the
gain function since it is typical to start dose-escalation procedures with the lowest
dose. The observations from the first cohort are then combined with the pseudo-data
and analysed to obtain posterior estimates for all parameters. The gain function is then

applied again to choose further doses to administer.

4.4 Escalation Features

In order to carry out the trial efficiently, it should only be continued until a precise
enough estimate of the log transformed 7D, ., is produced. The precision is tested by
computing the ratio of the exponentiated limits of the asymptotic credible interval (CI)
of the estimate of log(TD) after each new set of observations is accrued. Other
methods of testing the precision could be used, such as looking at the standard
deviation of the linear predictor. The asymptotic CI does however allow some
additional inference as to the range of the estimates at the current time, which simpler
statistics may not. In order to calculate this CI after i observations, the asymptotic

variance of the estimate of log(7D,,, ) after i observations is required, which is defined

as;
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Var(IOg(TD, T7I. )) (IOg(TD, 7L ))T 1,7 (0,7, ,72,...,}{‘_)V(log(TD, T7I. ))

Here, 1,7 (6,7,,7,»-...7.) is the inverted observed information matrix, found by twice
differentiating the log-likelihood (with respect to each of the parameters) and taking

the negative values of each derivative. V(log(T D, )) is the first derivative vector of
log(7D,,, ) with respect to each of the parameters. For 3 cycles, the derivation of

1,7(6,7,,72---»7,) is shown in Appendix 2. The observed information matrix for 3

cycles is displayed.

1,6,7,V,507)=

-i R 0 0 —2 R (logd )
0 _i R, 0 -3 R(logd, )
0 0 SR —Z R (logd, )
—i R (logd, ) —i R,(logd,,) —i R (logd,,) —i (R +R, +R)(logd,,)")

/=1 J=1 j=1 =1

Where:

_"(.m”u)lzlog(l"”(/)l)_’ml(k’g(] (,)1)) Ton T log(l ~ ml){]"l(’g(]“”ml)}
l o’

_ DTy *log(1-7,,) - ’(nz(l‘)g(l ”(nz)) {7y log(1- 7, )z){ IOg(l‘”(_nz)}
”(;)22

”(;)3”(1)3 log(1-7,);) - ’(/)3(l°g(1 ”ms)) 157 s log(l - ”(;)3){ k’g(l_”mz)}

2
T

The determinant required to invert the matrix is;
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k

k J k k 2 k k
det=> RD R, R (R +R, +R3)((logdm)2)—[ZRl logdmj SRR,

J=1 J=1 J=1 J=1

_LZ:‘Rzlog ‘“j ZRZR (Z&logdm] 2R R,

The current modal estimates (as calculated by using maximum likelihood methods but
incorporating prior information) for each of the parameters are then included in the

expression for the asymptotic variance in equation (4.5).

~2
6 det

‘[ ¢ ] [det+ZR Y R(X R logd,))’ J_( e

2(ZRJZRI IOg /)ZR IOg (/))

e +e’ +e” -Y'R

‘——(ZR ZR logd,,, ) R, log m) M(ZR ZR ZR log (/))

7| 72 73
(eh+eh +eh) +e"r +e

) 2
A det+ T RY R (R, logd,)
(ZRSZRZIog ,)ZRlog (,)) [e — +e’}[ ' —iRz 2 o)
e’ 108 TDm)

Y2 73
“—,\e—e.,\—(ZRlsz 1°gd<j>ZR31°gdm)+ = ’(‘ZRZRZR log (:))

71 Y3
(e"+e“+e’-‘ +e+e

e +e? +e’~‘)

(eh +e72 +e7x

(szzRJIOg /)ZRIOg u)) (ZRIZRJ l"gdmsz logd(,))

(e"+e’7:e’~‘ (e" e 1e
e” det+ZRZR(ZRlog ()) e’log(TTm) -
]0g D, og D
= ie”;e;QZRZR 3 Rlogd,,)+ ( :i):’(—ZRZR SR, logd,, )+
log (TD.
:}'%S_ey:T:eZ—({:RZR > R logd,,)- (log D) ) S RYR, ZR}

(4.5)

The extension of this variance to s cycles is shown in Appendix 4.

The square root of this variance is used to calculate the 95% CI for the estimate of

log (TD,,, ) using the following method:
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{]og(TDm)il.% var(log(TDm))}

where 1.96 is the 97.5" percentile of the standard Normal distribution.

These limits are then exponentiated to achieve a CI on the real scale which will be

strictly greater than 0. When the ratio of these limits fall below a pre-defined

threshold, the estimate of the 7Dz is deemed accurate enough and the trial can

terminate.

The difference between the asymptotic variance used for the precision criterion and
for the variance gain is that for the precision criterion, only observed values from the
trial so far are used within the expression for the variance. This then gives a variance
value associated with what has occurred in the study so far and the current estimate of
the TD,,, . For the variance gain, the additional expected amount of observations for
all possible sets of dose combinations are incorporated into the expression for the
variance. This variance value therefore predicts which set of dose combinations will
reduce the variance the most after the next cohort, so selects that combination

accordingly for administration.

4.5 Proportional Odds Decision Procedure

An intermediate procedure could be considered to generalise the LRDP to include a
proportional odds model which can then account for the occurrence of an event in

different cycles, or indeed the occurrence of no event.

The probability of category 1 occurring, which is probability of a DLT occurring in

cycle 1, is denoted as p, ), , the probability of category 2 (a DLT occurs in cycle 2), is

P,y » category 3is p,;(a DLT occurs in cycle 3) and the probability of category 4,
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which is the probability that a DLT does not occur in cycle 1,2 or 3,is p,,, - P, 1S

directly dependent on the other categories, so can be defined as 1—p ), = p,), = P -

The proportional odds model uses the cumulative relationship of an event occurring in

the first / cycles at dose level (/) as defined below:

exp(a,+,3|og( m))
1+exp(a1+,310g( u))).

P(T,, <e) =0, =

Therefore, the probability of each category occurring can be defined as:

Piin = Q(J)l

Pyn = pn — Py
Py =Qon — Lo
Pipa =1=G s

Furthermore, unlike the ICS model, dropout between cycles is not accounted for here.
Therefore further categories need to be defined for the event that a patient drops out

after cycle 1 or after cycle 2. P(Surviving cycle 1 then drop out)=1-0, ., P(Surviving
cycle 2 then drop out)=1-0, ,,. The likelihood for this model must incorporate all

eventualities and is shown below.

k

k 4
9 1, f’
anmq“’”=Hp(m""p(,)z“”pw"(1 Py =Py~ p(m) U 1’(;)1)””(1 Py = Ppe )

=1 g=1 j=1

HQ(J)II(M(Q(/)Z Q(J)I)I(HZ(Q(/B Q(;)3)l(m(l Q(/)3)m4(1 Q(/)l m (I_QU /){'

J=1

=

!> L5 and ¢, are the number of occurrences of patients surviving all cycles of

L)
therapy, dropping out after surviving one cycle of therapy, and dropping out after

surviving two cycles of therapy respectively.
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This likelihood is not of a standard form and therefore the existing procedure, which
makes use of the fact that the Binomial likelihood is conjugate with a Beta prior
distribution, is now no longer an easy one to use. The combination of a non-standard
likelihood with any type of prior distribution would be a much more complex process

and therefore not as attractive as the ICSDP that has been developed.

This approach will not be investigated further and focus will remain on using the ICS
model. The ICS model naturally accounts for dropouts between cycles and produces a
likelihood of a standard form which can then be combined with a conjugate prior to

produce a tractable posterior distribution for the probability of a DLT.
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5. The Interval-Censored Survival
Decision Procedure: A Simulation
Study

5.1 A Comparison of 3 Designs

The first simulation study compares the LRDP (as described in Chapter 2) for the
toxicities observed in the first cycle of therapy (LRDP1), the same LRDP for the
toxicities observed in the whole trial and the ICSDP (as described in Chapter 4) for
the toxicities observed in every cycle of therapy for the whole trial. In this instance the
“whole trial” indicates 3 cycles of therapy. As has been shown in Chapter 3, the
majority of events occur in the first 3 cycles, so it can be deemed suitable to focus
investigation on these cycles. The LRDP3 is then the second design used for

comparison.

Each of the models used in the different procedures consist of intercepts (one intercept
for the LRDPs and an intercept for every ‘interval’ or cycle in the ICSDP) and the
coefficient of log(dose). No other covariates (such as patient characteristics e.g.

gender, age, biomarkers etc.) are included in these models.

5.2 Data Generation Scenarios

5.2.1 Introduction

In order to investigate the different procedures effectively, use of the procedures under

different scenarios will be investigated. When the analysis model matches the scenario
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used for data generation, the results should be good compared to the true results,
whereas when there is a discrepancy between analysis and generation methods, the
results should be than observed when the methods match. Since the procedures to be
compared consist of different analysis models, 3 different data generation methods
will be adopted. First, the data will be generated by the proportional odds (PO) model,
which is a generalized version of the LR model, i.e. the LR model is the PO model
with 2 categories. Second, via the ICS model and third, generation from an
independent model, which is the PO model but with dose as a covariate rather than
log(dose). Although the assumptions of this third generation model match those of the
analysis model in the LRDP, due to the different scale of dose, the models are
different since the parameters estimated are different. When log(dose) is incorporated,
the parameters are log odds ratios (log-OR), whereas when dose is used, the

parameters are odds ratios (OR).

5.2.2  Proportional Odds Model
Simulations performed by Zhou & Whitehead [16] based on data from Ferry et. al

[19], use the Logistic Regression model with the logit link function as in equation
(5.1) to generate the data:
¢
tog| 2| g, + log(d,). ¢.1)
I - p_[ (c] )
Here p, (c,) s the probability of DLT for the dose d; on the continuous scale by the end

of cycle 1. The ‘standard’ scenario in [16] has been adopted for the generation in
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which a / = —1.8733 and /? = 1.7767, The dose-probability of toxicity curve is

shown in Figure 5-1:

P(DLT) u*

* m m B w a ™M >

Figure 5- 1: True Dose-Response Relationship used for Simulation

This gives a TD2) (the target dose corresponding to a 20% chance of DLT) for the

first cycle of therapy (c1) of 366mg/m?2 as follows:

| \

=366

When considering multiple cycles of therapy, a higher probability of toxicity needs to
be considered that incorporates the fact that the probability of toxicity will be
decreasing with each cycle of therapy survived without a DLT. The overall probability

of toxicity for dose d/ after 3 cycles is shown in equation (5.2):

Pj Q=pn+P24+Pj,= +*20-+>+%30- XI-*1,),
where p jt denotes the unconditional probability of a DLT on doseJ* during cycle /

andTzy denotes the conditional probability of a DLT on dose<7; during cycle /. As
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described in Chapter 3, at the target dose, set to be 366mg/m2,

1 . . s
Tyg63 = 5 Faes.2 = an,l - On assigning 7, | = 0.2, the respective probabilities for

cycles 2 and 3 are 0.1 and 0.05 and therefore p,(c,) =0.316. A further assumption

made here is that there is no cumulative dose effect across cycles, that is to say that

the probability of having a DLT in each cycle is conditionally independent.

The LR model is now generalised to the PO model based on 4 categories of outcomes,

event in cycle 1, event in cycle 2, event in cycle 3, or no event.

log M =a, + Blog(d)),
l—pj(c])

tog| 2249 _1_ 4+ plog(a), (5.3)
l_pj(CZ)

! pj(c3) _

og| ———— |=a; + Blog(d)),
1-p,(c)

where p,(c,)is the cumulative probability of DLT up to the end of cycle / on dosed,
for/ =1,2,3. The final category associated with the PO model is that a DLT does not

occur. The probability associated with this is simply1—p (c;).

The parameters @, and £ associated with the first equation in (5.3) are already
defined. Replacing p,(c;)in the third equation of (5.3) with 0.316, which is the TTL

after 3 cycles of therapy at the target dose 366mg/m’, and keeping the log(dose)

coefficient ( S =1.7767),, can be calculated.

o ( 0316 )_a
810316, &

1.7767

TD, ¢, =366 =exp
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This gives &, =11.2594 . Keeping the same log(dose) coefficient is suitable since the

LR model is a simplified version of the PO model (with 2 categories), therefore,
extending the LR model to the PO model with more than 2 categories would require
the same log-OR for the log(dose) coefficient to ensure proportional odds across

categories is maintained.

The remaining intercept in equation (5.3), &, , can be found to correspond to the
probability of toxicity after 2 cycles. Given the relevant conditional probabilities,

D366 (C2) = Tagey + Mg , (1= 7366, ) = 0.28 . Replacing p,(c,) with 0.28 and keeping

B =1.7767 allows the calculation of ¢, as follows:

028
Bl1co2s) %

TD,, =366 =exp (
B

b

which givesa, =—11.4317.

The values for @, @,,a, and the dose response parameter £, can be used to calculate
the probability of DLT for each cycle. The overall occurrence of a DLT throughout

the 3 cycles can be generated from p, (c,) for each dose level j =1,..., k through the

use of a Bernoulli random variable. The possible dose levels are (60, 120, 200, 300,

420, 630, 945, 1400, 1700) as in [16, 19].

To generate the occurrence of a DLT in a specific cycle from the PO model, four
categories are defined: 1 = first DLT occurs in cycle 1, 2 = first DLT occurs in cycle

2, 3 = first DLT occurs in cycle 3, 4 = no DLT occurs during the first three cycles.
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The outcome category for a subject on dose d , is generated from a Uniform([0,1]

distribution in the proportions p, s Pepyas Poyss 1 — P s for categories 1-4 respectively.

For data generated under the PO model, the LRDPs should perform better than the
ICSDP. To show the discrepancy between the data generation and the analysis models
for the ICSDP, the relationship between the probability of toxicity and the conditional
probabilities of toxicity for each cycle can be considered. The relationship between
P, » the probability of toxicity in cycle/, and 7, , the conditional probability of
toxicity in cycle!/ given that there is no toxicity up to and including cycle/ —1is as

follows:

Pp Pj3 D

=—2 .= y e T = : (5.4)
l_pj(cl) 7 ]_pj(cz) ! l_pj(cs—l)

Tp=Pp Tjy

The PO model with parameters ¢, =—11.8733,, =-11.4317 ,a, =-11.2594,,
B=1.7767, the p (c;) can be found for some pre-specified dose levels d , for

j =1,60,300,1500 . These dose levels are chosen since the latter 3 are scaled equally.

By doing this one would hope that any difference between dose levels would be
consistent between dose 60 and 300, and 300 and 1500. Any deviation from this may
indicate the model performs even worse when the dose increases. This implies that
comparison of 300 to 60, and 1500 to 300 is equivalent. A dose of 1 will allow
estimation of the intercept parameters by eliminating the log(dose) coefficient. The

unconditional cycle probabilities p, . p,;),» P,y are obtained by calculating p,,(c,),

P, (¢,)and p, (c;) so that p = p,,(¢1)s Pjy; = P,y (€)= pjy(6) and

Py = Piy(€) = P,y (c;) - The conditional probabilities 7, can then be found from

equation (5.4). The intercept terms for each cycle (7,,7,,7;) can be from obtained
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from 7, by using the complementary log-log link function
(IOg(-IOg (1 -7, )) =y,+0log (dj. )) where d, =1. The log hazard ratio () is then

calculated for each cycle and dose. The results from doing this are summarised in

Table 5-1.

PO model:a; = —11.8733, a, = ~11.4317, a3 = —11.2594, B = 1.7767

d=60

d=300

d=1500

d=1

pso(cl) =0.0100
pGO(CZ) =0.0154
p60(C3) =0.0183

p300(C1) = 0.1494
P3oo(cz) = 0.2145
p300(C3) = 0.2450

P1soo(c1) = 0.7450
P1soo(c2) = 0.8176
P1soo(c3) = 0.8499

pl(Cl) = 0.000007
pl(C3) = 0.000011
p1(cs) = 0.000013

Pin = Py(€)s Py = Py (€)= Py (€) s Pys = Py (€3) = Py (€y)

Peos = 0.0100 Proos = 0.1494 Prsoos = 0.7540 | pi; = 0.000007
Pz = 0.0054 P02 = 0.0651 Pisooz = 0.0726 | pi, = 0.000004
Peos = 0.0029 P2 = 0.0305 Prsons = 0.0233 P13 = 0.000002
Tp=Ppr T =f)_’2 ()3 =1_p(—jf
N Pin = Py
Teos = 0.0100 Ta001 = 0.1494 Tisoos = 0.7540 | my, = 0.000007
Meo2 = 0.0055 3002 = 0.0765 15002 = 0.2951 12 = 0.000004
Tg03 = 0.0029 3003 = 0.0384 Misoos = 0.1344 | m, 5 = 0.000002

ICS model: From n,:y, = —11.8696,y, = —12.4292,y; = —13.1224

Solve for 6 from: log(—log(1 — m(;,)) =y, + 6logdy;

=1, 8 =1.7755 =1, 8 =1.7617 [=1, 8 =1.6693
=2, 8 =1.7656 =2, 6 =1.7354 =2, 6 =1.5559
=3, 6 =1.7783 =3, 6 =1.7082 [=3, 8 =1.5297

Table 5- 1: Checking the simulation method does not match the analysis method.
It can be seen from Table 5-1 that@, the log(HR), is not constant across cycles or

doses.

5.2.3

In order to simulate according to an ICS model, the data must be progressively

Interval-Censored

simulated. So toxicities in the first cycle are generated according to a Bernoulli model

with probability of toxicity 7, = p,,, - Of the remaining patients who do not observe
a toxicity in cycle 1, the next cycle’s toxicities are simulated with probability of
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Py

toxicity, 7 ), = , and the same for the final cycle. The remaining patients who

R

have not experienced a toxic event at dose level d,

Y have toxicities generated for

Py

cycle 3 with probability of toxicity, 7, ,, = I ——
~Pyn T Pun

Values for 7 ,,, are now found from the model based on the complementary log-log

link function and are of the form:

7T, = exp(—exp(y1 + Qlog(dl ))), T, = exp(—exp(;/2 +6’log(d_,)))
7= exp(—exp(y3 +610g(d, ))) .
In order to find appropriate parameter values, the previous scenario adopted from
Zhou, Whitehead [16] allocates the doses 366 and 799 to a 20% and 50% chance of

toxicity in cycle 1. Assuming the probability of toxicity halves at the target dose
2 1 1 . .
(366mg/m”) such that 7, , = ?2-7:3662 = Zn'm] , 4 equations can be set up to provide

the parameter values. These are:

(~log(1-0.2)

)=
log( log(1-0.1))=

(~log(1-0.05)) = 7, + 6 log (366),

log (1- 7, 7, +6log(366),

7, +61log(366),
(5.5)

6‘

))=to
)=
g1 — 735 )
))=to

log (1— 755, (~log(1-0.5)) = 7, +6log(799).

(~tog(

log (- log (1~ 7.
(~tog(
(~tog(

The values obtained from solving these equations are y, =—10.0694, 7, =-10.8198 ,

¥, =—11.5396 and 8=1.4518.

It is again important to show that the data simulated from this model does not have a
constant log odds ratio (log OR) across doses (as it would for the logistic regression

model) so that one can see how the logistic regression model works when the model
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assumption is incorrect. The approach utilised in section 5.2.2 is applied in reverse

here. First the 7,y are calculated for the dose levels (1,60,300,1500). The
unconditional probabilities p ,, are then computed from rearranging equation (5.4).

Finally the p, () are calculated as in equation (5.2). The intercept terms for a,anda,

Py(e)

are calculated from the logit link function log
1- p( 1) (C,)

J =a,+plog(d,,). The

intercept term a, is not of as much interest since the LRDP1 and LRDP3 analyse

results after 1 and 3 cycles, so the log OR (B)will only be estimated withe, and ;.

The results are summarised below.

ICS model.y, = ~10.0694, y, = —10.8198, y; = —11.5396, 8 = 1.4518

d=60 d=300 d=1500 d=1
Te01 = 0.0160 3001 = 0.1540 15001 = 0.8227 my, = 0.000042
602 = 0.0076 T3002 = 0.0759 Tys5002 = 0.5581 m,, = 0.000020
Tlgo3 = 0.0037 Tt3003 = 0.0377 Ty5003 = 0.3281 ;3 = 0.000009
A= P Ty = Py » Wy = L
| ' ]"Pﬂ 1'P/2_P,|
Peo.1 = 0.0160 D300, = 0.1540 P1so0.1 = 0.8227 P11 = 0.000042
Peo.2 = 0.0075 P3002 = 0.0897 P1s00,2 = 0.0990 p12 = 0.000020
Peos = 0.0037 P300,2 = 0.0482 P1so03 = 0.0257 P13 = 0.000009

P(€) = Piyis Py(€2) = Piyya + Piyyis Py (€3) = Pys + Pina + Py

Peo(cy) = 0.0160
Peo(c1) = 0.0235
Peo(c3) = 0.0271

P3oo(c1) = 0.1540
p3oo(C2) = 0.2437
P3oo(c3) = 0.2919

Pisoo(c1) = 0.8227
Pisoo(c2) = 0.9217
P1s00(c3) = 0.9474

p1(cy) = 0.000042
p1(cz) = 0.000062
p1(c3) = 0.000071

Table 5- 2: Checking the simulation method does not match the analysis method.
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PO model: From p, (¢,), p,(c3): a; = —=10.0778, a3 = —9.5528

Solve for g from: log PU)(Cz)/l —pye) | =@ + Blogd
j

[=1,8=14554 | =1, =1.4682 l=1,=1.5878
l=3,=14586 | | =3,8=15195 I1=3,=1.7015

Table 5-2 cont.: Checking the simulation method does not match the analysis method.

As can be seen in Table 5-2, the log OR is not constant across doses or cycles.

5.2.4 Proportional Odds with dose as covariate

A further model used to check for robustness is the proportional odds model again, but

this time using dose as a covariate rather than log-dose.

The generation of events according to the proportional odds model with dose as a
covariate rather than log-dose is similar to section 5.2.2. The doses 366 and 799mg/m?
are set to correspond to probabilities of toxicity 0.2 and 0.5 respectively for the first

cycle and the conditional probabilities halve at the dose 366 for successive cycles.

Therefore the following equations allow solving for the intercept, ¢, , and the dose

response parameter ¢ :

log( Dses(C1) J =log (ﬁ.) =g, +3664¢,

1= Py (c) 1-0.2
log [—pvﬁ)—] =log (—0—5——) = £, +799¢.
1= p,oy(c) 1-05

These can be solved to give & =-2.5575and ¢ = 0.0032. The intercepts for the

cumulative probability of toxicity up to cycle 2 and 3 are also found from including

the value of ¢ in the following equations:
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log( Piss(©) J:log( 0.28 j=£2+366x(0.0032),

1_p366(cz) 1-0.28

Ds6(C3) 0.316
log| ==~ =lo( J:*’ +366x(0.0032).
g(]—p%s(cg)J 8 120316) " 2 x( )

This gives¢, =-2.1157 and &, =—1.9434.

To check that the interpretation of the parameter values is not consistent with either of

the analysis methods, the p, , (c;) for the doses (1,60,300,1500) are calculated from the

values for &,,¢,,&;,¢. First these can be used to calculate the intercept terms «,,,
associated with the PO model with log(dose) as a covariate, and then the log OR S

can be calculated associated with cycles 1 and 3, and across dose levels. The

unconditional cycle probabilities p, ), are also calculated as in equation (5.2) which
are then used to calculate the conditional probabilities 7, as in equation (5.4). These

are then used to calculate the intercept terms y,,7,,%, for the ICS model which are

then used to calculate @ for each cycle and dose level.

Table 5-3 shows how the estimates change for the different models.

PO with dose:e, = —2.5575,&, = —2.1157, &; = —1.9434, ¢ = 0.0032
d=60 d=300 d=1500 d=1
Peo(C1) = 0.0859 | Dago(c1) = 0.1684 | Prseolcs) = 0.9041 | p,(c,) = 0.0722
Peo(c2) = 0.1274 | pago(cy) = 0.2394 | pisoolcz) = 0.9361 | py(cz) = 0.1079
Peo(C3) = 0.1479 | p3ge(cs) = 02722 | pysee(cs) = 0.9457 | py(c3) = 0.1256

PO with log(dose): From p; (¢;), p.(c;), p1(c3):a; = —2.5534,a, = —2.1124,
a; = ~1.9404

Solve for g from: log p(j)(cl)/1 Cpg(e) | Tt Blogd;

Table 5- 3: Checking the simulation method does not match the analysis methods.
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[=1,p=0.0461
l=3,8=0.0462

I=1,8=0.1677
1=38=0.1678

I=1,8 = 06560
1=3,8=06560

Pin = P €)s Pijya = Py(€) = Py (@) s Pyys = Py (63) = Py (€2)

Peos = 0.0859 Proos = 0.1684 Prsoos = 0.9041 Prs = 0.0722
Peoz = 0.0415 | Pyoos =0.0710 | piseor = 0.0320 | py, = 0.0357
Peos = 0.0205 Pyoos = 0.0328 Prsoos = 0.0096 pr s =0.0177
Tpn=Pps 7y -f2 ZTon "}L
~Pj = Pin T Py
Teos = 0.0859 | fao0s = 0.1684 | Tisoo; = 09041 | my, = 0.0722
Teos = 0.0454 | a0, = 00854 | Tys00, =0.3337 | my, = 0.0385
Teos = 00234 | 13005 = 00431 | Tys005 =0.1502 | my5=0.0198

Interval-Censored: From =, ,:y, = —2.5911,y, = —3.2375,y; = —3.9121

Solve for 6 from: log(—log(1 — m;y)) =y: + 6logdy

6 = 0.0442 6 = 0.1579 6 =0.4708
6 =0.0411 0 = 0.1440 0 =0.3194
6 = 0.0413 6 =0.1677 6 = 0.2867

Table 5-3 cont.: Checking the simulation method does not match the analysis
methods.

The values for S are generally the same within dose levels across cycles, but are

different across dose levels. The values for @ are different across dose and cycles, with

the difference across cycles increasing with dose.

5.2.5
Figures 5-2 to 5-6 show graphically the differences between data generated by one

Differences

model and analysed by another. Each figure shows the dose-response curve for 1000
generated trials of 60 patients for each of the dose levels (60, 120, 200, 300, 420, 630,
945, 1400 and 1700) over 3 cycles. All of the generated data is then analysed by each

possible models to estimate P(DLT) for doses on a continuous scale.
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The dashed line represents the proportional odds model, either with 1 cycle or 3 cycles
(defined on the graph). The solid line depicts the Interval-Censored Survival model

and the dotted line displays the proportional odds model with dose as a covariate.
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Figure 5- 2: Data simulated by PO model with log dose for 3 cycles , analysed
by ICS model for 3 cycles
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Figure 5- 3: Data simulated by ICS model for 3 cycles , analysed by LR model
with log dose for 3 cycles
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Figure 5- 4: Data simulated by ICS model for 1cycle and analysed by LR for 1
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Figure 5- 5: Data simulated by PO model with dose for 3 cycles , analysed by ICS
model and LR with log dose for 3 cycles.
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Figure 5- 6: Data simulated by PO model with dose — for 1 cycle, analysed by LR
for 1cycle

Figure 5-2 shows that when the data is generated by a PO model with log dose as a
covariate (for 3 cycles), the ICS model should produce an estimate of the TD that is
slightly overestimated. Since the PO model assumes a common log odds ratio for
different cycles, the estimate of the TD when analysed by a LR model with one cycle

should produce an accurate result.

Figure 5-3 shows that when the data is generated by an ICS model for 3 cycles, the
estimate of the TD when the data is analysed by the LR model with log dose for 3
cycles is slightly underestimated. Figure 5-4 shows that when the first cycle (when
generated by an ICS model) is analysed by the LR model with log dose for 1 cycle,
the estimates are very accurate. This is because the ICS model generates sequentially
with a probability of DLT being 20% for the TD in cycle 1. This is the same

probability under investigation for the true LR model with 1 cycle.

Figure 5-5 shows that when the generation method is a PO model with dose as a
covariate for 3 cycles, the analysis methods are both incorrect and the estimates of the

TD are severely underestimated when analysed by the LR model with log dose for 3
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cycles and the ICS model for 3 cycles, particularly for the LR model with log dose for
3 cycles. Figure 5-6 shows the dose response curve when the analysis of the generated
data is conducted by an LR model with log dose for 1 cycle. Again the estimate of the

TD tends to be underestimated.

These figures show that the generation by the PO model with dose as a covariate is the
biggest test of robustness since the analysis models are so severely mismatched. The
ICS model does seem to fit the data generated by the PO model with dose as a
covariate slightly better, at least the dose corresponding to the TTL of 31.6% is closer
to 366mg/m? when analysed by the ICS model rather than the PO model with

log(dose). This is confirmed by Table 5-3, where the value for 8, the log-HR as

calculated for the ICS model, is closer to the true value of the log-OR (¢ =0.0032)at

all dose levels and cycles than the log-OR is as calculated for the PO model. This
suggests there is less change when the parameter inference changes from log-OR to
log-HR, than vice versa. While another model could be investigated to use for the data
generation that is equally biased for analyses by both the ICS model and PO model,
the data generation scenarios chosen cover a variety of biases which favour different
analysis models in different circumstances. Therefore acknowledging the expected
differences within the results from the data generation scenarios adopted should give a
wide enough overview of how the procedures adopting different analysis models fare

under model misspecification.

5.3 Pseudo-data Prior Information

Prior information is created for the LRDP1 based on the pseudo data used in Zhou,

Whitehead [16] as shown in Table 5-4.

76



Procedure, Dose dj p(,-)lo '1(/‘)0 ’0)(7:”0)6;0)0
TTL

LRDP1 ) 02 3 0.6
TTL=0.2 d 05 3 15

Table 5- 4: Pseudo-data for the LRDP1

The first dose level (d,,,, 60mg/m?) is given 1, toxicities in n,,’ patients where

0

t(l)

o is the required probability of toxicity under investigation. In [16],¢,,° = 0.6

M
(O]

and n(,)0 =3 give rise to a probability of DLT=0.2. Further pseudo data lets the highest

dose level (d,,,, 1700mg/m’), correspond to a TD50 so #,,,” =1.5andn,,° =3.

Analysing this cautious prior and using the patient gain causes the lowest dose level to
be assigned to the first cohort (which is usually required in Phase I Trials). This
simulation study investigates a TD20 for the first cycle also so the same pseudo-data
in Table 5-4 is used for the LRDP1. This pseudo data corresponds to independent Beta

priors being put on the probability of DLT for dose levels d,,, j =1,...,k , as described

in Chapter 4.2. Using this prior allows the data (which creates a Binomial likelihood)

to be combined with the data easily since the prior is conjugate.

Similar pseudo data is created for the LRDP3. This simulation study investigates a

0

t
TD31.6 after 3 cycles, so in this case —— = 0.316. This data is presented in Table 5-

0

Ay
5.
Procedure, Dose d p(o,,(%) ”(on t(oj) = Pf,)(%)n(o,)
TTL
LRDP3 d; 0.316 3 0.948
TTL=0.316 e 0.649 3 1.947

Table 5- 5: Pseudo-data for the LRDP3.
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For the lowest dose (60mg/m2),t(])0 =0.948 while n," remains at 3. For the highest

dose, data from the first cycle should cause a 50% probability of toxicity. The TD50

in cycle 1 is the dose 799. Given the parameter values found for the PO model after 3

cycles (a; =—11.2594, f=1.7767), the dose 799 produces a probability of toxicity of

0.649. This overall probability is then assigned to the highest dose (d,,) of

1700mg/m®. n,,,” is again set to 3 and 1, is found to be 1.947.

Pseudo data for the ICSDP is created in the same way but sequentially. The

probability of toxicity for the first cycle for the lowest and highest doses ( j =1, k= 60,

1700mg/m?) is set to be the same as for the logistic regression with one cycle

0

corresponding to doses 366 and 799mg/m”. For cycle 1, an =3,and{,, isthe same

as for the logistic regression model for the first cycle (7,,’ =0.6,z,,," =1.5).

1 1
According to the ICS model, 7, = 5”366‘2 = 27@66‘] where 7, | = Py, =0.2. These

then correspond to 7,,°, 77,),’ and 7,,,’ . Furthermore, 77,5, = Pyoo, = 0.5which then

0
corresponds to 7z, .

Ty sy can be found from the parameters obtained from the ICS model by solving

the equations (5.5) with the lowest and highest dose levels included (60, 1700mg/m?)

rather than the true TD,,,TD;, (366,799mg/m”). This produces the following

parameter values y,° =—2.8877, y,’ =-3.6381,5," =—4.3579and 6° =0.3389.

Based on these 7,

.y the pseudo-data in Table 5-6 is developed.
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Pro;?l‘dltlre, Dose 4, o o [ = T
ICSDP d,,cycle 1 0.2 3 0.6
TTL=0316 [  oyele 2 0.1 24 024
d,,,cycle 3 0.05 2.16 0.108
dy,,cycle 1 0.5 3 1.5
d,,, cycle 2 0.2791 L5 0.41865
dg,,cycle 3 0.1473 1.08135 0.1593

Table 5- 6: Pseudo-data for the ICSDP.

The number of patients in each cycle is now dependent on how many DLTs have
occurred in the previous cycles, since the probabilities are conditional. So

My =Py =1,y Wheren, andf ,, are the number of patients and the number of
toxicities on dose level d  during cycle/. So the pseudo-data for 7, correspond to
independent Beta distributions, but the distributions 7, ,,, 7, ;are independent Beta

distributions across doses, but dependent on previous cycles. These values once again
result in the escalation choosing the lowest available dose (60) for the first dose to be
administered when using the patient gain function. While in the ICSDP the actual total
number of observations is greater than for the LRDPs, given the increased observation

period for the ICSDP the increased amount of prior information is expected.

5.4 Escalation Procedure

For each of the 3 procedures, the dose escalation procedure begins by analysing the
pseudo data (PROC GENMOD in SAS with the ‘logit’ link function for the 2 LRDPs
and the ‘cloglog’ link function for the ICSDP). This produces parameter estimates
which are used within the respective link functions (equations (2.2) and (4.2)) to
produce an estimate for the target dose (7D) as in equation (2.3) or (4.3) for the

LRDPs or ICSDP respectively, and p,,(c,) for each dose level d ,, as in equation

(5.2). The dose level d,,, with p, (c;) closest to the required probability of toxicity
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(TTL) is administered, which is equal to the lowest available dose (6Omg/m2). This is

the patient gain as defined in Chapter 2, which will be used for this simulation study.

The dose that gives the highest gain is selected and administered to the next cohort of
patients. The presence or absence of DLTs for each new patient is then observed and
appended to the pseudo-data and analysed again. The model parameters are re-

estimated from this analysis and used to recalculate p, »(c;) for each dose leveld . In

the perfect case, a new cohort will begin their first cycle of therapy at the same time
the preceding cohort begins the second cycle of therapy, and the cohort prior to that;
their third cycle of therapy. This is the method adopted for the simulation procedure
here for simplicity, whilst in practice, it may be reasonable to assume that there is

some difference between actual dates of therapy. This method is also adopted for all

future simulations.

The procedure continues until one of three criteria is met. Either the safety rule is
violated which is when the probability of toxicity associated with the chosen dose
exceeds some threshold. For the TD20 this threshold is 0.3. The dose that corresponds
to this probability of toxicity is found to be 495.659mg/m? from the ‘standard’
scenario in [16]. Using this dose to calculate the probability of toxicity after 3 cycles

(with a; =11.2594 and £ =1.7767) shows that the unsafe probability of toxicity is

0.4419. Therefore the safety rule for the procedures that are looking for the TD31.6
(LRDP3 and ICSDP) will stop the trial if the dose to be administered has a probability

of toxicity greater than 0.44. The other criteria are if the precision stopping rule is met
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or the trial has recruited 20 cohorts of 3 patients (20 cohorts is decided to be the

longest a trial should be).

The precision stopping rule is associated with the ratio of the limits of the credible
interval for the TD. Once this ratio is below a certain threshold (in this case 4), the
estimate of the TD is deemed accurate enough for the escalation to stop. The credible
intervals are calculated after every new cohort of information is recorded. For the
LRDP1 this is after every cohort has completed their first cycle of therapy. For the
LRDP3 this is after a cohort has completed 3 cycles of therapy and for the ICSDP this
is after every cycle for every cohort of patients. The credible intervals for the log TD
are calculated by finding the asymptotic variance of the data so far as defined in
equation (4.5) in Chapter 4.4. The 2.5" and 97.5™ percentile points of the Normal
distribution with the mean being the current estimate of the log(TD) and the standard
deviation being the square root of the asymptotic variance of log(TD) then form the
credible interval limits. This is all done on the log scale to ensure that the final
(exponentiated) estimates are all positive. Once the upper and lower limits of the
credible interval are found they are exponentiated and the ratio of the two is taken.
This ratio (R) is the value that is used for the stopping rule, if R is below a certain
threshold (R=4) the escalation is deemed accurate enough to stop. 4 was selected after
some investigation as it provided an estimate of the TD for the LRDP1 within a

clinically relevant range (366 (0.3*366) ) on average over 80% of the time and

produced these results on average within 17 cohorts, which is less than the maximum

of 20 cohorts.
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5.5 Results
Once the trial has completed, the estimate of the 7D is recorded along with the length

of the trial, defined as the cohort number of the last patient whose data was included

in the estimation of the TD.

These simulated trials have been repeated 1000 times and the mean estimate of the

TD s found along with the mean trial length for each procedure. The variability of the

TD estimates is shown by the 95% reference range (2.5 and 97.5 percentiles of the

estimated 7D ). The ratio of the reference range limits shows the precision of the

estimates. The minimum and maximum values are also recorded to show the extreme

values that the estimates may take.

The proportion of trials that produced an estimate within 30% of the true TD

(366mg/m?) is also displayed. This interval is (256.2, 475.8). This was conducted to

show the proportion of times the trial estimated a dose that was a balance between

being efficacious and toxic.

5.5.1

Generated by the Proportional Odds Model with log(dose)

Results from the LRDP1, LRDP3 and ICSDP when the data are generated from a PO

model with log(dose) as a covariate.

Design LRDP1 LRDP3 ICSDP
Variable TDzo No. of TD31V6 No. of TD3],6 No. of
Cohorts Cohorts Cohorts
Mean estimate 371.9 16.92 360.0 14.87 381.5 14.67
(2.5, 97.5) (227.9, (232.2, (247.7,
percentiles of 554.1) 538.8) 575.3)
estimates
97.5/2.5 2.43 2.32 2.32
Min 169.4 8 1.3 1 178.4 8
Max 750.3 20 714.1 20 742.2 20
% in (TD=%30%) 82.2 85.3 83.0
Precision | Safety '}'}z" 7351 0.0 | 265]89.6 | 0.1 10319351 0.0 6.5

Table 5- 7: Results from 1000 trials, generated by the PO model and escalated with
the patient gain. TD=366mg/m’.
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Table 5-7 shows that when the data are generated by the PO model with log(dose) as a
covariate for 3 cycles, the best estimates of the TD are produced by the LRDP3, which
is to be expected since the analysis models matches the generation model. The
estimates produced by the ICSDP are slightly overestimated which is to be expected
from Figure 5-2. The precision of the estimate is best for the LRDP3 and the ICSDP
and the proportion of estimates within a 30% limit is highest for the LRDP3, but the
ICSDP and LRDP!1 also produce similar results. The precision associated with the
estimates, which is shown by the ratio of the reference range limits, is similar for the
LRDP3 and ICSDP but worst for the LRDP1 and the range of estimates is also larger
for the LRDP1 than the ICSDP. The LRDP3 has an extreme minimum estimate (1.3)
due to the occurrence of an event within cohort 1. Since no other information was
known about the dose-response relationship then, the estimate of the TD produced
was extremely low and the trial was stopped for safety. This actual event occurred in a
later cycle which is why the other two procedures are not as affected by it. The
LRDP1 did not observe this event and the ICSDP had other data on other doses to use

with this occurrence so that it could be put into perspective.

The average number of cohorts was lowest for the ICSDP (14.67) due to the increased
amount of information obtained. Although the average number of cohorts is quite low
for the LRDP3, the actual average length of these trials would be 14.87 X 3 = 44.61
cycles due to having to wait for 3 cycles before starting a new cohort. The length of
the trials when using the ICSDP and LRDP1 is equal to the number of cohorts
included since each new cohort is recruited after every cycle. The LRDP1 required the
most number of patients on average (16.92x3 =50.76 ) and the design which requires
the fewest number of patients is the ICSDP (14.67x3 =44.01), but the LRDP3 is very

similar (14.87x3 =44.61).
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The simulated trials stop mostly due to the precision rule (particularly for the ICSDP)
with most others stopping due to reaching the maximum number of cohorts. The
LRDP1 produced the largest number of trials continuing until the maximum cohort
had been recruited (20 cohorts). Furthermore, of the 73.5% achieving precision,
approximately 7% achieve precision after recruiting the 20™ cohort, so actually over
34% of the simulated trials last for the maximum amount of time. The ICSDP also has
some trials achieving precision in the final cohort, but only approximately 3%, so less
than 10% of the trials last the maximum amount of time. For the LRDP3,
approximately 90% achieve precision, with approximately 3% achieving it in cohort

20 so nearly 14% of trials last the maximum amount of time.

Although the analysis is done to compute a TD on the continuous scale, in reality the
discrete dose levels would be recommended for further investigations. The

distribution of these recommended dose levels are shown in Figure 5-7.
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Figure 5- 7: Distribution of recommended doses for different procedures when the
data is generated by the PO model with log(dose), a) LRDP1, b) LRDP3, ¢) ICSDP
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Figure 5-7 cont: Distribution of recommended doses for different procedures when the
data is generated by the PO model with log(dose), a) LRDP1, b) LRDP3, ¢) ICSDP

Doses 300 and 420 are nearly equally distant from the TD of 366 with 420 being
slightly closer. Figure 5-7 shows that the ICSDP has the highest proportion of dose
levels recommended nearest the TD. The LRDP3 is the only procedure that
recommends a dose that is not within 2 dose levels either side of the true TD, and that
dose is the lowest dose. The proportion of trials that estimated the true TD within a
30% limit was greatest for the LRDP3, which was similar to the ICSDP. The LRDP1
estimated within this limit least (82% of the time), explaining the larger range of
estimates and poorer consistency of estimates. This is clear from Figure 5-7 since the
dose levels 200 and 630 are concluded more frequently for the LRDP1, which are

outside of the 30% limit.
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To ensure 1000 simulations is enough to obtain a good idea of the performance of the

procedures, particularly the ICSDP, the standard error associated with the mean

estimated TD can be summarized for each procedure. This involves calculating the

standard deviation of the estimated TDs and dividing by the square root of the number

of simulated trials (n=1000). For the LRDPI, se =2.805, for the LRDP3, se =2.397

and for the ICSDP, se =2.647. These values are very small when compared to the

mean estimated TDs, and very similar across procedures, suggesting that there is

sufficient precision in the estimation of TDs from 1000 simulated trials for each of the

procedures.

5.5.2

Generated by the Interval-Censored Survival Model

Results when the data are generated from the ICS model.

Design LRDP1 LRDP3 ICSDP
Variable TDzo No. of TD31‘6 No. of TD31'6 No. of
Cohorts Cohorts Cohorts
Mean estimate 371.3 17.13 354.1 14.80 371.2 15.02
(2.5,97.5) (2177, (226.3, (243.2,
percentiles of 589.6) 523.6) 561.0)
estimates
97.5/2.5 2.71 2.31 2.31
Min 1443 8 1.3 1 186.9 7
Max 994.6 20 683.7 20 690.4 20
% in (TD+30%) 78.5 83.4 85.5
Precision | Safety | Max | 906 | 36 | 58 [ 893 | 0.6 | 10.1 | 904 | 0.0 | 9.6

No.

Table 5- 8: Results from 1000 trials, generated by the ICS model and escalated with
the patient gain. TD=366mg/m>.

When data are generated from the ICS model, the LRDP1 and ICSDP produce almost

identical estimates of the TD. However the precision of the ICSDP estimate is better

and it is achieved on average over 2 cohorts earlier. This is down to the fact that the

data generation model matches the analysis model. The LRDP1 produces similar

estimates of the TD to the ICSDP since the ICS model generates data sequentially

based on a 20% chance of DLT in cycle 1 which is required for the LRDP1. Although




there is some difference between the actual models (as shown in Figure 5-4), this
difference is very small and simulation error could explain why the estimate is so
good. The LRDP3 produces slightly worse estimates here. The precision of the TD
estimates is again very good for the LRDP3 and the ICSDP, but the precision of the
estimates produced by the LRDP1 is worse than when the data was generated by the

PO model.

The average number of cohorts is largest for the LRDP1 (17.13) and has increased
from when the data was simulated by the PO model. The average number of cohorts
required for the LRDP3 is very similar to previously (14.80 vs. 14.67) and requires the
fewest of the 3 procedures. The associated length of the trial would then be 14.80 x

3 = 44.4 cycles compared to the other procedures which require one cycle per cohort.
The ICSDP therefore takes the shortest amount of time (15.02 cycles) and requires

fewer patients than the LRDP1 (15.02x3=45.06vs.17.13x3 =51.39).

The LRDP3 stops for precision the majority of the time but does stop for safety in a
very few cases. The trials stop for precision most often for the LRDP1 however the
ICSDP stops for precision almost the same amount (90.6% vs. 90.4%). However,
nearly 30% of the 90.6% stopping for precision with the LRDP1 achieve precision
after cohort 20 has been recruited. This suggests that over 35% of the trials actually
last the maximum trial length. This is in contrast to the ICSDP, where of the 90.4%
stopping for precision, only 3.1% achieve precision after cohort 20. Just over 12%
therefore require lasting the maximum amount of time. The LRDP3 has very
consistent results to when the data was simulated by the PO model with regards to
stopping for precision or reaching the maximum cohort. The LRDP1 now has to stop
for safety reasons nearly 4% of the time, the LRDP3 less than 1% and the ICSDP not

at all.
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The distribution of recommended dose levels at the end of each trial is shown in

Figure 5-8.
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Figure 5- 8: Distribution of doses recommended for different procedures when the
data is generated by the ICS model, a) LRDP1, b) LRDP3, ¢) ICSDP.
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Figure 5-8 cont.: Distribution of doses recommended for different procedures when
the data is generated by the ICS model, a) LRDP1, b) LRDP3, ¢) ICSDP.

Figure 5-8 shows that the ICSDP is the only procedure that does not recommend a
dose level outside of the two dose levels that are either side of the TD and
recommends the two doses closest to the TD (300, 420) the most frequently. The
LRDP3 is similar to Figure 5-7 and the only other dose recommended is the lowest
dose (60). The LRDPI recommends up to three doses either side of the true TD and
therefore recommends the two doses closest to the TD least compared to the other
procedures. This corresponds to the precision shown in Table 5-8. The range of the
estimates is much larger for the LRDP1 with fewer estimates lying within a 30% limit
of the true TD. The LRDP3 still has an extreme minimum estimate of the TD due to
the same reasons explained in section 5.5.1, and the proportion of estimates in the

30% limit of the TD is reduced now for the LRDP3 (83.4% vs. 85.3%). The ICSDP
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has the highest proportion of estimates within a 30% limit (85.5%), which can be seen

from Figure 5-8.

The standard errors associated with the mean estimated TDs are se =3.050 for the
LRDP1, se=2.513 for the LRDP3 and se = 2.525 for the ICSDP. Once again these
are similar to those observed when the data was generated by the PO model with

log(dose) as a covariate and sufficiently small compared to the mean estimated TDs to

conclude that 1000 simulations is sufficient.

5.5.3  Generated by the Proportional Odds Model with dose

The simulations were repeated for the data generated by the PO model with dose as a
covariate to provide a bigger test for the different procedures since the data generation
model does not match any of the analysis models. As can be seen in Figures 5-5 and
5-6, all estimates are expected to be underestimated, particularly those from the

LRDP3.

The results are shown in Table 5-9.

Design LRDP1 LRDP3 1CSDP
Variable TDyg No. of TD316 No. of TDs 6 No. of
Cohorts Cohorts Cohorts
Mean estimate 340.4 17.61 321.1 16.00 347.1 17.01
(2.5,97.5) (152.5, (1.3, (154.9,
percentiles of 553.2) 562.0) 576.6)
estimates
97.5/2.5 3.63 419.4 3.72
Min 52.6 3 1.3 1 6.6 3
Max 750.4 20 1250.4 20 1062.7 20
% in (TD+30%) 66.0 61.7 68.0
Precision | Safety rgz" 64.1 | 173 | 1871603 | 6.0 | 33.7 624 | 0.1 | 376

Table 5- 9: Results from 1000 trials, simulated by the PO model with dose and

escalated with the patient gain. TD=366mg/m".

The results show that the ICSDP produces the best estimate of the TD although the

precision is slightly better for the estimates produced by the LRDP1. The results agree
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with Figures 5-5 and 5-6, with the best estimates being produced by the ICSDP

although they are still underestimated. The LRDP3 produces much worse estimates.

The average number of cohorts required by the ICSDP is slightly higher compared to
results in Table 5-7 and 5-8 (17.01 vs. 14,67, 15.02), but is still slightly less than that
for the LRDP1 (17.13). The ICSDP therefore leads to the shortest trial length, despite

the LRDP3 requiring fewer cohorts (14.8 cohorts).

The precision associated with the estimates is best for the LRDP1 with a similar result
for the ICSDP, but is very poor for the LRDP3. The range of estimates for the LRDP3

(1.34, 1250.36) is extremely large, explaining the lack of precision.

The LRDP1 stopped due to safety reasons over 17% of the time. Figure 5-6 shows that
the slope of the curve for the LRDP1 is much steeper than that for the true curve (PO
with dose as a covariate). This suggests that lower doses correspond to a higher
probability of DLT so the dose that is recommended by the model would cause less
DLTs than expected (since the generation model has a lower P(DLT) for these doses).
This would then cause the escalation to continue with an even higher dose level which
might then be too toxic and cause the procedure to stop. Otherwise, the LRDP1
stopped for precision 64.1% of the time, with over 27% of those achieving precision
once cohort 20 had been administered, so over 45% of the trials reached the maximum
trial length allowed. The LRDP3 also stops for safety reasons an increased amount
(over 6%) and only 60.28% stop for precision. Of those 60.28% an extra 4% achieve
precision once cohort 20 has been recruited so just under 40% of trials last the
maximum length. The ICSDP stops for safety 0.1% of the time and stops for precision
over 62% of the time. Nearly 6% of the 62% achieve precision after cohort 20 has

begun so over 43% of the trials last the maximum amount of time. Figure 5-5 shows
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that the ICS curve is not as steep near the true TD as the LR curves. Combined with
the addition of extra information at each cycle, this stops the procedure from
recommending doses that are too high even though the true dose-response relationship

will produce slightly less DLTs at the recommended doses than expected.

The distribution of recommended dose levels is shown in Figure 5-9.

FREQUENCY a)
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Figure 5- 9: Distribution of recommended doses for different procedures when the
data is generated by the PO model with dose, a) LRDPI, b) LRDP3, ¢) ICSDP.
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Figure 5-9 cont.: Distribution of recommended doses for different procedures when
the data is generated by the PO model with dose, a) LRDPI, b) LRDP3, ¢) ICSDP.
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All three procedures have a larger range of recommended doses, when the data
generation model does not match the analysis model. The ICSDP still has the highest
proportion of final recommendations given to the two doses closest to the TD which
corresponds to the proportion of trials with TD estimates within a 30% limit of the
true TD being highest for the ICSDP (68.0%). The proportion within a 30% limit is
most reduced for the LRDP3 (61.7%) which corresponds to the distribution shown in
Figure 5-9. Generally the shape of the distribution of recommended doses is similar,

but the LRDP3 now recommends the dose 60 more often.

Under this extreme scenario, the ICSDP appears to be the best compromise for a
procedure. The TD estimate is most accurate, with similar precision to that seen with
the LRDP1 and the trial length (1 cycle per cohort implies the trial would last 17.01
cycles) is shortest again. The trials are also safer since the safety rule is hardly ever
used, especially considering it is used so much more frequently in the other two

procedures here.

The standard errors associated with the mean estimated TDs from each of the
procedures are se =3.361 for the LRDPI1, se =4.351for the LRDP3 and se =3.564 for
the ICSDP. While slightly inflated when compared to the previous data generation
methods, these standard errors are still very small compared to the mean estimated
TDs suggesting that while each of the procedures produce more variable results here,

1000 simulations is still sufficient to conclude precision with the estimated TDs.

5.6 Discussion and Investigation of Results

It seems that the LRDP1 is most susceptible to misspecification of the analysis model
to the data generation model. Although the TD estimates remain quite consistent, the

precision associated with them becomes worse, as does the expected number of
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cohorts required and the proportion of times the estimate is within a 30% limit of the
TD. The reasons for stopping also change most for the LRDP1, with an increasing
proportion of trials stopping for safety reasons as the data generation model deviates
increasingly from the analysis model. The LRDP3 and the ICSDP produce quite
consistent results with very slight improvements when the analysis model matches the
data generation model. The main benefit of the ICSDP over the LRDP3 is in the actual
length of time required to run the trial. Despite needing slightly fewer cohorts to
achieve accurate and consistent estimates, the LRDP3 requires much longer due to the
nature of having to wait for each patient to complete 3 cycles of therapy before
enrolling the next cohort. This also creates an issue with some early cohorts since if an
event happens in cohort 1 after cycle 1, no other information allows the procedure to
continue and the drug is deemed unsafe. This does not happen with the ICSDP
because the constant accrual of information from every cycle ensures that more
information is obtained at once to allow perspective for the events that might occur

(due to the random nature of simulation) on the very low doses.

5.7 Continuing the procedures to the maximum number of cohorts

Investigating the use of the procedures when the maximal amount of information is

obtained may provide further insight.

96



Design LRDP1 LRDP3 ICSDP
Variable TDyg No. of TD3y 6 No. of TDs; 6 No. of
Cohorts Cohorts Cohorts
Mean 367.3 20 360.0 19.94 362.1 20
estimate
(2.5,97.5) (216.7, (238.3, (218.8,
percentiles of | 558.6) 506.6) 536.8)
estimates
97.5/2.5 2.58 2.13 2.45
Min 144.3 20 1.34 1 144.9 20
Max 994.5 20 628.1 20 777.1 20
% in 82.3 89.7 80.0
(TD£30%)

Table 5- 10: Results from 1000 simulations by the ICS model with the patient gain
and a fixed number of patients (20 cohorts of size 3). TD=366mg/m".

Table 5-10 shows the results from continuing all procedures until 20 cohorts of
patients have completed the trial. All of the mean estimates of the TD are closer to the
true TD of 366 than in Table 5-8. Compared with the LRDP1 the ICSDP has greater
precision, there are slightly fewer estimates within a 30% limit of the true TD, but the
range of the estimates is not as extreme. The LRDP3 still has one occurrence where
the trial stopped for safety after observing one cohort. The ICSDP performs slightly
worse than in Table 5-8, which is due to the asymptotic variance for the ICS model.
This variance relies on information from the number of patients administered to a
given dose level as well as the number of toxicities observed at that dose. After the
precision of the TD estimate satisfies the precision stopping criterion, if the escalation
continues, more doses may be administered. When these doses are ones that have been
slightly underrepresented previously, the inclusion of these additional data can cause
the asymptotic variance to increase once again. In many cases, the ratio of the credible
interval may then creep back above the threshold for which precision is claimed, even

if the precision stopping criterion has previously been met. In this case, the final
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estimate of the TD is no longer deemed as precise as if the trial stopped when

precision was first achieved, and the variability across the trials is therefore increased.

5.8 Considering the effect of censoring

The effect of censored data on the performance of the dose escalation procedures is an
important consideration. A natural benefit of the ICS model is its ability to limit the
effect of non-informative censoring due to the fact that only the cycles of information
after the occurrence of censoring are lost. The cycles of therapy prior to the
occurrence of censoring are still analysed and contribute to the estimation of the TD.
One can incorporate non-informative censoring into the simulated datasets to

investigate how the different procedures react.

Furthermore, it may also be appropriate to consider the effect of informative
censoring. Informative censoring could arise due to the fact that patients who are
likely to experience a DLT may be more likely to withdraw prior to experiencing this
DLT due to intolerance to the investigational drug. This intolerance could manifest
itself in the way of an increased occurrence of lower grade toxicities (LGTs) in cycles
prior to the cycle that a DLT may actually occur in. Patients who experience a large
number of LGTs in early cycles may be more likely to cease treatment after these
cycles and therefore would not contribute a DLT from a later cycle to the analysis,

even though they may be more likely to experience one.

Non-informative censoring is easy to implement through the use of a Bernoulli
random variable. If it can be assumed that all patients have a 10% chance of being
censored in each cycle, a Bernoulli random variable can be simulated with a
probability of 0.1 for each patient and each cycle. If a patient is censored in cycle 1,

cycles 2 and 3 will also be missing, however if a patient is censored in a later cycle,
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earlier cycles will still contribute, so there will be a lower proportion of censored

observations than of censored patients.

The expected magnitude of censoring for the ICSDP is displayed in Table 5-11.

10% censoring | 10% censoring | 10% censoring | Total loss
incycle 1. in cycle 2. in cycle 3.
# starting n;=60 n,=43 n;=34
#censored n‘=6 n,’=4.3=>5 n3’=3.4=>4 15 patients
Total #cycles 3n;°=18 2n,°=10 n;’=4 36 cycles
lost to follow
up
E#DLTs) at n°H=12 ny =43 n3 o -'=1.7
TD
#DLTs n,PrTe=1.2 n,Pr1=0.43 n3 re=0.17 1.8 DLTs
censored, n”T=12-12 | n,""=43-043 | N;P'=1.7-0.17
observed =10.8=>11 =3.87=>4 =1.53=>2
#DLTs
Observed 10.8/60=18% 3.87/43=9% 1.53/34=4.5%
P(DLT) at TD

Table 5- 11: Effect of non-informative censoring

A total of 15 patients would be expected to be censored throughout the trial which

would also be true for the LRDP3. This is 25% of the patients who started treatment.

For the LRDPI, clearly just 10% are censored since only the patients in the first cycle

are affected by censoring.

The maximum number of patient cycles one would expect to see at the target dose for

the ICSDP is 60+48+43=151, when considering the patients who withdraw to the

occurrence of DLTs. When 36 patient cycles are censored, this corresponds to

approximately 21% of cycles being censored, which is slightly less than the number of
patients. One would then expect the ICSDP to perform slightly better than the LRDP3
when considering non-informative censoring since if a patient is censored, all
information is lost, therefore the number of missing observation periods is the same as
the number of missing patients so would correspond to 25% of lost information. The

LRDP1 should not be too affected, since only 10% of observations in the first period
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will be missing (6/60), however since the ICSDP still contains more data from later
cycles, one would expect the information obtained overall to be less. There will be an
expected 115 patient cycles worth of information at the target dose for the ICSDP as

opposed to 54 patient cycles for the LRDPI.

The effect on the observed conditional P(DLT) at the TD is also reduced by 10% for
all cycles, suggesting that observations at the TD will only correspond to 18% chance
of DLT in cycle 1, 9% in cycle 2 and 4.5% in cycle 3. This corresponds to an overall
chance of DLT of 28.7%, which is slightly less than 10% smaller than 31.6%.
P(DLT)=0.18 in cycle 1 is 10% less than the expected 0.2, therefore the estimation

may be less biased for the procedures looking at longer periods of time.

For informative censoring, only the patients who experience DLTs should be
censored. In order to get a comparable rate of censoring to non-informative censoring
in order to compare, it should be considered that only (on average) 31.6% of patients
will experience a DLT over 3 cycles. In order to observe a rate of 10% overall for
each cycle, approximately 1/3 of patients who have DLTs should be censored. Since
the patients who are censored come from the subset of patients who have events, there
are less missing cycles expected. Only the single observation of the actual event in
that cycle is now missing since the cycles after the occurrence of DLT are not

observed in the first instance. So there is only one missing cycle per patient.
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30% censoring | 30% censoring | 30% censoring | Total Loss
of DLTs in of DLTscycle | of DLTs cycle
cycle 1. 2. 3.
# starting N;=60 N,=43 N3;=34
E(#DLTs) at N,"M=12 N,°H=43 N;H=1.7
TD
#DLTs n>"=3.6 n> 1 *=1.29 3" °=0.51 5.4 DLTs
censored, DLT_ DLT_ DLT_
observed N7 =12-3.6 | Ny '=4.3-1.29 | N3 '=1.7-0.51
#DLTs =8.4 =3.01 =1.19
Observed 8.4/60=14% 3.87/43=7% 1.53/34=3.5%
P(DLT) at TD

Table 5- 12: Effect on informative censoring.

A total of 5.4 events are censored here, rounded to 6. This implies 6 cycles of therapy

are missing which is approximately 4% of the maximum number of cycles expected at
the TD. The ICSDP will therefore only lose 4% of patient cycles worth of
information. 6 events being censored corresponds to 6 patients being censored, 10% of
the total number starting treatment in cycle 1. The LRDP3 therefore loses 10% of
information which is higher than for the ICSDP. In the LRDP1, 3.6 (rounded to 4) out
of the possible 60 observations will be missing, approximately 7% of patient cycles,

again higher than that for the ICSDP.

The observed conditional P(DLT) at the TD is 30% lower for each cycle. This

suggests that the estimated TD will be higher than required. This reduction in

conditional probabilities corresponds to an overall P(DLT) equal to 22.8%, which is

less than 30% lower than 31.6%. The ICSDP and LRDP3 should be less biased than

the LRDP1.
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5.8.1

Results for Non-Informative Censoring

Results from the three procedures incorporating 10% non-informative censoring.

Design LRDP1 LRDP3 ICSDP
Variable TDzo No. of TD31‘6 No. of TD}],G No. of
Cohorts Cohorts Cohorts
Mean estimate 365.5 17.39 357.0 15.45 369.7 16.81
(2.5,97.5) (203.9, (224.9, (241.8,
percentiles of 592.6) 536.4) 556.6)
estimates
97.5/2.5 2.91 2.39 2.30
Min 3.6 1 1.3 1 190.0 8
Max 1199.1 20 836. 1 20 752.3
% in (TD%30%) 75.8 834 85.7
Precision | Safety ’\Igzx 67.7 1.0 | 31.3 1853 | 0.3 144 | 77.9 0.0 | 22.1

Table 5- 13: Results from 1000 trials, simulated by the ICS model and escalated with
the patient gain with 10% non-informative censoring. TD=366mg/m’.

Table 5-13 shows that the mean estimates for the TD are very similar to those in Table
5-8, suggesting that non-informative censoring is not affecting the analysis very much.

The precision of the estimates is slightly worse for the LRDPs and also the proportion

of estimates within a 30% limit of the true TD is also reduced. The trials are also

stopping less frequently for precision for all procedures, which is to be expected due

to a decreased amount of information. The average trial length is also slightly longer

for all procedures with the difference between the LRDP1 and ICSDP slightly

reduced.
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5.8.2  Results for Informative Censoring
Results from the three procedures with 10% informative censoring.

Design LRDP1 LRDP3 ICSDP
Variable TDyg No. of TD3; 6 No. of TD316 No. of
Cohorts Cohorts Cohorts
Mean estimate 455.0 16.76 431.8 15.12 457.3 14.73
(2.5,97.5) (254.9, (267.8, (292.3,
percentiles of 730.1) 627.6) 675.4)
estimates
97.5/2.5 2.86 2.34 2.31
Min 3.63 1 1.34 1 213.4 7
Max 12259 |20 946.0 10 1032.9 20
% in (TD+30%) 58.0 67.2 58.3
Precision | Safety "N"z" 7571 02 (2411879 | 03 | 11.8 | 88.7 0 11.3

Table 5- 14: Results from 1000 trials, simulated by the ICS model and escalated with
the patient gain with 10% informative censoring. TD=366mg/m’.

The mean estimates of the TD are now much worse than observed in Table 5-7. They
are a lot larger than they should be and this is due to the fact that approximately one
third of all DLTs that should occur are not observed. This then decreases the hazard
associated with the drug and a higher dose appears to be tolerated at the TTL. The
proportion of estimated TDs within a 30% limit of the true TD is also reduced since
the point estimates are generally much higher. These differences are consistent across
procedures, suggesting that informative censoring is not more of a problem for any
one procedure. A comparison of the actual procedures still maintains that the ICSDP
produces comparable results with the LRDP1 but has greater precision and finishes in

a much shorter period of time, with trials stopping for precision more frequently.

5.9 The effect of incorrect assumptions in the trial design

To investigate the ICSDP in a more challenging setting, and perhaps a more realistic
scenario, some of the underlying assumptions can be tested. The main assumption for
the data generation is that, at the true target dose, the probability of a DLT halves

conditionally for successive cycles. Currently this is reflected in the procedure through
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the implementation of the pseudo data and also through defining the TD as the
TD31.6. 31.6% is calculated from combining my 366 = 0.2,75 346 = 0.1 and 73 3¢ =
0.05 which is a direct result of the halving property. In reality the data may occur with

this property but it cannot be predicted.

A further investigation is to be conducted where the ICSDP looks for a TD
corresponding to a different level of toxicity despite the data being generated with the
target dose of 366mg/m? and the conditional probabilities halving over cycles. This
data generation method implies that the TD of 366mg/m? corresponds to a TTL of

31.6%.

When the conditional probabilities are mis-specified in the design phase, the
procedure will be initiated with incorrect assumptions and a dose that is not

necessarily the true TD will be investigated.

Table 5-15 shows the unconditional probabilities in the data generation model at the
TD and compares to some alternative values that may be assumed when designing the

trial. The reason for the choice of values will be given in the section 5.9.1, 5.9.2.

Prpa™ %, Prp2s T Prpss Typs Prp(e;)=TTL
Data 0.2 0.08, 0.1 0.036, 0.05 0.316
Generation
Trial Design 1 0.2 0.09, 0.1125 0.04, 0.0563 0.33
Trial Design 2 0.15 0.128,0.15 0.108, 0.15 0.386

Table 5- 15: Possible probability differences

Table 5-15 shows that when mis-specifying the assumptions based on how the
P(DLT) changes over cycles can dramatically change the target toxicity level
investigated. This is reiterated when looking at the range within 30% of the true TD.

For a TTL of 31.6, the TD=366 mg/m* and 30%+ 77D =(256,476). For a TTL of
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33%, the TD=380 mg/m2 and the 30% range is (266,494). For a TTL of 38%, the
TD=435 mg/m” and the 30% range is (304,566). While the 30% range for the TD38
still contains the TD31.6 (366mg/m?), it now doesn’t contain the lower quartile of the
30% range associated with the TD31.6, so doses that would still be clinically
meaningful would not be if the wrong TTL were investigated.

5.9.1 Investigating a TD33

The first scenario is Table 5-15 shows the assumptions that lead to a study
investigating a TD33. A 33% chance of DLT is a simple choice of probability to
investigate, since in rule-based dose-finding studies it is often a dose corresponding to
1/3 chance of DLT that has traditionally been investigated. Based on the true data
generation parameters the dose that corresponds to a TTL of 33% is 380. The ICSDP
should be able to estimate doses from the entire dose-response relationship so the test

will be whether the estimated TD corresponds to the true TD33 of 380.

The error in assumptions will have most effect on the estimation of the TD33 when
setting up the pseudo-data. The TD33 can be split into unconditional probabilities of
20% for the first cycle, 9% for the second cycle and 4% in the third cycle. This then
corresponds to the conditional probabilities of m; = 0.2,m, = 0.1125 and 13 =

0.0563 and the pseudo data will be presented as shown in Table 5-16.

Dosed,) o oy Ko = o
ICSDP d,,cycle 1 0.2 3 0.6
TH=0.33 g oyele2 0.1125 24 0.27
d,,cycle 3 0.0563 2.13 0.1199
dy,»cycle 1 0.5 3 1.5
dy,»cycle 2 0.3098 1.5 0.4647
d,,» cycle 3 0.1647 1.0353 0.1705

Table 5- 16: Pseudo-data for a procedure looking for the TD33.
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The results for this procedure are shown in Table 5-17. Here the clinically relevant

range based on 30% of the true TD (TTD=380) is (266,494).

Design ICSDP
Variable TDs; No. of
Cohorts
Mean estimate 395.5 14.18
(2.5,97.5) (276 .4,
percentiles of 587.7)
estimates
97.5/2.5 2.13
Min 257.17 8
Max 802.2 20
% in (TD+30%) 88.0
Precision Safety I\I\/izx 93.0 0.0 7.0

Table 5- 17: 100 simulations investigating a TD33. TD=380mg/m’.

The true TD33 is 380, and the estimate here after just 100 simulations is very good.
The precision of this estimate is also very good. A very high proportion of trials stop
for precision with a high proportion of trials estimating within the clinically relevant
range.

5.9.2 Investigating a TD38.6

The true target dose of 380 and the TTL of 33% is very similar to that for the TD31.6
so an even larger deviation can be considered which corresponds to completely
incorrect assumptions such as a constant conditional probability of DLT over cycles.
The assumption of a non-decreasing chance of DLT over cycles may be implemented
where m; = 0.15 = m, = m5. As shown in Table 5-15, this corresponds to an overall
TTL of 0.386. Based on the true data generation model, the dose corresponding to this

TTL is 435mg/m’. The pseudo data is then as shown in Table 5-18.
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Dosed,, a 0 Eot =My
ICSDP d,,,cycle 1 0.15 3 0.45
TIL=0.386 = ycle 2 0.15 2.55 0.3825
d,,,cycle 3 0.15 2.1675 0.3251
dy,»cycle 1 0.5 3 1.5
d,,» cycle 2 0.5 15 0.75
2/ cycle 3 0.5 0.75 0.375

Table 5- 18: Pseudo-data for procedure looking for TD38.6.

The results for this procedure are shown in Table 5-19. Here the clinically relevant

range based on 30% of the true TD (TTD=435) is (304,566).

Design ICSDP
Variable TD33.6 No. of
Cohorts
Mean estimate 432.8 11.34
(2.5, 97.5) (268.0,
percentiles of 608.3)
estimates
97.5/2.5 2.27
Min 20.2 2
Max 792.6 20
% in (TD£30%) 89.0
Precision | Safety I\T:Ifzx 93.0 6.0 1.0

Table 5- 19: 100 simulations investigating a TD38.6. TD=435mg/m’.

Compared to the true TD of 435, this estimate is again produced very well with just

100 simulations. The precision of the estimate and the proportion of estimates in the

clinically relevant range is again very good. Although there are a high proportion of

trials stopping for precision here, there is also a noticeable amount of trials stopping

for safety. This is to be expected, since the safety stopping rule dictates that if the dose

to be administered is >0.44, the trial should stop for safety. Compared to 31.6% and

33%, p>0.44 is quite far away from the TTL (>11%), however compared to this

procedure it is only just over 5% away from the TTL. Therefore repeating the

procedure with a slightly higher safety probability should be recommended. The
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safety probability is set to 0.5 now since this is again just greater than 11% from the
TTL of 38.6% so a more comparable procedure should be produced. These results are

shown in Table 5-20.

Design ICSDP
Variable TD3; 6 No. of
Cohorts
Mean estimate 435.2 11.52
2.5,97.5) (284.6,
percentiles of 608.3)
estimates
97.5/2.5 2.14
Min 252.7 7
Max 728.4 20
% in (TD£30%) 89.0
Precision Safety Max 98.0 _ 2.0
No.
Table 5- 20: 100 simulations investigating a TD38.6 with safety stopping rule p=0.5.
TD=435mg/m>.

The estimates here are much improved with better precision and no occurrences of

stopping for safety.

In all of these additional procedures, the expected number of cohorts required is less
than for the TD31.6 and the estimates seem to be produced better with increased
precision. This is to be expected with procedures analysing binary observations since
a probability closer to 0.5 is closer to the expected value of the binary endpoint. All
observations of 0 (no DLT) and 1 (DLT) therefore have more of an equal contribution
to the estimation of a dose corresponding to the TTL, so there is a maximal use of the

information in the analysis of the data.

5.10 Conclusions

The best estimate of the target dose is generally produced the LRDP1 or the ICSDP

and are within 30% of the true TD most often for the ICSDP.
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However, in all possible circumstances, the ICSDP requires fewer cohorts than the
LRDP1 and therefore is a shorter procedure. The LRDP3 always requires the fewest
number of patients but due to the nature of having to wait for each cohort to finish 3
cycles of therapy before escalating, these designs will always take the longest to

conduct.

The trials stop for precision most often for the ICSDP. The occurrences of safety
stopping occur increasingly for the LRDPs as the data generation method deviates
further from the analysis method. This is particularly true for the LRDP1 whereas this

hardly ever occurs for the ICSDP.

The ICSDP is the most robust design, as determined as a compromise of good
estimation of the TD and few cohorts, and has shown consistent results which are
largely invariant to misspecification of the data generation model. It combines the
benefits of both of the other designs by using all cycles so requiring less patients, and
also escalating after every 1 cycle so the length of these trials are generally shorter
with the same number of cycles as cohorts. The estimates are usually very good, if not
the best of the three designs, and are generally produced with the best precision. It

seems therefore that the best design of the three is the escalation by the ICSDP.

The patient gain function is the most ethical gain function to use in the setting of dose-
finding trials in cancer treatments. Further gain functions will be explored for the
ICSDP in Chapter 6 to investigate whether using the patient gain due to ethics is
detrimental to the estimation of the TD. Chapter 6 will also investigate the

incorporation of intra-patient dose adjustments into the ICSDP.
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The ICSDP can also produce good estimates of target doses corresponding to different

TTLs even when the assumptions are mis-specified and implemented in the pseudo-

data.
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6. Simple variations on the ICSDP

Chapter 5 showed the efficiency and effectiveness of using the ICS model within a
Bayesian Decision Procedure. The realistic use of the procedure in the cancer setting
is to use the patient gain function since it is ethical to treat cancer patients (who are
usually the subjects in dose-finding trials for cancer therapies), however there are
other gain functions that could be considered. The first part of this chapter will
investigate the use of some other gain functions, to see whether restricting the
procedure to the use of the patient gain is actually detrimental to the overall

procedure.

Furthermore, an attraction of the ICSDP is that analysing data at the end of every
cycle not only allows dose escalations to proceed as fast as when only one cycle of
therapy is observed, but may also allow the opportunity for patients to change doses
between cycles. This should prevent extended exposure to under/overdosing, since
doses can change to what is currently believed to be the TD rather than what was
believed when less information was known. This may also allow quicker convergence
to the final determined TD estimate since the dosing will become more targeted. The
second part of this chapter investigates utilising intra-patient adjustments within the
standard ICSDP with the patient gain to investigate whether estimation of the TD can
be improved upon.

6.1 Investigating the use of the variance gain function

The variance gain function discussed by Whitehead and Brunier [9] and described in

section 4.3 of this thesis is defined as:

1
var(log (1D, )) I

g&wn =
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where TD\}7) is the estimate of the TD corresponding to the TTL after the i*

observation, incorporating a set of doses J that can be administered to the next
cohort. This set can consist of different dose levels for each patient in a cohort, as a
combination may reduce the variance the most. The combination that minimises the
variance of the estimated log(TD) given the current parameter estimates, and therefore

maximises this gain, is administered.

The variance term calculated for this gain function is the expected asymptotic variance

of the estimate of log (T DS/ )) after i observations. This involves using the delta

method as described in Chapters 2.2.3 and 4.3.

var(log(TD,}fl’ )) =V (log(7TD,, ))T 1, (9)V (log(TD,, ), 6.1)

where I, is the Expected Information Matrix found from twice differentiating the log-

likelihood with respect to each parameter and taking the expectation of each element

of the matrix. @ is the vector of parameters used in each procedure. For the LRDPs it
consists of @, or a, and f, for the ICSDP it is 8,y,,7,and y,. The derivation of the

asymptotic variance for the LRDP is given in [14]. This expected asymptotic variance
uses the expected observations for the set of doses J with the current estimates of the
parameters, along with the observed observations so far in the likelihood, to determine
which set of doses would reduce the variance the most. The set of doses that reduces

the expected asymptotic variance the most is administered to the next cohort.

The same set of simulation studies as described in section 5.2-5.5 are repeated here
with the variance gain function used for escalation rather than the patient gain
function. Data is generated from the PO model, the ICS model and the PO model with

dose as a covariate (rather than log(dose)).
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The pseudo-data also remains the same as described in Chapter 5. Since the variance
gain function does not necessarily lead to the lowest dose being administered to all
patients in the first cohort, the first cohort is forced to receive the lowest dose for
safety reasons, and the pseudo-data is subsequently used to control how quickly the

escalation proceeds to the estimated TD.

The same stopping criteria are also implemented. The procedure will continue until
either a precision rule is achieved (the ratio of the exponentiated asymptotic credible
interval limits for the estimate of log(TD) is <R, R=4), a safety rule is breached
(P(DLT)>0.44 for the procedures with 3 cycles, P(DLT)>0.3 for the LRDP1) for a
dose selected to administer) or the maximum number of patients have been recruited
(20 cohorts=60 patients). The asymptotic credible interval is that obtained from the
observed asymptotic variance of log(TD). That is the observed asymptotic variance
obtained by using the delta method (as in Chapter 4.4) with current estimates of the
parameters and using just the observed data from the trial so far in the likelihood,

including the pseudo-data.

Once the procedure has ceased due to one of the stopping criteria, the estimated TD is
outputted along with the number of cohorts required to achieve it, and the stopping
reason. For all of the simulated trials, the average estimated TD is produced along
with a reference range displaying the 2.5™ and 97.5" percentiles of the estimated TDs
from all of the simulations, and the ratio of the 97.5" percentile to the 2.5" percentile
is calculated to show the precision of the estimates. The proportion of trials producing

an estimated TD within a clinically meaningful range of the True TD (77D +30%) is

then displayed along with the percentage of trials stopping for each criterion.
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Since the use of the variance gain is not particularly ethical due to the focus on

estimating the dose-response relationship rather than dosing patients at the believed

target dose, and this investigation is being conducted for information purposes, only

100 simulations have been conducted. This should highlight any major differences

between the procedures, but the precision of the estimates may not be quite as good.

6.1.1 Generation by the Proportional 0dds model with log(dose)
Results for the LRDP1, LRDP3 and ICSDP when the data is generated by the

Proportional Odds model with log(dose) as a covariate is shown in Table 6-1.

Design LRDP1 LRDP3 ICSDP
Variable TDsg No. of TD3 ¢ No. of TD316 No. of
Cohorts Cohorts Cohorts
Mean estimate 204.3 2.84 287.3 6.66 153.6 1
(2.5, 97.5) (142.8, (135.3, (24 .4,
percentiles of 242.7) 469.1) 160.4)
estimates
97.5/2.5 1.70 3.47 6.58
Min 142.8 2 1.3 1 24.4 1
Max 268.6 15 563.3 17 160.4 1
% in (TD+30%) 2.0 50.0 0.0
Precision | Safety ’L‘z" 1.0 199.0| 0.0 | 280|720 | 0.0 0.0 | 1000 | 0.0

Table 6- 1: Results from 100 trials, simulated by the PO model and escalated with the
variance gain. TD=366mg/m’.

Table 6-1 shows that when the data are generated by the PO model with log(dose), the
TD estimates are very poor for all procedures, particularly for the ICSDP. The LRDP3
produces the best result and stops for precision 28% of the time, but stopped for safety
in the remaining trials. The average number of cohorts is also extremely low with the
majority, or all in the case of the ICSDP, of the trials stopping for safety after the first
cohort has been observed since the doses selected for the second cohort were deemed
to be unsafe. This explains why the mean trial length and the mean TD estimate are so
small, as very few of the trials lasted long enough trial to obtain a sensible estimate
since they stopped for safety very early. The precision measured by the ratio of the
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97.5/2.5 percentiles is not particularly useful here since the estimates are so

underestimated due to early stopping.

The asymptotic variance is reduced the most when high and low doses are

administered. This explains why the majority of trials stopped for safety since very

high doses would have been attempted to be administered. It can also be assumed that

for trials that did not stop for safety, only very low doses were administered in order

to obtain as much information about the model and produce good estimates.

In order to investigate this further, the same results were looked at with all the trials

that were stopped for safety removed. The results are shown in Table 6-2.

Design LRDP1 LRDP3 ICSDP
Variable TDyo No. of TD3; 6 No. of TD3; 6 No. of
Cohorts Cohorts Cohorts
n 1 28 0
Mean estimate 213.9 15 353.3 11.43 - -
(2.5,97.5) - (220.5, -
percentiles of 501.2)
estimates
97.5/2.5 2.27
Min 213.9 15 220.5 8 - -
Max 2139 15 563.3 17 - -
% in (TD+30%) 0.0 85.7 -

Table 6- 2: Results from 100 trials simulated by the PO model and escalated with the
variance gain without trials stopped for safety. TD=366mg/m’.

The only interpretable results here are for the LRDP3. Here the estimated TD and its

precision, along with the proportion of trials within a clinically meaningful range and

the average number of cohorts is much better and very comparable to those obtained

in Chapter 5, in Table 5-7. However there are still very few simulations contributing

to this summary.
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To make the use of the variance gain more appropriate it can be utilised in such a way

that only doses that produce probabilities of toxicity (according to the current model)

that are below the safety threshold are part of the set for the variance gain to choose

from. The corresponding results from that simulation are shown in Table 6-3.

Design LRDP1 LRDP3 ICSDP
Variable TD>g No. of TDs16 No. of TD316 No. of
Cohorts Cohorts Cohorts
Mean estimate 350.8 15.08 344.6 12.66 353.8 14.16
(2.5,97.5) (224 4, (208 .4, (192.2,
percentiles of 551.0) 581.9) 532.0)
estimates
97.5/2.5 2.46 2.79 2.77
Min 202.7 9 1.3 1 178.7 9
Max 616.6 20 584.2 20 627.1 20
% in (TD+30%) 81 82 87
Precision Safety I\N/lzx 89 0 11 98 1 1 98 0 2

Table 6- 3: Results from 100 trials, simulated by the PO model and escalated with the
variance gain for permissible doses. TD=366mg/m".

All of the estimates are slightly underestimated when compared to the corresponding
procedures with the patient gain, shown in chapter S5, Table 5-7. This can be put down
to the fact that a restriction is imposed on the choice of doses but it is not necessarily
the dose closest to the believed TD that is selected. The dose selected is from the
restricted set but maximises the information, so is likely to be from the low end of the

range. Little information about higher doses is therefore obtained so the estimation of

the TD is skewed to the lower doses. The precision of all estimates is slightly worse

also. The average number of cohorts required is slightly lower for all procedures and

the proportion of trials stopping for precision is increased for all.

There is also an instance here where the safety rule is used in the LRDP3 despite the

variance gain being only for permissible doses. In this case, an event occurred at the

lowest dose in cycle 3 for a patient in cohort 1. This caused the estimated TD to be
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very low and the estimated probability of a DLT was over the safety threshold for
even the lowest dose. Therefore, no dose was permissible and the safety rule stopped
the trial. This DLT did not affect the other procedures since it was not observed in the
LRDP1, and the ICSDP had a lot more information obtained at the time of this event,
so the impact was limited to one cycle for that patient, rather than all the information

for that patient.

The distribution of doses recommended at the end of the trial is shown in Figure 6-1.
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Figure 6- 1: Distribution of recommended doses for different procedures when the
data is generated by the PO model with log(dose), a) LRDP1, b) LRDP3, ¢) ICSDP.
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Figure 6-1 cont.: Distribution of recommended doses for different procedures when
the data is generated by the PO model with log(dose), a) LRDP1, b) LRDP3, ¢)
ICSDP.
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The number of recommended doses is much more clustered around the true TD of 366

for the ICSDP than for the other two procedures.

6.1.2 Generated by the Interval-Censored Survival model
Results for the three procedures when the data are generated by the ICS model are

shown in Table 6-4.

Design LRDP1 LRDP3 ICSDP
Variable TDyg No. of TD316 No. of TDs6 No. of
Cohorts Cohorts Cohorts
Mean estimate 2034 32 271.6 6.16 155.0 1
(2.5,97.5) (142.8, (135.0, (244,
percentiles of 260.4) 479.4) 160.4)
estimates
97.5/2.5 1.82 3.56 6.58
Min 142.8 2 114.5 3 244 1
Max 268.8 13 509.9 14 160.4 1
% in (TD%30%) 4 36 0
Precision | Safety "132" 0 100 0 25 75 0 0 100 0

Table 6- 4: Results from 100 trials, simulated by the ICS model and escalated with the
variance gain. TD=366mg/m"’,

Table 6-4 shows the results when the data is generated from the ICS model. Removing

the trials that were stopped due to the safety rule is shown in Table 6-5.

Design LRDP1 LRDP3 ICSDP
Variable TD20 No. of TD31_6 No. of TD31,6 No. of
Cohorts Cohorts Cohorts
n 0 25 0
Mean estimate - - 294.7 10.52 155.0 1
2.5,97.5) - (201.9, (24 .4,
percentiles of 402.4) 160.4)
estimates
97.5/2.5 1.99 6.58
Min - - 201.9 8 24.4 1
Max - - 402.4 14 160.4 1
% in (TD=%30%) - 60.0 0

Table 6- 5: Results from 100 trials, simulated by the ICS model and escalated with the
variance gain without trials stopped by the safety rule.
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Again the results are only interpretable for the LRDP3 which are more comparable to

the patient gain, as shown in Chapter 5, Table 5-8. These are slightly worse than in

Table 6-2 since there is the added discrepancy between the data generation and

analysis models.

The results of investigating the variance gain but for permissible doses only are shown

in Table 6-6.
Design LRDP1 LRDP3 ICSDP
Variable TDyg No. of TDs 6 No. of TD3y ¢ No. of
Cohorts Cohorts Cohorts
Mean estimate 346.2 15.11 336.5 11.79 346.4 13.30
(2.5,97.5) (181.8, (203.6, (214.8,
percentiles of 523.4) 528.6) 515.2)
estimates
97.5/2.5 2.88 2.60 2.40
Min 159.7 9 199.6 8 191.7 9
Max 616.6 20 605.4 20 590.0 20
% in (TD+30%) 75.0 67.0 87.0
Precision | Safety 1‘132" 84 0 16 99 0 1 98 0 2

Table 6- 6: Results from 100 trials, simulated by the ICS model and escalated with the
variance gain for permissible doses. TD=366mg/m>.

These results are once again comparable to those obtained in Table 6-3. All TD

estimates are better than with the traditional variance gain but are underestimated

when compared to the patient gain (Table 5-8) due to the restricted choice of doses for

administration. Compared to Table 5-8, the precision is again worse. The average

number of cohorts is less for all procedures with a higher proportion of trials stopping

for precision, apart from for the LRDP1.

The distribution of the recommended doses is shown in Figure 6-2.
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Figure 6- 2: Distribution of dose recommendations for different procedure when the
data is generated by the ICS model, a) LRDP1, b) LRDP3, ¢) ICSDP.
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Figure 6-2 cont.: Distribution of dose recommendations for different procedure when
the data is generated by the ICS model, a) LRDP1, b) LRDP3, ¢) ICSDP.

Once again, the number of recommended doses is more variable with the LRDPs than
with the ICSDP. The ICSDP is much more clustered around the two doses closest to

the true TD of 366.

6.1.3 Variations ofthe variance gain
This section considers how the variance gain function would perform when not

restricted by the safety rule. Some further investigation into the use of the variance

gain for permissible doses is also conducted.

Tables 6-7 and 6-8 show the results obtained when the data is simulated by the PO and

ICS models respectively.
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Design LRDP1 LRDP3 ICSDP
Variable TDyg No. of TD3 6 No. of TD3; 6 No. of
Cohorts Cohorts Cohorts
Mean estimate 361.6 14.22 343.6 11.9 330.4 19.77
(2.5,97.5) (208 .4, (185.7, (192.1,
percentiles of 529.2) 506.0) 502.2)
estimates
97.5/2.5 2.54 2.73 2.61
Min 185.6 9 174.3 8 176.3 14
Max 819.6 20 556.6 20 576.6 20
% in (TD+30%) 75 79 66
Precision | Safety ":13" 100 0 0 100 0 0 8 0 92

Table 6- 7: Results from 100 trials, simulated by the PO model and escalated with the
unrestricted variance gain. TD=366mg/m”.

Design LRDP1 LRDP3 ICSDP
Variable TDzo No. of TD3|_(, No. of TD31,6 No. of
Cohorts Cohorts Cohorts
Mean estimate 348.2 14.19 336.0 11.36 316.4 14.16
2.5,97.5) (200.1, (206.8, (181.1,
percentiles of 538.9) 511.5) 528.3)
estimates
97.5/2.5 2.69 2.47 2.92
Min 127.7 8 149.9 8 174.6 8
Max 629.0 20 594.5 20 655.5 20
% in (TD130%) 77.5 80.3 53
Precision | Safety "133" 100 0 0 100 0 0 98 0 2

Table 6- 8: Results from 100 trials, simulated by the ICS model and escalated with the
unrestricted variance gain. TD=366mg/m’.

The TD estimates produced by the unrestricted variance gain are clearly much better
than when the variance gain was used with the safety stopping rule. The estimates are
closer to the true TD with reasonable precision. The ICSDP does not perform as well
here. The estimates are lower than the other procedures with fewest estimates within
the 30% limit of the true TD. When the data is generated by the PO model, the
required number of cohorts is very large for the ICSDP and the majority of trials stop
for reaching the maximum number. This is largely down to the fact that the precision

stopping rule is based on the asymptotic variance of the log(TD) estimate, which
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depends very heavily on the data obtained so far for the ICS model, including the
occurrence of DLTs, which the asymptotic variance for the PO model does not. When
the data is generated from a different model, the observations do not necessarily occur
in accordance with the predicted probability of the event. The variance includes the
occurrence of toxicities and the estimated probability of DLT, when there is
discordance between the two values, the variance does not reduce as quickly. When
the data generation model does match, more data contributes to the variance
calculation in accordance with the expected probabilities estimated by the model. The
LRDP1 produces very reasonable results, albeit not as good as those obtained when

using the patient gain (chapter 5, Table 5-7, 5-8).

The main issue with the unrestricted gain function is that it is unethical to allow a
procedure to solely dictate which doses are administered to patients. In order to see
why this escalation procedure is not ethical, one of the simulation trials can be
considered in detail. Table 6-9 shows the dose recommendations for cohort 2 together
with the probability of toxicity estimated after the observations of cohort 1 are
obtained. Different doses are administered in some cases to the patients within the
same cohort since the variance gain allows a combination of different dose levels to be

administered if it should reduce the variance more.

LRDP1, Cohort2 | LRDP3, Cohort2 | ICSDP, Cohort 2
Patient 4 d=1400, p=485 d=945, p=0.593 d=120, p=0.280
Patient 5 d=1400, p=0.485 d=945, p=0.593 d=630, p=0.526
Patient 6 d=1700, p=0.500 d=945, p=0.593 d=1700, p=0.704

Table 6- 9: Dose administrations recommended for cohort 2 when escalated by the
unrestricted variance gain and simulated by the ICS model.

The number of times each dose is allocated as well as how early in the trial each dose

is administered for the first time is shown in Table 6-10 as found from both LRDPs

and the ICSDP escalations.
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Number of patients receiving dose

Earliest this dose is seen

Dose LRDPI, precision LRDP3, precision ICSDP, precision
achieved after cohort 8 | achieved after cohort 9 | achieved after cohort 20
60 - - 16
Cohort 5
120 - - 2
Cohort 2
200 3 1 1
Cohort 2 Cohort 2 Cohort 3
300 3 6 2
Cohort 5 Cohort2 Cohort 5
420 6 8 7
Cohort 3 Cohort 7 Cohort 7
630 6 3 9
Cohort 3 Cohort 5 Cohort 2
945 - 3 L
Cohort 3 Cohort 3
1400 2 3 15
Cohort 4 Cohort 6 Cohort 6
1700 1 - 4
Cohort 4 Cohort 2

Table 6- 10: Administration of doses in one simulated trial (escalated with the
unrestricted variance gain and data generated by the ICS model) when the safety rule
is not used, excluding cohort 1 and pseudo-data.

As expected, the variance gain is exploring very high doses very early on in the

escalation procedure in order to obtain more information about the model. This is

particularly evident with the ICSDP, where patient 6 (in cohort 2) is given the highest

dose possible and some of the middle doses, are rarely explored, particularly 300. The

reason this was more extreme in this case is because of the extra terms in the

asymptotic variance function which depend directly on the number of toxic events and

the probability of toxicity for different doses. Very high and low doses minimise the

variance so these are the doses chosen most often (dose 60 is chosen 16 times and

1400, 15 times). This also explains the reasoning for the increased number of cohorts
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required to complete the trial. Since fewer doses are chosen for exploration, more
patients on the high and low doses are needed to produce the precision of results

required.

With the LRDPs, one of the doses near the true TD is explored quite early, but the
other is not until some time later in the escalation procedure (in the LRDP1 dose 420
is seen in cohort 3 but dose 300 is not seen until cohort 5, in the LRDP3 dose 300 is
seen in cohort 2 but dose 420 is not seen until cohort 7). Clearly the administration of
overly toxic doses so early on in the procedure is not ethical, particularly when the

safety of the drug is not known at all and the purpose is to determine the TD safely.

So although the overall output from the trial is quite insightful, the trial is unethical.
The trial also depends greatly on the model and few doses are explored around the
true TD. This dependence would not be popular with clinicians as it eliminates the
need for adapting doses to specific patient needs, particularly when a DLT might
occur. The unrestricted variance gain function appears to work better for the LRDPs

than the ICSDP, but the ethics are still unacceptable, regardless of what model is used.

The variance gain for permissible doses only, which allows the variance gain to only
choose between doses that are deemed to be safe (as shown in Tables 6-3 and 6-6),
provides much better results than using the variance gain alone (Tables 6-1 and 6-4).
In reality, this is the way the variance gain would most likely be used since, as shown,
it is neither safe nor ethical to allow a procedure to administer unsafe doses to
extremely ill patients (since patients in dose-finding trials for cancer treatments are
actual cancer patients). Although the TD estimates using the restricted variance gain
(for permissible doses only) are better than those obtained by the original variance

gain, they are not better than those obtained from using the patient gain (Tables 5-7, 5-
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8) since they are further from the true TD and have greater variability. The required
number of cohorts is generally slightly less however, and the proportion of trials
stopping for precision is generally increased. One could maintain however that the
idea of allocating doses that are not necessarily closest to the currently believed TD is
still not ethical, despite the fact that all doses are now believed to not be toxic. In
particular, as seen in the unrestricted variance gain, the procedure chooses doses at
either end of the dose range more frequently to increase information about the dose
response relationship. This is still true for the restricted dose range, so the dose levels
near the target dose are still less likely to be administered than the lowest dose level

and highest safe dose level.

One of the main attractions of using the variance gain is that the variance of the
estimated TD should be reduced since the range of doses administered is larger.
However this benefit is not particularly seen here. There could however be some issue
with the way the precision is determined in each method (patient gain and variance
gain for permissible doses) and whether it is valid to directly compare the two. With
the variance gain, the precision (directly related to the asymptotic variance) is much
better earlier on, after multiple administrations of one particular dose are observed and
when doses at either end of the dose range are administered. The precision may then
seem to be at the required level to cease the escalation, but the trial may actually not
have had enough time to converge to a reasonable estimate and may also not have
actually administered a dose near to the estimate it is producing. Also, in the restricted
variance gain, there are much fewer doses for the procedure to choose between, so all
contributions to the variance calculation are much more concentrated around a few

doses and therefore reduction of the variance occurs much quicker.
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In order to compare the results from the patient gain function and the variance gain

function for permissible doses better, the same (average) number of cohorts that was

observed when escalating with the patient gain for each procedure, is used as a

stopping rule for the variance gain function for permissible doses instead of the

precision rule. That is, when the trial reaches the same number of cohorts as was seen

to be the average for the results by the patient gain function (as in Table 5-7), the trial

will stop and estimate the TD then. Whether the ratio of the CI falls below a certain

level (R<4) by the time the trial reaches the specified cohort will be recorded. The

average estimate of the TD can then be computed and compared to the results of the

patient gain. These results are shown in Table 6.11 where the data is simulated by

both the PO model and the ICS model.

Design LRDP1 LRDP3 ICSDP
Variable TD20 No. of TD31,6 No. of TD31‘6 No. of
Cohorts Cohorts Cohorts
Mean estimate 3424 17 346.0 15 342.5 15
(2.5,97.5) (220.3, (199.4, (164.1,
percentiles of 531.6) 508.3) 528.7)
estimates
97.5/2.5 2.41 2.55 3.22
Min 166.1 183.1 130.8
Max 546.0 591.7 583.3
% in (TD%30%) 84 91 77
% with R<4 74 82 56

Table 6- 11: Results from 100 trials, simulated by the PO model and escalated with
the variance gain for permissible doses, until the same average number of cohorts as
in the patient gain (Table 5-7) have been recruited.

Compared to Table 6-3, the LRDPs produce similar estimates of the TD but with
better precision and a higher proportion of trials obtaining a TD within a 30% limit of
the true TD. The proportion of trials achieving precision by this cohort is still quite
high, although not as high as in Table 6-3. The ICSDP produces similar estimates here

to the LRDP designs and also to the ICSDP in Table 6-3, but with worse precision and
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the proportion of trials estimating a TD in a 30% limit of the true TD is smaller than in
Table 6-3. The proportion of trials achieving precision at this cohort is less than that
for the LRDPs, and also substantially smaller than the number of trials stopping for

precision in Table 6-3.

Design LRDP1 LRDP3 ICSDP
Variable TDzo No. of TD31‘(, No. of TD31‘(, No. of
Cohorts Cohorts Cohorts
Mean estimate 342.9 17 335.6 15 301.4 14.96
(2.5,97.5) (192.3, (209.7, (175.6,
percentiles of 493.6) 471.8) 486.0)
estimates
97.5/2.5 2.57 2.25 2.77
Min 181.1 184.5 170.2 11
Max 544.5 601.0 560.1 15
% in (TD+30%) 81 85 67
% with R<4 71 88 72
% safety stops 0 0 1

Table 6- 12: Results from 100 trials, simulated by the ICS model and escalated with
the variance gain for permissible doses until the same average number of cohorts as in
the patient gain (Table 5-8) have been recruited.

When simulating by the ICS model, the results are similar to those in Table 6-11. The
ICSDP is noticeably worse here when compared to Table 6-6. There is one occurrence
here of a safety stop which explains why the estimate is quite obviously smaller.
There is however, still a high proportion of trials achieving precision at the specified
cohort for all procedures, however it is not as high as for the number of trials stopping
for precision in Table 6-6. In each procedure, the average number of cohorts required
to achieve precision for the variance gain with permissible doses (Table 6-6) was
lower than the cohort this investigation forced the escalation to continue to, with a
very high proportion of trials stopping for precision. By forcing the procedures to
continue for longer allows the procedure to experiment with more doses, so the
variance has the ability to increase again. The estimates are worse when forced to

continue and precision is not concluded as frequently. When comparing these results
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to those found when escalating with the patient gain alone (Table 5-8), the results are

still not as good.

It seems then that the idea that the precision criterion is different for the patient and
variance gain escalations may not actually be an issue. Although the variance gain
seems to allow trials to stop earlier than the patient gain due to the direct link between
the gain function and the precision criterion, forcing trials to continue for longer

actually causes a detrimental effect to the estimates of the TD.

6.1.4 Conclusions
When using the simple variance gain, the LRDP3 produces the best estimates of the

TD, which is better when the analysis model matches the data generation model.
However, the variance gain produces very poor estimates and causes early termination
of the trial very often due to trying to administer overly toxic doses, the trials that are
not stopped for safety reasons generally administer very low doses. Administering
very low doses in order to estimate the TD is not an ethical approach. Although toxic
doses are not administered, administering sub-therapeutic doses is still not
appropriate. Looking at an unrestricted variance gain increases understanding in this
procedure but is unethical to use. The estimates are much better and more comparable
to those obtained from the patient gain but with obviously fewer number of cohorts
required to achieve them. Since the variance is derived from the likelihood function
for the model, it depends on the expected probability of toxicity for each dose. The
variance is therefore minimised when observations are obtained for doses with
particularly low and high probabilities of DLT since knowledge of the dose-response
relationship is required for the lower tail and therefore the upper tail too in order to
understand the full model. Very high doses are therefore allocated very early on in the

escalation procedure which is not at all ethical. Using a variance gain function for
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permissible doses only does combat the problem of stopping early for safety and also
produces more reasonable estimates of the TD, but these estimates are still not as good
as those obtained by using the patient gain. The precision of the estimates is not
particularly increased when using the variance gain which should be the main benefit
of using the variance gain. The main advantage is the reduction in cohorts required
and an increase in trials stopping for precision, however there is still the ethical

consideration that the doses administered aren’t the closest to the current estimated

TD.

When comparing the use of the precision criterion for the different gain functions, it
appears that the use of the variance gain does encourage trials to stop earlier. If these
trials are forced to continue for longer, the estimates are not as good, as the procedure
then begins to experiment with other doses in order to increase knowledge of the

model so the estimates of the TD become more variable.

The variance gain, and its variations, seems to perform better for the LRDPs so for the
ICSDP, it can be concluded to use the patient gain.

6.2 Incorporating intra-patient adjustments

The results from Chapter 5 show that incorporating as much information as possible
from later cycles of therapy aids the escalation procedure, with shortened trials while
maintaining the same level of precision of the estimated TDs. The patient gain is the
most ethical gain function to use in the setting of Phase I escalation trials where the
main interest is the safety profile of the drug. Furthermore, in section 6.1, the expected
benefits of using another gain function such as the variance gain (the benefits being
better precision of estimates) were unfounded and the allocation of doses that were not
currently believed to be closest to the true TD suggested that other variations on the

variance gain functions were not reasonable for use in the Phase I setting.
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Building upon these results, further investigation of the ICSDP is now conducted in
order to produce more ethical designs. Such designs may allow dose changes between
cycles, dependant on the occurrence or not of DLTs. In particular, results from
Chapter 5 suggest that more information, obtained sooner, produces a better escalation
procedure. A natural extension then is to incorporate intra-patient adjustments
(escalation/de-escalation), allowing the administered dose to be changed between
cycles in order to allocate a dose that is deemed most ethical to administer at the
current time. Rather than just starting new cohorts on the currently believed TD, all
patients still in the trial will change their dose between cycles to also be on the
currently believed TD. Theoretically, this should cause more patients to be treated at
the currently believed TD and would avoid excessive over/under-dosing. The main
issue with all patients being treated at the same dose is that the knowledge of the
model across the dose range may be more limited than previously, so one may expect
a trial to last longer than seen previously since it may take longer to achieve the
precision required to cease the trial. Despite this expected increase in the length of the
trial, the ethical nature of allowing patients to be treated at doses that are currently

believed to be the target doses is something that should be considered.

An intra-patient escalation procedure will be conducted using the ICSDP with the
patient gain and the results compared to the equivalent simulated trials from Chapter
5.

6.2.1 The ICSDP incorporating adjustments

To allow for the changing of doses between cycles, the existing simulated datasets as
generated by a PO model and also an ICS model in Chapter 5 were used. This was
done to again check the robustness of escalating according to an ICSDP. The PO

model with dose as a covariate is not used here since the extreme test of the ICSDP
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has been conducted in Chapter 5, so these comparisons are simply to provide slightly

more insight into the new procedure.

The pseudo-data is of the same form as in chapter 5 and the stopping criteria remain
the same. The precision rule, based on the ratio of the exponentiated asymptotic
credible interval limits of the estimate of log(TD) (R<4), the safety rule, P(DLT)>0.44
for the dose chosen to administer, or the maximum number of cohorts are recruited, 20

cohorts of 3 patients.

The gain function to decide which dose to administer to new cohorts reverts back to
the patient gain now. Despite the good performance of the restricted variance gain
function (for permissible doses only), the ethical consideration that the dose believed
to be closest to the true TD should be administered to patients is most important here.
The results from the using the patient gain were not inferior to those with the
restricted variance gain so there is no detrimental effect on estimation when using this
gain function. In fact the patient gain is now used between cycles too, to decide
whether doses administered in one cycle to a cohort should be changed for the next
cycle given the current estimates of the parameters. The use of the patient gain
function with the pseudo-data again forces the trial to administer dose 60 to the first
cohort, and cohort 1 is fixed to remain on dose 60 for safety purposes. Therefore,

intra-patient adjustments between cycles are first allowed when cohort 2 enter cycle 2.

The whole procedure is repeated 1000 times in order to obtain a mean estimate of the
TD as determined by the end of the trial, and a mean estimate of the length of the trial.
The precision of these estimates are investigated through looking at the reference
range, the 2.5" and 97.5™ percentiles, of the estimated TDs. Furthermore, the

proportion of trials that produced an estimate within +30% of the true TD (366mg/m?)
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which is (256.2,475.8), is recorded to consider how often the trial was estimating a

dose within a clinically defined balance of efficacy and safety. The proportion of trials
stopping for each criterion is also presented.

6.2.2  Results

The results for the ICSDP incorporating intra-patient adjustments are displayed in
Table 6-13 when the data is generated by the PO model or ICS model, along with the

corresponding results from Tables 5-5 and 5-6 without intra-patient adjustments.

Design with ICSDP ICSDP
adjustments PO sim. ICS sim.
Variable TD316 No. of TD316 No. of
Cohorts Cohorts
Mean estimate 408.2 14.78 404.5 14.99
(2.5, 97.5) percentiles | (254.0, (244.3,
of estimates 628.6) 629.1)
97.5/2.5 2.47 2.57
Min 190.3 7 2.7 7
Max 805.6 20 906.3 20
% in (TD+30%) 74.6 74.2
Precision | Safety "gj)" 723 | 183 | 94 | 729 | 17.1 10.0

Table 6- 13: Results from 1000 trials simulated by PO model or ICS model, escalated
with patient gain, allowing intra-patient adjustments and not. TD=366mg/m">.
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Design without ICSDP ICSDP
adjustment PO sim. ICS sim.
Variable TD3 6 No. of TD31 6 No. of
Cohorts Cohorts
Mean estimate 381.5 14.67 371.2 15.02
(2.5, 97.5) percentiles | (247.7, (243.2,
of estimates 575.3) 561.0)
97.5/2.5 2.32 2.31
Min 178.4 8 186.9 7
Max 742.2 20 690.4 20
% in (TD+30%) 83.0 85.5
Precision | Safety I‘I’fﬁ)" 9351 00 | 65194 | 0.0 9.6

Table 6-13 cont.: Results from 1000 trials simulated by PO model or ICS model,
escalated with patient gain, allowing intra-patient adjustments and not.
TD=366mg/m".

Allowing intra-patient adjustments results in worse estimates of the TD which are
overestimated. The precision of the estimates are also worse now. The proportion of
trials that produce an estimate within a 30% limit of the true TD is nearly 10% less
than before for both data generation models. The average trial length is quite
comparable however, but fewer trials stopped due to precision compared to before
with over 17% of trials for both data generation models now stopping for safety
reasons as opposed to none that stopped in the original procedures.

6.2.3 Investigation of Results

The decrease in precision of the estimated target doses is reasonable in this case since
fewer doses are being experimented with simultaneously. Since all patients in the trial
are on the same dose, fewer observations on different doses occur, allowing less

information to be obtained on the overall dose-response relationship.

The poor precision of the mean estimated TD needs some investigation. One would
think that assessing and adjusting patients’ doses more frequently would allow more

chance to get to the true TD. Figure 6-3 shows the distribution of estimated TDs for
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the ICSDP with intra-patient adjustments (blue) and without adjustments (red) when
data are generated from the PO model. Figure 6-4 shows the estimated TDs when the
data are generated from the ICS model. The dose values corresponding to 366+30%

are displayed for reference.

Distribution of estimated TD31.6, with intra-patient adjustments

-REC's6!ICV
mat
0 260 2« 280 2» JO  1» 1®  «8 5  « 6M ff0  S» 720 MO M 20
(CTSK2IHPOWT
Distribution of estimated TD31.6, without intra-patient adjustments
to m Jw t™M no *» 120 *o0 ««

(CChaMont

Figure 6- 3: Histograms to show the distribution of the estimated TDs when simulated
by PO model.

136



Distribution of estimated TD31.6, with intra-patient adjustments
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Figure 6- 4: Flistograms to show the distribution of the estimated TDs when simulated
by ICS model.

Figures 6-3 and 6-4 show some interesting features. Both histograms produced by the
escalation with no intra-patient adjustments are skewed further to the lower doses and
are also more concentrated around the true TD (366mg/m?2). This is particularly
evident when looking at the trials where the data was simulated by the ICS model. The
histograms produced from the intra-patient escalations show that the variability of the

estimated doses is quite high, with lower and higher doses being selected as the TD
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much more often. There is also not as much of a peak around the true TD (366mg/m2).
This therefore explains the precision issue. The minimum and maximum estimated
TDs are much more extreme and there is a wide range of frequently selected TDs in

the middle range of the doses. This results in lower precision.

Although the issue with the large variability of the estimates is understood, the issue
with the precision of the TD is not. It seems that the poor precision would be related to
the fact that many trials are stopping for safety reasons later in the trial. When looking
at the variance gain, trials usually stop for safety because multiple events have been
observed on low doses so no dose is deemed safe. This therefore causes the estimates
to be lower. The estimates produced here however are higher. This is because there
are fewer observations on low doses, since all patients escalate together. Therefore,
faster escalation to higher doses is permitted. If there are not many events occurring
during the multiple administrations of a higher dose then even higher doses are
suggested to be administered. This suggests that this estimate would be higher than it

should be. A closer look into one trial can investigate this further.

When the data was simulated by the ICS model, one particular study had an estimated
target dose of 640.944 which would have resulted in the dose 630 being recommended
for further investigation at Phase Il. The trial also stopped for precision reasons so it
was believed that this estimate was an accurate estimate of the target dose. The
required number of cohorts to achieve this estimate was just 11. Table 6-14 shows the

actual doses that were administered together with the number of DLTs observed.
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Cohort and Cycle Dose No. Patients No. DLTs

Cohort 1, Cycle 1,2,3 60 3 (9 observations) 0
Cohort 2, Cycle 1 200 3 0
Cohort 3, Cycle 1 300 3 0
Cohort 2, Cycle 2 300 3 0
Cohort 4, Cycle 1 420 3 1
Cobhort 3, Cycle 2 420 3 0
Cohort 2, Cycle 3 420 3 0
Cohort 5, Cycle 1 630 3 2
Cohort 4, Cycle 2 630 2 0
Cohort 3, Cycle 3 630 3 0
Cohort 6, Cycle 1 420 3 0
Cohort 5, Cycle 2 420 1 0
Cohort 4, Cycle 3 420 2 0
Cohort 7, Cycle 1 420 3 0
Cohort 6, Cycle 2 420 3 0
Cobhort 5, Cycle 3 420 1 0
Cohort 8, Cycle 1 630 3 1
Cohort 7, Cycle 2 630 3 0
Cohort 6, Cycle 3 630 3 0
Cohort 9, Cycle 1 630 3 0
Cohort 8, Cycle 2 630 2 0
Cohort 7, Cycle 3 630 3 0
Cohort 10, Cycle 1 630 3 0
Cohort 9, Cycle 2 630 3 0
Cohort 8, Cycle 3 630 2 0
Cohort 11, Cycle 1 945 3 2
Cohort 10, Cycle 2 945 3 1
Cohort 9, Cycle 3 945 3 0

Table 6- 14: One trial, data simulated by ICS model, escalated with intra-patient

adjustments.

As can be seen, the dose escalates very quickly, to dose 630 by cohort 5. This is 2
dose levels higher than the true TD of 366 since the nearest dose levels are 300 or 420,
and 630 is then above the higher of the 2 closest levels. There are very few
observations on low doses: in total 18 cycles of therapy were spent on doses below the
true TD, out of the total 82 patient cycles of therapy observed. Clearly this does not
give much chance to observe any possible events that may occur on low doses, so
immediately the estimates are likely to be higher than the true TD. 33 patient cycles
were observed for dose 630 and 22 patient cycles for dose 420. This large number of

observations for these particular doses contributed to the fast reduction in the
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asymptotic variance and convergence to 630. Since 6 out of the 9 possible doses were
administered to at least one cohort, some information was obtained throughout most
of the dose range and therefore contributed to the estimation of the overall dose-
response relationship. In fact once the dose 945 had been observed, the ratio of the
asymptotic credible interval fell from 7.835 to 3.188 which was then deemed accurate
enough to stop the trial. In order to investigate this reduction in variance further, a
comparison can be made to the escalation procedure that doesn’t allow intra-patient

adjustments.

For two trials (one escalated with intra-patient adjustments and one not), the
asymptotic variance of the log(TD) estimate was calculated. Table 6-15 shows the
results for cohorts 3 and 4. Cohort 3 is the first cohort to be entered where any intra-
patient adjustments could be observed, which would occur for the second cycle of
cohort 2, and cohort 4 then shows further deviations. Up to cohort 3 all the dose
allocations and observations were exactly the same for both procedures since cohort 1
is administered the lowest dose without dose adjustments and cohort 2 is subsequently
allocated the same dose in both procedures, assuming that no DLTs are simulated on
the lowest dose. The two simulated trials had similar escalations so that they could be

compared directly.

Last Cohort No Intra-Patient Escalation Intra-Patient Escalation
Observed
TD var TD var
3 496.455 0.7273 490.817 0.6975
New dose=300
No DLTs
4 486.142 0.57417 520.939 0.47842

New dose=420
1 DLT for new
cohort in cycle

1 (same for
both)

Table 6- 15: Comparing Intra-Patient Escalation to No Intra-Patient Escalation.
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Before cohort 3, the estimated target dose was the same for both escalations due to
cohort 2 being allocated dose 200, and cohort 1 remaining on dose 60 for safety
reasons. Therefore the dose to be allocated to cohort 3 was 300 for both escalations. In
the Intra-Patient adjustment escalation, cohort 2 had their dose changed to 300 also,
but in the original escalation procedure, cohort 2 remained on dose 200. No
observations of DLTs were observed in either procedure which resulted in the
estimated target doses shown above with corresponding variances. The estimated TD
is higher for the original escalation (without adjustments) procedure but with larger
variance. Both procedures however did result in the dose 420 being allocated to cohort
4. In the original escalation procedure, only cohort 4 are administered this dose, cohort
2 remain on dose 200 for their third cycle and cohort 3 remain on dose 300 for their
second cycle. In the Intra-Patient procedure, cohorts 2, 3 and 4 are all administered
dose 420 for their third, second and first cycles respectively. A DLT was observed on
dose 420 for cohort 4 during cycle 1 which was common for both procedures. No
other DLTs were observed. This resulted in the estimated TD and variance shown in
Table 6-15. Here, the Intra-Patient escalation now has a much higher TD but with
much lower variance. Since there are still multiple administrations on dose 420 in the
Intra-Patient escalation, albeit during later cycles, where no DLT occurred, the DLT
that did occur is not as influential. In the original escalation, 1/3 of the administrations
of dose 420 resulted in a DLT hence a larger influence on the estimated TD. These
estimates then result in different administrations for cohort 5. For the original
escalation, dose 420 would be administered again, but for the Intra-Patient escalation,
dose 630 would be administered. Although the estimated TD for the Intra-Patient
escalation is nearer to dose 420, due to the dose-P(DLT) curve becoming steeper

around the middle doses (doses that correspond to P(DLT)=0.5 which are
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630,945mg/m?), the new estimated probability of toxicity of dose 630 is closer to
0.316 than that for dose 420. The dose allocation is based on the probabilities
associated with dose rather than dose itself, which is why 630 is allocated rather than
420. The TD estimates from the large simulation study were on average higher for the
Intra-Patient escalation than the original and this may suggest why. The observations
affect the estimation of the TD differently for the ICSDP with adjustments compared
to the ICSDP without adjustments, due to the large differences seen in the dose
administrations early on in the trial. Any DLTs that occur for higher doses early in the
ICSDP with intra-patient adjustments do not have as much of a negative effect on the
estimate as they should since there are also many observations of non-DLTs on the
same higher doses. The variance reduces much more quickly for the Intra-Patient
escalation since multiple administrations are seen simultaneously for a number of the
dose levels. With this increased reduction in variance, the precision rule is achieved
much sooner whilst the estimated TD is still higher than it actually should be.

6.2.4 Imposing restrictions on the intra-patient adjustments

This section looks at possible improvements to the procedure incorporating intra-
patient adjustments. One example could be to investigate whether a compromise can
be found to avoid sub-therapeutic dosing by allowing early cohorts some intra-patient
adjustments, but stopping these between cycle adjustments once the higher doses

begin to be repeated.

This is investigated by allowing a fixed number of cohorts (e.g. 3) to experience intra-
patient escalation, then stopping the intra-patient adjustments once the next cohort
begins (e.g. cohort 4). In actual fact this only allows three occurrences of a dose-
adjustment (for cohort 2 entering cycle 2, cohort 3 entering cycle 2 and cohort 2

entering cycle 3). However, looking at table 6-3 suggests it may not be appropriate to
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allow adjustments after cohort 4 begins, since this is when the estimates of the TD

begin to converge more rapidly since the variance reduction begins to speed up.

The simulations are set up in exactly the same way as before (for with intra- and
without intra-patient adjustments). Cohort 1 always remains on the lowest dose
(60mg/m?) for safety reasons. Patients in cohort 2 and 3 are then allowed to have their
doses adjusted between cycles. Once cohort 4 begins, intra-patient escalation is no
longer allowed and patients remain on their existing doses for the remainder of their
participation in the trial. Only 100 simulations are conducted for this scenario since
the use of this idea is more investigative than realistic so very precise results are not

essential. However, any major deviations between procedures should still be apparent.

Based on Table 6-15, if no DLTs have been observed by the time the procedure
reaches cohort 4 the dose to be administered would be 420mg/m?. This is the closest
dose level to the true TD (366mg/m?) but slightly higher, implying that lower dose
levels to this would be subtherapeutic and the idea is to minimise the time that patients

spend on these doses.

These results are shown in Table 6-16.
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Design ICSDP ICSDP
PO sim. ICS sim.
Variable TDs; 6 No. of TD31 6 No. of
Cohorts Cohorts
Mean estimate 403.1 15.29 389.2 15.12
(2.5, 97.5) percentiles | (263.5, (265.9,
of estimates 614.6) 568.7)
97.5/2.5 2.46 2.14
Min 233.7 7 236.4 10
Max 803.2 20 624.5 20
% in (TD+30%) 74.0 83.0
Precision | Safety "ﬁg‘ 87.0 | 2.0 [11.0] 85.0 5.0 10.0

Table 6- 16: Results from 100 trials simulated by PO model and ICS model, escalated
with patient gain, allowing intra-patient escalation until cohort 4 begins.

The results shown in Table 6-16 are very similar to the original investigation with the
ICSDP from Chapter 5 as shown again in Table 6-13, where no adjustments are
allowed, since only three adjustments are allowed here. Even with just 3 adjustments,
the trial lengths are slightly increased and the TD estimates are marginally higher. So
there appears to be no gain by allowing even very few adjustments and it seems that

the estimates increase due to the reduced number of observations on the lower doses.

Therefore, it seems that, although it may seem unethical to keep patients on
subtherapeutic doses early in the trial, the observations obtained from these low doses

are essential in ensuring the model does not overestimate the TD.

Since the trial lengths were slightly shorter when allowing intra-patient adjustments
throughout the trial, the method before could be reversed so that the first 3 cohorts
(those on low/subtherapeutic doses) are not allowed to escalate between cycles, but
once the dose has escalated to a higher dose safely, then intra-patient adjustments can

be incorporated.

The results for this investigation are shown below in Table 6-17.
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Design ICSDP ICSDP
PO sim. ICS sim.
Variable TD3 6 No. of TD3 6 No. of
Cohorts Cohorts
Mean estimate 425.1 15.25 410.6 14.81
(2.5, 97.5) percentiles | (251.9, (231.6,
of estimates 701.1) 622.1)
97.5/2.5 2.78 2.69
Min 2419 8 2114 9
Max 862.3 20 758.1 20
% in (TD%30%) 63.0 68.0
Precision | Safety ";\‘;" 70.0 | 19.0 | 11.0] 73.0 | 18.0 9.0

Table 6- 17: Results from 100 trials simulated by PO model and ICS model, escalated
with patient gain, allowing intra-patient escalation after cohort 5 begins.

The results here are worse than when the intra-patient adjustments were allowed for
the entire trial. This suggests that allowing intra-patient adjustments after the first few
cohorts is even more detrimental to the estimation of the TD.

6.2.5 Conclusions

Incorporating intra-patient adjustments is an attractive feature and has been shown to
aid convergence of the target dose, but when there is no new information or different
information between cycles, the convergence is solely reliant on the dose initially
administered since no additional information (such as time-changing covariates) is
accruing and the dose is not permitted to change. An increased number of
observations on single doses causes fast convergence of the estimated TD and a fast
reduction of the variance of the estimate. This is often premature and the TD is
overestimated very quickly. The suggestion of allowing just the first few cohorts to
escalate between cycles to avoid sub-therapeutic dosing is a better approach than
allowing adjustments throughout the trial or for later cohorts, but these results are still

not as good as when no adjustments are incorporated.
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It may be beneficial to use intra-patient escalation in further investigations, when there
is new and accruing information available for each cycle. For example, if a marker is
measured at the end of each cycle, it may provide information as to the level of
response (probability of toxicity) that each patient is currently subject to. If the marker
level changes, for whatever reason (due to the treatment or disease), the dose to be

allocated to the next cycle may need to be adjusted accordingly.

Markers can be included as time-changing covariates, along with other baseline
covariates (e.g. age, gender etc.), and a function of these covariates along with the pre-
specified probability of toxicity would correspond to a patient-specific TD that could
be generalised for the population, or a sub-group of the population and taken forward

for recommendation at Phase II. These ideas are considered in Chapters 7 and 8.
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7. Including Baseline Covariates into
the Escalation Procedure

7.1. Introduction

After investigating the feasibility of intra-patient adjustments, the use of patient
characteristics in the model is an important point to consider. As discussed, including
more information about patients should improve the precision of the model and TD
estimates as well as producing personalised TD estimates. By using patient
characteristics, a more personalised dose-escalation procedure can be created which
will be more ethical since the tolerability of the drug may differ across subgroups of
patients, and this will need to be considered within the dose allocation methods.
P(DLT) would now correspond to a randomly chosen patient from a subgroup of the
population. Examples of patient characteristics include the presence and/or value of a
known biomarker, or simpler ones such as age and gender. Age and gender are

focused upon in this chapter.

As shown in Chapter 3, age and gender seem to have an effect on the chance of DLT.
In particular, females have a higher chance of DLT than males, and younger patients
are also more at risk than older patients. This will therefore form the basis for a new
simulation study in which DLTs are simulated for patients dependent on their age and
gender as well as dose. The ICSDP with the patient gain will again be used for the
escalation procedure. The occurrence of DLTs can no longer simply be simulated by a
model which just incorporates dose and cycle, so more personalised simulations need

to be considered where different TDs for different patients will be produced.
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7.2. Data Generation Methods

7.2.1 Covariates

Chapter 3 showed that a higher proportion of females than males experienced DLTs,
particularly in cycles 1 and 2. The probability of a DLT then decreased with each
cycle reasonably constantly for both males and females. The pattern adopted for
generating the data is therefore based on females having a higher starting chance of
toxicity, but with the probability of DLT halving for successive cycles for both males

and females, as in the simulation studies in Chapters 5 and 6.

In the Postel-Vinay dataset [1] as explored in Chapter 3, patients had been categorised
into four age groups, <50, 51-58, 59-65 and >65 years. There were reasonably equal
numbers of patients in each category, particularly comparing the first 2 age groups to
the second 2 age groups. Furthermore, the mean age of patients experiencing toxicities
within each cycle varied between 50 and 63, so these four age groups seem
appropriate. There was not a particularly clear pattern between the occurrence of DLT
and age, however there did appear to be some relationship. The youngest group (in the
first 3 cycles) nearly always experienced the highest proportion of DLTs and this
proportion decreased with cycles. Apart from the first cycle, the oldest group
generally had the lowest proportion of patients experiencing DLTs and this again
decreased with each cycle but by a smaller proportion. The middle two age groups had
a probability of DLT generally between the youngest and oldest but this probability
was reasonably constant across cycles. For simulation purposes, the difference in the
reduction between cycles has been ignored since it is very small and is not consistent
across age groups. In order to include this, an interaction between age and cycle would
need to be incorporated which would involve the use of time-dependent covariates

which is outside the scope of the simulation study in this chapter. The inclusion of
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time-dependent covariates will be considered in Chapter 8. The purpose of this
simulation study is to show how baseline covariates are used in the dose-escalation
procedure to produce a personalised estimate of the TD for subgroups of patients.
Furthermore, the age categories have been simplified into two categories, <55 and
=55. This simplification has been incorporated since the EDA from chapter 3 suggests
that there were reasonably similar proportions of patients <55 and >55, and
furthermore, the trend in P(DLT) was notably different between the lowest and
highest age group, whereas the groups in the middle of the range had little difference.
Therefore, the split at age 55 should reflect the difference in P(DLT) between younger
and older patients. In order to incorporate more categories, the model would again
become increasingly complex. The younger patients have been given a higher chance
of experiencing a DLT, with the proportions experiencing a halving P(DLT) for

successive cycles for all patients.

Since there was not as much of an obvious pattern in occurrence of DLTs across age
groups as between males and females, the change in the probability of DLT between
those aged <55 and those aged =55 was chosen to be smaller than that between males

and females.

Based on the general pattern of DLTs across age and gender groups, a system of
simultaneous equations for specific DLT probabilities and doses are created to obtain
values for each of the parameters used for data generation (cycle parameters for ICS
model, intercept for logistic regression model, log(dose) coefficient, age and gender
parameters for both models). This is done for the “average” patient at dose 366mg/m’
for cycles 1, 2 and 3. The “average” patient can be considered to be a patient who has
the average value of the coded levels of the factor. In this case, there are 2 factors with

2 levels (age, <55 and =55, and gender, male and female). When the levels are coded
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as 0, 1 (O=male, 1=female, 0 = <55, 1= =55), then if 50% of the patients are male and
50% are <55 the average patient will have value an expected value of 0.5 for each
factor. Coding as 0 and 1 is the standard way to present factors with 2 levels. However
in coding in this way, the baseline patient will be the patient with a value of 0 for both
factors, which corresponds to a young male. It may be more appropriate to have the
baseline patient as some kind of “average” patient rather than one specific type of
patient. In order that the “average” patient has covariate values of 0 so to correspond
to the baseline patient, the factor levels can be coded as -0.5, 0.5 (-0.5=males, <55,

0.5=females, =>55).

Changing the coding values will change the intercept terms of the models. An
investigation will be conducted to determine whether this difference actually causes

an effect in the calculation of asymptotic credible intervals.

The dose of 366mg/m? is the target dose corresponding to a probability of a first
DLT for the “average” patient in the first, second and third cycles of 0.2, 0.08 and
0.036 respectively (0.316 over 3 cycles). This corresponds to the conditional
probabilities for each cycle of 0.2, 0.1 and 0.05, as in previous investigations. A dose
of 799mg/m? corresponds to a probability of DLT in the first cycle of 0.5 for the
“average” patient. The probabilities of a DLT at 366mg/m? in cycle 1 for the four
subgroups of patients are calculated by applying a 20% reduction (approximately) in
probability of DLT between females and males and a 10% reduction (approximately)
between those aged <55 and those =55 (i.e. if the P(DLT)=0.2 for females, then
P(DLT)=0.2-(0.2*0.2)=0.16 for males, and if P(DLT)=0.2 for <5S5s, then
P(DLT)=0.2-(0.1*0.2)=0.18 for >55s). The actual probabilities used in the simulation
are shown in Table 7-1, ordered by the least at risk to the most at risk. The TDs and

the closest discrete dose levels are also displayed.
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P(DLT in cycle 1 on dose 366) TD31.6 | 4, ~TD31.6
= M1,366a9 — P366,ag (cq)
Old Male (a=1 or 0.5, g=0 or -0.5) = 0.17 408.12 420
Young Male (a=0 or -0.5, g=0 or -0.5) = 0.19 380.08 420
Old Female (a=1 or 0.5, g=1 or 0.5) = 0.21 352.44 300
Young Female (a=0 or -0.5, g=1 or 0.5)=0.23 | 328.24 300
Table 7- 1: Probability of DLT (rounded to 2dp) and TD31.6 for each category in
cycle 1.

As can be seen, the TDs for all four subgroups still lie in the interval of (300,420) as
the original TD of 366 did. However, each TD is now closer to one of the two discrete
dose levels of 300 or 420.

7.2.2 PO Model

The proportional odds model is of the same form as described in Chapter 5, but now

incorporates the covariates into the logit link function as follows:

oo P\ g pn(a,).
1=Pjyag(Cr)

where a=0,1 or —0.5,0.5 for the age category, and g =0,10r—0.5,0.5 for the gender

category.
The system of equations that require solving to obtain parameter values for the PO
model (as in equation (7.1)) are shown below. When coded -0.5, 0.5, the following

equations are used:
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log( foott] - |=log

1- Pies0.0(C1)

log| —Pxss00() |0
1= Pigs.00(c2)

lOg M = ]og
1= Py 00(C3)

log DPi990.0 (c) _ log(
1- P99.0,0 (¢)

Piss,-05,05(C1)

~ P366,-05,05 (@)

lo
{
log[

Pigs0s.-05(C)

1= Pigs.05-05(¢1)

0.2

mj =, + ﬂ lOg(366),
0.28

-0 28) =a, + flog(366),
0.316

"o 316] =a, + flog(366),

0.
> ) = a, + Blog(799),

J =, —0.5¢+0.5v + Blog(366),

j =a,+0.5¢ -0.5v + Slog(366).

Here, {corresponds to the parameter associated with age, and v the parameter

associated with gender. The parameter values are shown in table 7-2.

a, a, a,

g

v

B

-11.8673 -11.4254

-11.2532

-0.1166 0.2394 1.7756

Table 7- 2: Parameter valu

es when covariates are coded -0.5, 0.5.

These parameter values can then be used to calculate the cumulative probability of

toxicity for each cycle for the different subgroups for different doses also. These

probabilities are displayed in Table 7-3.
Subgroup DPscs.ag () D366,4.4(C2) Ds66.0.4(C3) Pr%9.05(C1)
Old Male 0.17 0.25 0.28 0.45
Young Male 0.19 0.27 0.30 0.48
Old Female 0.21 0.29 0.33 0.52
Young Female 0.23 0.32 0.36 0.56

Table 7- 3: Cumulative probabilities of DLT for each subgroup for each cycle.

When the covariates are coded 0, 1 the baseline patient is now the young male rather

than the “average” patient. Therefore,

the probabilities calculated for the young male

at dose 366 in cycles 2 and 3, and at dose 799 in cycle 1, from the previous system of

equations are used within equation (7

.1) with covariate values 0 or 1.
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c 0.1
log Ds6s.00(€) Jz log(_9J =q, + flog(366),

1= Prsoo(@) 1-0.19
log % =log 1?'5.;7 =a, + [log(366),
log % = log 125.20 = a, + flog(366),
log % = log 12338 = a, + Blog(199),

1= Pygs0.(C)) 1-0.23

1_p366,l,0 () 1-0.17

C
W ESHOR WA D

log Psesi0(€1) J _ log( 0.17 ): a, + &+ Blog(366).

The parameter values obtained by solving these equations are given in Table 7-4 and

these correspond to the same probabilities of toxicity for each subgroup as shown in

Table 7-3.
a1 az a3 E 4 B
-11.9286 -11.4868 -11.3146 -0.1166 0.2394 1.7756

Table 7- 4: Parameter values when covariates are coded 0, 1.

The age and gender of each patient are simulated by two Bernoulli random variables

with p = 0.5to represent the notion of equal proportions in each subgroup. Equation

(7.1) is used with the parameter values from Table 7-4 to obtain the cumulative

probabilities of DLT for each subgroup for each dose level and cycle, required for

simulating DLTs:

exp(a, +Ea+vg+ flog(d ;)

Lo(¢)= ’
Ppag(€) I+exp(a, +a+vg+ Blog(d, ;)
)= exp(a, +&a+vg+ flog(d )
Dyl 1+ exp(a2 +&a+vg+ B log(d(j) ) ’
exp(a3 + éa +vg+ ﬂ log(d(,)))
Pag(6s) =

l+exp(a, +&a+vg+f log(dm ) '
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The method used in Chapter 5.2.2 to generate a DLT (from a Bernoulli distribution)
and its corresponding cycle (from a Uniform[0,1] distribution) is adopted here again.

7.2.3 ICS Model

For the ICS model the additional covariates are incorporated into the complementary

log-log link function as follows:
log(-log(1-7,),, . N=7+&a+vg+6 log(d, ;). (7.2)
where ;) 4 4 is the conditional probability of toxicity for each cycle /on dose d, j)

with covariate values aand g. The system of equations to be solved when the
covariate values are coded -0.5, 0.5 are:

log(—log(1— 73, ) = log(—log(1-0.2)) = y, + Hlog 366,

log(—log(1 =74, 04)) = log(—log(1-0.1)) = 7, + &log 366,

log(—log(1— 734650 ,0)) = log(=log(1-0.05)) = y, + & log 366,

log(—log(1 =754, 4,)) = log(—log(1-0.5)) = 7, + @log 799,

log(—log(1 =71y, 505)) =log(=log(1-0.23)) = , = 0.5 +0.5v + Blog 366,
log(—log(1 -7y, 0.505)) = log(=log(1-0.17)) = 3, + 0.5 — 0.5v + 61og 366.

This leads to the parameter values displayed in Table 7-5.

Y1 Y2 Y3 ¢ v 0

-10.0694 -10.8198 -11.5396 -0.1033 0.2129 1.4518

Table 7- 5: Parameter values when covariate values are coded -0.5, 0.5.

Table 7-6 shows the conditional probabilities and overall probability of DLT for each

subgroup calculated from substituting the parameter values in Table 7-5 into equation

(7.2).
Subgroup ”j,l,a,g ”j.Z,a,g ﬂj,S.a.g pj,a,g (03)
Old Male 0.17 0.09 0.04 0.28
Young Male 0.19 0.09 0.05 0.30
Old Female 0.21 0.11 0.05 0.33
Young Female 0.23 0.12 0.06 0.36

Table 7- 6: Conditional probabilities of DLT for each subgroup for each cycle.
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When the covariate values are coded 0 or 1, the baseline patient is a young male

patient. The system of equations to be solved are:

log(—log(1- 75, 4,)) = log(~log(1-0.19)) = ¥, + @ log 366,
log(—log(1 =734 5 4,)) = log(~log(1-0.09)) = , + Olog 366,
log(—log(l = 7y 5., )) = log(—log(1 - 0.05)) = », + 6 log 366,
log(=log(1— 7,99, 4,)) = log(—log(1-0.48)) = 7, + Olog 799,
log(=log(l1 - 3, ,,)) = log(=log(1-0.23)) = y, + v + 8 log 366,
log(—log(1 =734, ) = log(—log(1-0.17)) = y, + £ + & log 366.

This leads to the parameter values shown in Table 7-7.

V2 7, 7 ¢ v 6

-10.1242 -10.8746 -11.5944 -0.1033 0.2129 1.4518

Table 7- 7: Parameter values when covariate values are coded 0, 1.

The DLTs are simulated progressively for each cycle for each patient given their

covariate values and dose levels as in Chapter 5.2.3.

7.3 Pseudo-data

In order to initiate the procedure, pseudo-data needs to be used. Since there are
different categories of patients, pseudo-observations need to be incorporated for all
categories. The pseudo-data is based on the assumption that there is no difference in
the probability of DLT between different categories of patients, so that all incoming
patients will be treated the same until observations are analysed in conjunction with
the covariate values. The pseudo-data is set up similarly to the situation without
covariates. The same set of independent Beta distributions are assigned to the
probability of DLT in cycle 1 for the lowest and highest dose levels (j)=1,k, as
shown in Table 5-4 for each subgroup. Beta distributions are also assigned to the
probability of DLT for subsequent cycles, but the parameters for these distributions
are dependent on the number of toxicities observed in earlier cycles. Table 7-8 shows
the calculated probabilities of DLTs for each cycle for each category of covariates for
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several different doses from the ICS model used to generate data for the simulation.

The doses displayed are 366, 799 and the discrete dose levels surrounding these. For

reference the dose levels 60 and 1700 (lowest and highest dose levels) are displayed

also to show just how pessimistic the prior information is by assigning the lowest and

highest dose levels to the P(DLT) associated with the true TD and the true 50% toxic

dose.

Dosed j

60 300 366 420 799

1700

Jilag

V4 Old Male 0.0137 | 0.1330 | 0.1735 | 0.2076 | 0.4467 | 0.8298
Young Male | 0.0152 | 0.1464 | 0.1904 | 0.2274 | 0.4812 | 0.8597
Old Female | 0.0169 | 0.1619 | 0.2100 | 0.2501 | 0.5192 | 0.8882

Young Female | 0.0187 | 0.1778 | 0.2300 | 0.2732 | 0.5560 | 0.9119

J,2,a.8

T Old Male 0.0065 | 0.0652 | 0.0860 | 0.1040 | 0.2438 | 0.5667
Young Male | 0.0072 | 0.0720 | 0.0949 | 0.1147 | 0.2664 | 0.6044
Old Female | 0.0080 | 0.0800 | 0.1053 | 0.1271 | 0.2923 | 0.6446

Young Female | 0.0089 | 0.0883 | 0.1161 | 0.1399 | 0.3184 | 0.6825

J3.a.8

T Old Male 0.0032 | 0.0323 | 0.0428 | 0.0521 | 0.1272 | 0.3344
Young Male | 0.0035 | 0.0357 | 0.0474 | 0.0576 | 0.1400 | 0.3633
Old Female 0.0039 | 0.0398 | 0.0527 | 0.0640 | 0.1549 | 0.3957

Young Female | 0.0043 | 0.0440 | 0.0583 | 0.0707 | 0.1703 | 0.4279

D) ae(C5) Old Male 0.0232 | 0.2157 | 0.2769 | 0.3270 | 0.6348 | 0.9509
Young Male | 0.0257 | 0.2348 | 0.3020 | 0.3554 | 0.4727 | 0.9647
Old Female 0.0286 | 0.2596 | 0.3304 | 0.3873 | 0.7046 | 0.9760

Young Female | 0.0316 | 0.2834 | 0.3591 | 0.4191 | 0.7511 | 0.9840

Table 7- 8: Probabilities of DLTs associated with different doses and dose levels from

ICS data simulation model.

The pseudo-data incorporated is shown in Table 7-9.

Covariate Dose d; 7!'(,)0 ng’ tg)0=n(,')07t(,‘)0
Category
ICSDP For each dqy, cycle 1 0.2 3 0.6
TTL=0.316 category
a=0,1, g=0,1 d(}), cycle 2 0.1 24 0.24
a=-0.5,0.5, dg), cycle 3 0.05 2.16 0.108
g=03,05 [ yele 1 0.5 3 15
dg, cycle 2 0.2791 1.5 0.41865
dp, cycle 3 0.1473 1.08135 0.1593

Table 7- 9. Pseudo-data for all categories of patients
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The pseudo-data is the same as in Table 5-6, but is now repeated for each subgroup so
there is four times the amount of pseudo-data implemented compared to in Section 5-
3. It can clearly be seen that the pseudo-data is likely to be very influential, since there
are 12 pseudo-patients starting each dose level, and 24 pseudo-patients in total. Since
there will only be a maximum number of 60 patients recruited, the minimum
contribution the pseudo-data will provide is 24/84 ~29% of the overall information.
This amount will increase as the observed number of patients reduces, i.e. if the
precision rule stops the trial after 15 cohorts, only 45 patients will have been recruited
so the pseudo-data will then account for 24/69 ~ 35% of the total information. The

amount of pseudo-data to use will be investigated in later parts of this chapter.

7.4 Escalation Procedure

Once the patient characteristics and observations have been generated, the simulated

escalation procedure can be carried out.

In order to begin the procedure in the same cautious fashion as has been conducted
previously, pessimistic prior information needs to be used to initiate the dose
allocation. This prior information is incorporated once again via the use of pseudo-
data as described in Table 7-9. The lowest dose is set to correspond to the target
toxicity level for all categories of patients. In doing this, all patients in the first cohort
will be allocated the lowest dose possible, regardless of covariate values. In reality,
there may be some prior belief as to how the tolerance of the drug may differ for
different categories of patients so different starting doses could be adopted for
different subgroups. However, a common safety measure is to force all patients to
start at the lowest dose so this is the approach adopted here. Allowing for a covariate
effect in the formulation of the pseudo-data will be incorporated in a later

investigation to see whether final estimates of the TD are improved. A point for
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consideration with regards to the pseudo-data is how much to include. Previously, 3
patients per dose level were used. Since there are now 4 subgroups of patients, all with
a potentially different dose-response relationship, pseudo-data for each subgroup
needs to be included. In the first instance, the existing method will be carried forward
and 3 patients will be included for each category on each dose level as shown in Table
7-9. This is likely to be too much prior information since this will correspond to 24
patients worth of data in the prior. Since the maximum number of patients is set at 60
(20 cohorts of 3 patients) the inclusion of 24 patients in the prior information is going
to be very influential since it will correspond to a minimum of 24/84 patients worth of
information. This suggests that a minimum of nearly 1/3 of the information will be
provided by pseudo-data. In section 7-5, different amounts of pseudo-data will be
investigated, as will the exclusion of the pseudo-data from the final analysis and

estimation of the TD once the trial has stopped.

Once the first cohort has been allocated the lowest dose for their first cycle, the
observations of DLTs (including the pseudo-data) are analysed by the ICS model with
age and gender specified as covariates. The procedure can be extended to include
more covariates and continuous variables as well as factors. The parameter estimates
obtained are then used along with the recorded number of patients and toxicities on
each dose/cycle/age category/gender to produce estimates of the TDs for each

subgroup.

In the case of no covariates the asymptotic variance of the estimate of log(7D,;, ),

where 7TL =0.316, was used to produce a Credible Interval (Cly:Cly) for

log(7D,,, ) which was then exponentiated to obtain a CI for 7D, ,, . The ratio (R) of

the exponentiated limits (CIy:CIL) was then used as the precision criterion by which
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the trial can be stopped. In the presence of covariates, the estimate of log (7D, ) is
different for each category of patients, and this would result in a different asymptotic
variance, CI and R for each category. One would then not be able to stop the trial
based on one precision criterion. Instead, a set of precision criteria would have to be
developed, all of which would have to be met in order to stop the trial for precision.

Also, to find the asymptotic variance using the delta method as has been done so far,

inversion of a 6x6 matrix (1 ,:. ( VisV2s V3585V 6')) along with pre and post-multiplication
by a 1x6 gradient vector of log(7D,;, ) would have to be conducted. This is not a

straightforward calculation which will only become increasingly complicated as more
covariates are incorporated. Furthermore, this calculation will have to be computed for

every subset of the population with a different combination of covariates.

In order to include covariates in the model, an amendment to the precision stopping

criterion has been considered which makes the procedure more straightforward. The

calculation of log(7D,;, ) from the ICS model with covariates is given by:

log(1-TTL)
e +e +eh }ef”e"g

1
log(TD,;) =3 log —{

One can note from this expression that the estimate of log(7D,;, ) is dependent on the
values of the covariates (a, g) . However, if one were to rearrange this expression, it
can be made into a function of log(7D,,, ) that is invariant to what set of covariates are

used.
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1
log(TD,,, ) = glog(—log(l —TTL)) —élog({e" +e” +en }eg"e"g ),

1
log(7D,;,) = 2 log(—log(1-TTL)) - % log (e" +et +e” )— é log (eg’””g ) ,

+ 1
08(7D;,)+ S22 | Liogtog1-T71) - Liog (7 +e” +e”),

F(log(TD,, )= [IOg(TDm)+ fa-;vgi|,

1
= Zlog(—log(l—TTL))—%log(ey‘ +e” +e” )

(7.3)

The delta method can then be applied to this function F'(log (7D, ))to obtain an

asymptotic variance for the function. Since this will not change dependent on which

combination of covariates are used, only one CI and R need to be used for the

precision criterion. The specific estimate of log (7D, ) for each set of patients can

then be found by subtracting ca +V% from the function depending on values of a

andg.
Using the function F (log (TDy, )) as in equation (7.3) also makes the computation of

the asymptotic variance much simpler. Although 7, (}/1, VasV3:Es V,G) is still a 6x6

matrix which needs inverting, the gradient vector is now of the function

F(log(TD,;, )) where 2_1;’%5 = 0(where F is the function F(log(7D;;, )) in equation
v

(7.3)) so the asymptotic variance of F (log(TDyy, ))is of the same form as the

asymptotic variance of log(TDm) in the case of no covariates. The expression for the

resulting variance is shown in Appendix 5. This simplification is particularly attractive
when considering the fact that many covariates could now be included in this model
without the expression of the asymptotic variance becoming too complicated. One
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concern that may arise with the use of this function F when coding either 0, 1 and -
0.5, 0.5, is that the function with covariate values equal to 0 actually corresponds to a
slightly different dose. When coded as 0, 1, the estimate of F' corresponds to the TD
for the young males (380mg/m?), whereas when coded as -0.5, 0.5, the estimate
corresponds to the TD for the ‘average’ patient (366mg/m?). Since the function with
covariate values equal to 0 corresponds to different doses when coded differently, the
CI may be slightly different and therefore the ratios of the CI limits may be slightly
different. The estimated TDs are very similar however, and therefore any difference in
the values of R should be very minimal if present at all. A simple test for this would
be to analyse just the pseudo-data and compare when the values are coded as 0,1 and -
0.5, 0.5. Since the pseudo-data incorporated in Table 7-9 contains no prior belief of a
covariate effect, the function F is not dependent on coding values since the values of
& and v are equal to 0. The pseudo-data can be extended however to incorporate a
prior covariate effect (details will be given later in section 7.7) where the dose of 60 is
set to correspond to each subgroup’s true target toxicity level associated with the dose
366mg/m>. When this is incorporated, the prior parameters associated with this
pseudo-data are found to be

7, =—2.8880,y, =-3.6386,y, =—4.3574,0 = 0.3390,& =—0.1305and v =0.2131when
coded -0.5, 0.5, and 3, =-2.9429,y, =-3.6935,y, =—4.4122,60 = 0.3390,& = —-0.1305
and v =0.2131 when coded 0, 1. These values correspond to a TD (associated with a
TTL of 0.316) of 60mg/m? for the average patient (with covariate values set to 0)
when coded -0.5, 0.5, and 71mg/m? for the baseline patient (with covariate values set
to 0) when coded 0, 1. The respective Cls are [10.74, 335.09] when coded -0.5, 0.5

with a ratio of 31.19 and [12.63, 393.76] with a ratio of 31.17. There is a difference in

ratios, however it is very minor. Analysis of just the pseudo-data should produce a
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relatively large variance, so any difference here is likely to reduce once data are
observed and included. Therefore any difference should reduce further, and this will

be looked at when investigating the full escalation procedures.

Once the estimate of F is obtained, the individual estimates of P()ax (c3) given a

patients covariates of aand g are obtained and used in the patient gain function to

show which dose would be best to allocate to patients based on their covariate values.
The next cohort is then allocated the relevant doses (depending on what covariate
values they have) and the next cycle for the first cohort is kept on the same dose. No
intra-patient escalation has been allowed for this dose escalation procedure, as the
investigation allowing intra-patient adjustments produced negative results when there
is additional information accruing, other than the occurrence or not of DLTs. Since the
covariates to include here are baseline characteristics, they will not change between
cycles so there is no added benefit of allowing between cycle adjustments. Intra-
patient adjustments will be considered again in Chapter 8 when considering the
inclusion of time-dependent covariates. However, since different patients are allocated
different doses, the information on the drug-response relationship should still be very

good, even if there are more covariates to consider.

The dose escalation procedure will again continue until a stopping criterion is
achieved (either safety, precision or a maximum number of patients). Estimates of the
patient specific TD and the length of each trial will be obtained, along with the
proportion of TD estimates that are within a 30% limit of the true TD (for each

subgroup). The standardised value of the patient specific TD estimate compared to the
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: : D,
true patient specific TD[ 7 ”/TD

]is also presented to see how close this value is
1L

to 1.

The first investigation, concerns the difference in coding of the age and gender
covariates. The results can be compared in terms of the TD estimates, the length of the
trial, the average values of R at the end of the trial and the stopping reasons. This can

then be used to decide how to code the covariates.

Further investigations will then be considered, as discussed previously, to determine
the role of pseudo-data in the escalation procedure, i.e. how much to use, whether to
incorporate a covariate effect, whether to use it in the analysis for the final TD

estimate, and also how it is created.

Once a final decision has been made as to how to incorporate the covariate values and
the pseudo-data, a large simulation study will be conducted to confirm the results of

this personalised ICSDP.

7.5 ICSDP with baseline covariates

7.5.1 Results

The first investigation starts with 3 patients per subgroup per dose in the pseudo-data,
a total of 24 patients. This seems unreasonable to do in practice since the maximum
number of patients in a trial is only 60 therefore by adding this amount of prior
information is likely to overwhelm the results. However, since the initial investigation
is simply to compare the coding procedure, it is used here. The comparisons between
coding values are based on 100 paired datasets. The datasets are generated by both the
PO and ICS models with covariate values coded either as 0,1 or -0.5,0.5. Once

generated, the dataset is duplicated and the covariate values are reassigned to the
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coding values that were not used for generation, i.e. the data generated by the PO
model with covariate values coded as 0, 1, is duplicated and the repeated dataset has
the covariate values recoded to -0.5, 0.5. The comparisons to be considered are then
within generation procedure (between the paired datasets e.g. PO generated with 0,1,
analysed by 0,1 or -0.5, 0.5), within data generation model (e.g. PO generated with 0,1
to PO generated with -0.5,0.5) and across data generation models but within coding

generation (e.g. PO generate with 0,1 to ICS generated with 0,1).

Simulated from IC with Covariate values coded 0, 1.
covariate values 0, 1.
Subgroup Young Old Male Young Old Female
True TD Male 408.12 Female 352.44
380.08 328.24
Mean Estimate of TD31.6 369.66 369.42 341.55 344.16
TDs316 / 0.973 0.905 1.041 0.976
31.6
Mean R 3.8818255
Mean number of Cohorts 16.09
Use of Stopping Rules Precision Safety Maximum No.
99% - 1%
Covariate values coded -0.5, 0.5.
Subgroup Young Old Male Young Old
True TD Male 408.11 Female Female
380.08 328.24 352.44
Mean Estimate of TD31.6 369.66 369.42 341.55 344.16
TDs316 / 0.973 0.905 1.041 0.976
31.6
Mean R 3.8817698
Mean number of Cohorts 16.09
Use of Stopping Rules Precision Safety Maximum No.
99% - 1%
Table 7- 10: Results from 100 trials simulated by ICS model with covariate values 0, 1
or -0.5, 0.5.
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Simulated from IC with
covariate values -0.5, 0.5.

Covariate values coded 0, 1.

Subgroup Young Old Male Young Old
True TD Male 408.12 Female Female
380.08 328.24 352.44
Mean Estimate of TD31.6 352.18 365.23 299.52 314.35
TD316 0.927 0.895 0.913 0.892
TD3; 6
Mean R 3.909659
Mean number of Cohorts 16.16
Use of Stopping Rules Precision Safety Maximum No.
96% - 4%
Covariate values coded -0.5, 0.5.
Subgroup Young Old Male Young Old
True TD Male 408.12 Female Female
380.08 328.24 352.44
Mean Estimate of TD31.6 352.18 365.23 299.52 314.35
TD316 / 0.927 0.895 0.913 0.892
TD316
Mean R 3.9096895
Mean number of Cohorts 16.16
Use of Stopping Rules Precision Safety Maximum No.
96% - 4%
Table 7- 10 cont.: Results from 100 trials simulated by ICS model with covariate
values 0, 1 or -0.5, 0.5.
Simulated from PO with Covariate values coded 0, 1.
covariate values 0, 1.
Subgroup Young Old Male Young Old
True TD Male 408.12 Female Female
380.08 328.24 352.44
Mean Estimate of TD31.6 369.45 377.69 334.17 345.54
TD316 0.975 0.933 1.009 0.977
TD316
Mean R 3.8968865
Mean number of Cohorts 15.64
Use of Stopping Rules Precision Safety Maximum No.
98% - 2%
Table 7- 11: Results from 100 trials simulated by PO model with covariate values 0, 1
or-0.5,0.5.
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Covariate values coded -0.5, 0.5.

Subgroup Young Old Male Young Oold
True TD Male 408.12 Female Female
380.08 328.24 352.44
Mean Estimate of TD31.6 369.45 377.69 334.17 345.54
TD31 6 0.975 0.933 1.009 0.977
TD3,6
Mean R 3.8968472
Mean number of Cohorts 15.64
Use of Stopping Rules Precision Safety Maximum No.
98% - 2%
Simulated from PO with Covariate values coded 0, 1.
covariate values -0.5, 0.5.
Subgroup Young Old Male Young Oold
True TD Male 408.12 Female Female
380.08 328.24 352.44
Mean Estimate of TD31.6 358.10 371.60 334.35 341.86
TD3q ¢ 0.945 0.918 1.010 0.967
TD3; 6
Mean R 3.8936099
Mean number of Cohorts 15.99
Use of Stopping Rules Precision Safety Maximum No.
98% - 2%
Covariate values coded -0.5, 0.5.
Subgroup Young Old Male Young Old
True TD Male 408.12 Female Female
380.08 328.24 352.44
Mean Estimate of TD31.6 358.10 371/60 334.35 341.86
TD316 0.945 0.918 1.010 0.967
TD316
Mean R 3.8935741
Mean number of Cohorts 15.99
Use of Stopping Rules Precision Safety Maximum No.
98% - 2%

Table 7-11 cont.: Results from 100 trials simulated by PO model with covariate values
0, 1or-0.5,0.5.

The results for each pair of corresponding simulations (when the coding in the

generation model matches the coding in the data analysed) are identical except for the

value of R (Tables 7-10 and 7-11). The difference in R values can be put down to the

fact that the credible interval is based on the function F. When the covariate values are

coded -0.5, 0.5, F takes a lower value than when coded by 0, 1. The variance of this
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function takes a lower value due to some of the terms in the variance depending on F
with the rest being invariant to the change of covariate values. The credible interval
limits are then slightly closer to the mean estimate of F and therefore the ratio of the
limits is less. This difference, however, is only noticeable at 5 decimal places. It never
results in a difference in the use of the precision stopping rule so the different values

of R do not appear to affect the procedure.

Since there is no evidence of a difference in the results when the covariate values are
coded 0, 1 or -0.5, 0.5, further investigations continue with the 0, 1 coding. Although
it may be statistically intuitive to think of the baseline patient as the “average” patient,
clinically it may be difficult to justify comparing subgroups of patients to hypothetical

patients.

The differences between generating data either with parameters corresponding to
coding values 0, 1 or -0.5, 0.5, can be put down to the random nature of simulation
and the fact that there are only 100 simulations. While fixing a seed in the generation
of the data would make the procedures exactly comparable, the random nature of the
data generation across procedures does indicate the overall stability of each procedure

and will highlight any obvious trends that occur due to the different methods.

The values of R remain fairly similar within data generation model but across
covariate coding values used for generation, as do the average trial length and the
reasons for stopping. Similar trends do appear in the TD estimates, namely that they
are generally underestimated, apart from those for young females which have the
lowest true TD. The TD for young females tends to be overestimated apart from in

one simulation scenario, which could be due to random chance. The difference
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between data generation models is also quite minimal, suggesting the ICSDP is still

quite robust to model misspecification, as in Chapter 5.

The pessimistic pseudo-data used for the prior information is quite heavy and
therefore becomes quite informative. This has caused the estimates to generally be
lower than they should be. Comparisons of the true DLT probabilities for dose levels
60mg/m” and 366mg/m” (Table 7-8) shows that by setting dose 60 to correspond to
the true TD in order to initiate a safe escalation, imposes very pessimistic information.
This therefore explains the underestimation of the target doses since the pseudo-data is
so heavily weighted, and therefore informative. The mean estimated TDs for the
subgroups of patients all lie in a much smaller range than their true TDs. The pseudo-
data was set in such a way that there was no covariate effect and all patients were
treated the same. Since this prior was so informative, this trend has continued

throughout the analyses and is still quite apparent in the final estimates.

7.5.2 Removing the pseudo-data from the final analysis

The final TD estimates could be recalculated without the pseudo-data included. In
practice this may be an attractive option to consider since the pseudo-data is only set
to initiate a cautious escalation. It does not depict actual belief so it may be

appropriate to remove it once useful and insightful data has been obtained.

Initially, the pseudo-data was removed from the final dataset for each trial and the
data was reanalysed stratified by trial. The calculation of the asymptotic variance
however was not possible. The inclusion of the pseudo-data not only ensures that the
escalation begins cautiously by putting a high DLT probability on the lowest dose, it
also puts a slightly lower probability of DLT than may actually be true on the highest
dose. The true overall probability of DLT for the highest dose for the baseline patient

is ~0.97. Also, the conditional probability of DLT for the first cycle is ~0.87. Since
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the escalation rarely reaches these high doses, when events occur at the slightly lower
doses, the probabilities for the higher doses are exaggerated. This is particularly
extreme when the pseudo-data is removed since there are no lower probabilities
associated with the high doses included. This then causes the estimate of the
conditional probabilities (particularly for cycle 1) to be equal to 1. On calculating the
asymptotic variance, there are terms included that require taking the natural logarithm

of 1-7,), .- When 7

(hi.ag =1 this logarithm tends to negative infinity hence the

calculation of the variance is not possible.

In order to combat this, the pseudo-data associated with just the baseline patient
(young male, age and gender covariate values = 0) can be left in. This ensures there is
some extra information put onto the highest dose so that the estimated probability of

toxicity does not tend to 1.

Some of the results from Tables 7-10 and 7-11 are shown again in Table 7-12, this

time reanalysed after the trial has stopped with only the pseudo-data for the baseline

patient.
Simulated from IC. Covariate values coded 0, 1.
Subgroup Young Old Male Young Old
True TD Male 408.12 Female Female
380.08 328.24 352.44
Mean Estimate of TD31.6 412.497 603.910 432.603 774.220
TD316 1.085 1.480 1.318 2.197
TD316
Mean R 3.961
Mean number of Cohorts 16.16
Use of Stopping Rules Precision Safety Maximum No.
96% - 4%
Table 7- 12: Some results from Tables 7-8 and 7-9 reanalysed without the pseudo-
data.
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Simulated from PO. Covariate values coded 0, 1.
Subgroup Young Old Male Young Old
True TD Male 408.12 Female Female
380.08 328.24 352.44
Mean Estimate of TD31.6 424.872 698.287 497.226 843.171
TD316 / 1.121 1.726 1.502 2.384
31.6
Mean R 4.0716
Mean number of Cohorts 15.99
Use of Stopping Rules Precision Safety Maximum No.
98% - 2%

Table 7-12 cont.: Some results from Tables 7-8 and 7-9 reanalysed without the
pseudo-data.

As can be seen, the TD estimates are now much worse than previously when the
pseudo-data was included. When simulated by the ICS model, the estimate for the
baseline patient (young male) is now on average overestimated by the same amount it
was underestimated before. The TDs for the other subgroups are now largely
overestimated, particularly for the category where there is strictly no pseudo-data
information (old female, age and gender covariate values = 1). The same trend is seen
when the data is simulated by the PO model. However, now even the TD for the
baseline patient is overestimated by more than it was underestimated before. The
mean R value is slightly increased, indicating a reduction in precision, and in the case
where the data is simulated by the IC model, the average R value is greater than the

precision cut-off point.

These results suggest that including the pseudo-data in the final estimates is important
for multiple reasons. Firstly, not including any pseudo-data results in the mathematical
issue of the calculation of the asymptotic variance being impossible, so some pseudo-
data should be included to ensure that the high doses, that are unlikely to actually be
experimented with, do not have exaggerated probabilities of DLT. Secondly, only
including pseudo-data for certain subgroups of patients results in large overestimation

of results and a reduction in the precision of these results. Since so few patients in
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each subgroup are actually seen, not including any prior information about certain
combinations of covariates again exaggerates results that could be obtained due to

random coincidence.

7.6 Investigating the amount of Pseudo-data to use

Since it has been concluded that some pseudo-data should be included for all covariate
combinations, the question is then how much pseudo-data should be included? Clearly
including n=3 pseudo-patients for each patient subgroup (in this case 4 subgroups) is
too much and is generally resulting in an underestimation of the TD estimates. The
fact that the informative pseudo-data depicts no difference between the subgroups of
patients also results in the final estimates spanning a much smaller range of doses than

is actually true.

The next investigation then is to incorporate the same number of pseudo-patients as
was used in the case of no covariates, i.e. n=3 pseudo-patients per dose, but to split
these 3 patients between the subgroups. This will result in each of the 4 categories

having n=3/4 patients starting cycle 1 on each dose.

7.6.1 Results from n=3/4 pseudo-observations per covariate category per dose
Changing the amount of pseudo data to correspond to 3 per dose level gives the

following results.
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Simulated from IC. Covariate values coded 0, 1.
Subgroup Young Old Male Young Old
True TD Male Female Female
380.08 408.12 328.24 352.44
Mean Estimate of TD31.6 371.53 423.67 314.70 333.24
'I"D31_6/ 0.978 1.038 0.959 0.946
TD3; 6
Mean R 523.146
Mean number of Cohorts 9.93
Use of Stopping Rules Precision Safety Maximum No.
93% 7% -
Simulated from PO. Covariate values coded 0, 1.
Subgroup Young Old Male Young old
True TD Male Female Female
380.08 408.12 328.24 352.44
Mean Estimate of TD31.6 410.25 429.75 349.25 363.36
’I"D31.6/ 1.083 1.062 1.055 1.028
TD3, 6
Mean R 5.081
Mean number of Cohorts 10.73
Use of Stopping Rules Precision Safety Maximum No.
98% 2% -

Table 7- 13: Results from 100 trials simulated by ICS or PO models with n=3/4 per
category for pseudo-data.

Table 7-13 shows the results with n =3/4 pseudo-patients per subgroup per dose.
These results are somewhat different to what was found when n=3 pseudo-patients per
subgroup per dose were used. The main point to note is the fact that the R values are
bigger (particularly noticeable when simulated by the IC model) and the safety rule is
used here. The TD estimates across the subgroups are more widely spread, but they
are not more accurate. Generally the estimated target doses are larger than before,
although those for females are less when data are simulated from the ICS model. The
results from the escalations when the data is simulated by the ICS model have a
particularly large average R value. This is due to the fact that in seven instances, the
safety rule had to be used. Of these 7 trials, 4 of them did not proceed to cohort 2
since an event was randomly generated in cycle 1 for a patient in cohort 1 (dose 60)

and because such little information was used a priori, this event overrode the prior
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information and suggested that even the lowest dose was unsafe. In one of these
instances, the value of R that was computed was equal to 2072.31, the other 3 gave
similar R values, which explains why the average R value is so skewed. The other 3
times the safety rule was used occurred after cohort 3 and after cohort 4 where again
low doses were still being administered and the first inclusion of a new subgroup
resulted in a DLT in that subgroup. This again overrode the limited prior data and
suggested that even the lowest doses were too toxic for that new subgroup. Because of
the small amount of information, the precision of the estimates obtained was very
poor, hence the extremely large average reference range ratio. This also explains the
very low average number of cohorts since several stopped so early and skewed the
results. When the data was simulated by the PO model, fewer events occurred on low
doses. This is due to the random nature of simulation and therefore the safety rule was
used less frequently. This explains the lower value of R and the slightly higher

average number of cohorts.

In order to investigate how well the rest of the trials actually performed when the early
events did not occur on low doses, the trials where the safety rule stopped them have

been removed.

Simulated from IC. Covariate values coded 0, 1.
Subgroup Young Old Male Young Old

True TD Male Female Female

380.08 408.12 328.24 352.44

Mean Estimate of TD31.6 392.47 412.73 335.885 348.44

’fbsm 1.033 1.011 1.0233 0.989

TD3q6

Mean R 3.763
Mean number of Cohorts 10.53

Table 7- 14: Results from 93 trials when generated by ICS, 98 when generated by PO.
With n=3/4 per subgroup per dose for pseudo-data without trials that stopped for
safety.
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Simulated from PO. Covariate values coded 0, 1.
Subgroup Young Old Male Young Oold
True TD Male Female Female
380.08 408.12 328.24 352.44
Mean Estimate of TD31.6 398.52 434.44 353.39 368.57
TD31_6/ 1.049 1.065 1.077 1.046
31.6
Mean R 3.704
Mean number of Cohorts 10.89

Table 7-14 cont.: Results from 93 trials when generated by ICS, 98 when generated by
PO. With n=3/4 per subgroup per dose for pseudo-data without trials that stopped for
safety.

When data were simulated by the ICS model, the removal of the 7 trials which
stopped for safety produced better estimates compared to previously and also
compared to when n=3 pseudo-patients were used per subgroup (Table 7-14). When
data were simulated by the PO model, the removal of the 2 trials which stopped for
safety the estimates remain very similar to before. The mean R of the estimates are
much improved though and the average number of cohorts required to meet the
precision stopping criterion is largely reduced. It would seem that using less prior
pseudo-data does create better results overall, but the issue remains that when events
do happen earlier, the use of such little prior information causes the trial to stop for
safety. This can happen if the first observation for a specific subgroup of patients
happens to be an event, since the only other information for that patient is now of
much less weight. The fact that the pseudo-data corresponds to less than 1 observation
could be the reason for this. If there were at least the same amount of patients in each
subgroup in the pseudo-data as in the first set of observations, the pseudo-data may
not be overridden so quickly. Consideration is now given to include at least one
pseudo-observation per subgroup per dose. In this setting that would correspond to 4

pseudo-patients per dose level which is still much less than the original idea of 3 per
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subgroup per dose, resulting in 12 pseudo-patients per dose level, and similar to the

idea of 3 per dose-level overall.

7.6.2 Results from n=1 pseudo-observations per covariate category per dose
Using 1 pseudo observation per patient subgroup per dose level gives the following

results.

Simulated from IC.

Covariate values coded 0, 1.

Subgroup Young Old Male Young Oold
True TD Male Female Female
380.08 408.12 328.24 352.44
Mean Estimate of TD31.6 402.93 403.53 350.02 355.74
TD316 / 1.060 0.989 1.066 1.009
TD316
Mean R 10.171
Mean number of Cohorts 12.11
Use of Stopping Rules Precision Safety Maximum
No.
98% 2% -
Simulated from PO with Covariate values coded 0, 1.
covariate values 0, 1.
Subgroup Young Old Male Young Old
True TD Male Female Female
380.08 408.12 328.24 352.44
Mean Estimate of TD31.6 384.64 432.54 335.47 361.15
TDs16 1.015 1.069 1.013 1.021
TD316
Mean Estimate of R 4.667
Mean number of Cohorts 12.28
Use of Stopping Rules Precision Safety Maximum
No.
99% 1% -

Table 7- 15: Results from 100 trials simulated by ICS or PO models with n=1 per
subgroup per dose for pseudo-data.

The results from using one patient per subgroup seem much better (Table 7-15). The

use of the safety rule is observed much less here, suggesting that having one patient

per covariate category does indeed stop the random occurrence of early DLTs

overriding any cautious pseudo-data that has been included. There are still some

occurrences of the safety rule being used which is to be expected if more than one
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DLT occurs for one covariate category early on. This is very infrequent though. The
TD estimates are generally similar to those found when using n=3/4 per subgroup for
the pseudo-data but slightly better. The only result that seems worse from these results
is the average number of cohorts required. This is slightly larger here, but the only
reason that it is larger is because the trials that stopped for safety very early on due to
early occurrences of DLTs no longer stop for safety so early. When compared to
Table 7-14, using n=3/4 pseudo-patients per subgroup per dose but without the safety
stops, the required number of cohorts is more similar, however it is still slightly larger
here. This is due to the fact that slightly more pseudo-data implies that the model will
not converge to the expected parameter estimates quite as quickly, and therefore not

produce TD estimates that are good in such a quick time.

The results from using 1 pseudo-patient per subgroup per dose are much more
promising. There is still the issue though that some trials are stopping for safety due to
the overriding of the pseudo-data early on. One might want to use slightly more than
one pseudo-patient per subgroup per dose. However, since one does not want to use
too much pseudo-data due to the fact the estimates do not converge properly, it can be
suggested to use 1.5 patients per subgroup per dose. This should still recommend that
if one DLT occurs for a low dose early on, the pseudo-data is still more informative
than the observed data so lower doses should still be administered. If more than one
DLT is observed, although the data is now more informative, the pseudo-data still has
some substantial weight rather than contributing just half of the information. This
should therefore reduce the extreme probability of a DLT occurring for the lowest
doses and reduce the chance of the safety rule stopping the trial for fear of the lowest

dose being too toxic.
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7.6.3 Results from n=1.5 per covariate category per dose
Using more than 1 pseudo-observation per patient subgroup gives the following

results.

Simulated from IC.

Covariate values coded 0, 1.

Subgroup Young Old Male Young Oold
True TD Male Female Female
380.08 408.12 328.24 352.44
Mean Estimate of TD31.6 386.71 390.15 350.84 363.94
szm/ 1.017 0.956 1.069 1.033
TD3y 6
Mean R 5.213
Mean number of Cohorts 13.87
Use of Stopping Rules Precision Safety Maximum
No.
97% 1% 2%
Simulated from PO with Covariate values coded 0, 1.
covariate values 0, 1.
Subgroup Young Old Male Young Old
True TD Male Female Female
380.08 408.12 328.24 352.44
Mean Estimate of TD31.6 394.30 401.57 361.60 352.58
TDs16 1.041 0.992 1.092 0.997
TD316
Mean Estimate of R 3.883
Mean number of Cohorts 14.21
Use of Stopping Rules Precision Safety Maximum
No.
98% 0% 2%

Table 7- 16: Results from 100 trials simulated by ICS or PO models with n=1.5 per
subgroup per dose for pseudo-data.

The results from the investigation with n=1.5 pseudo-patient per subgroup per dose

shows that this does generally eliminate the problem of the safety rule causing the

escalation procedure to cease very early on (Table 7-16).

The TD estimates here are generally very similar to when less pseudo-data was

incorporated. However, the compromise of requiring slightly more cohorts is again

apparent. Particularly when compared to Table 7-14. Again this is due to the increased
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amount of pessimistic prior information included which reduces the speed of the

parameter convergence to the expected parameter values.

There is still one occurrence of a safety stop but this is due to one of the most at risk
subgroups experiencing a DLT in the first cycle of the first cohort. The first cohort
contained patients from two different categories (1 older female, 2 younger males).
The older female category is more at risk than the younger males and experienced a
DLT during their first cycle whilst the younger males did not. The second cohort then
were recruited and consisted of 1 older male, 1 younger female and 1 older female. By
the second cohort, the only observations for the older male and younger female
subgroups are from the pseudo-data. The observations from cohort 1 do increase the
probability of a DLT for these categories, but the pseudo-data is still informative
enough to ensure that the lowest dose still seems safe. However, for the older females,
the observed DLT at the lowest dose suggests that it is not safe enough for this

subgroup.

These results suggest that using n=1.5 for the pseudo-data does stop the safety rule
from being used too easily early on in the trial, however on the occasion when there is
an observed event on the only patient within a covariate category (e.g. older female)
during the first cycle of the first cohort, should a patient in the second cohort be in the
same covariate category then there is not enough information to suggest that the

lowest dose is actually safe.

This is not unreasonable however, as in earlier investigations when no covariates were
incorporated, trials still occasionally stopped for safety reasons early on when a DLT

randomly occurred on a low dose.
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The average length of the trial is also quite short. Although some compromise has had
to be reached in order to ensure the trials do not stop for safety too often, the average
number of cohorts is still similar to previous investigations despite the fact that there
is slightly more prior information per dose level which could slow down the parameter

convergence.,

7.6.4 Conclusions

Using n=1.5 pseudo-patients per subgroup per dose level is suitable to implement as it
produces reasonable TD estimates which are specific to each subgroup, even when no
prior knowledge of a differing risk between covariate categories is known. It also
provides enough prior information to ensure that early observations of DLTs do not
override the pseudo-data and stop early for safety reasons unless completely necessary
(i.e. when a DLT occurs in cycle 1 of cohort 1 and no other observations for that

category are obtained).

The remaining question is then whether it is ethical to treat all patients, regardless of

their baseline covariates, at the same initial dose level.

7.7 Investigating the Inclusion of a Prior Covariate Effect

This investigation looks at including a covariate effect in the pseudo-data, so that
patients could start the escalation at different doses which may not necessarily be the

lowest dose, dependent on their covariate levels.

In order to incorporate this, some thought needs to go into how the first dose should
be allocated. The most at risk subgroup investigated is that of the younger females.
Given the actual simulation parameter values, the probabilities of DLT at dose
366mg/m” and the closest available dose levels for the different patient subgroups are

shown in Table 7-17.
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P(DLT)
Covariate category 300 366 420
Young Female 0.2834 0.3591 0.4191
Old Female 0.2596 0.3304 0.3873
Young Male 0.2348 0.3020 0.3554
Old Male 0.2157 0.2769 0.3270

Table 7- 17: P(DLT) at various doses for each covariate category

The dose level 300 produces a probability of DLT closest to 31.6% for the female
patients, whereas the dose level 420 produces the probability of DLT closest to 31.6%
for the male patients. This therefore implies that different dose levels may well be

required to be administered to different categories of patient.

In order to incorporate a covariate effect in the pseudo-data, the pseudo-data can be
set so that the lowest dose 60mg/m” corresponds to the probability of DLT at dose 366
as shown in Table 7-17. However, given the parameters associated with the pseudo-
data, the doses that would correspond to P(DLT)=0.316 would suggest that the
females require a dose level below the lowest dose which is not feasible. Therefore,
the dose to be administered to the first cohort should correspond to the highest
P(DLT)=0.3591. This would ensure that the young female subgroup would be
allocated the lowest dose 60 and the less at risk subgroups are then able to receive a

slightly higher dose.

The system of equations associated with the relevant pseudo-data is shown in equation

(7.4).

log(—log(1— 7361 0)) = log(—log(1-0.19)) = y, + & 1log 60
log(—log(1 = 734 , 00 )) = log(~log(1-0.09)) = 7, + & log 60
log(—log(1 = 735 5,)) = log(—log(1-0.05)) = 7, + Olog 60
log(—log(1— 7569, 4 ,)) = log(~log(1-0.48)) = , + @log 1700
log(—log(l = 73, ,)) = log(—log(1-0.23)) =y, +v + 810og 60
log(—log(1 =73, ) = log(~log(1-0.17)) = , + £ + £ 10g 60

(7.4)
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This calculates the relevant parameter values based on the existing P(DLT)s at dose

366mg/m’ as calculated in previous chapters. Those parameters are shown in Table 7-

18.

Y1

Y2

Y3

0

$

v

-2.9425

-3.6929

-4.14127

0.3389

-0.1033

0.2129

Table 7- 18: Parameter values associated with the pseudo-data

According to these parameters, the doses that have probability closest to

P(DLT)=0.3591 are d=60mg/m? for females and d=120mg/m? for males irrespective

of age.

Table 7-19 shows the pseudo-data that was implemented, based on the parameter

values in Table 7-18, to initiate these dose escalations.

Covariate Dose d ag’ ng’ t'=ng’ng’
Category
ICSDP a=0, g=1 dy, cycle 1 0.23 3 0.69
TTL=0.3591') a=-05¢=0.5 == qes [ o0.1161 231 02682
dg, cycle 3 0.0583 2.0209 0.119
dp), cycle 1 0.556 3 1.668
dyy, cycle 2 0.3184 1.332 0.4241
dgp), cycle 3 0.1704 0.9079 0.1546
ICSDP a=1, g=1 dy), cycle 1 0.21 3 0.63
TTL=0.3591 [ a=05¢=05 =7 = le2 | 0.1053 237 0.249
dy), cycle 3 0.0527 2.1204 0.1117
dgp), cycle 1 0.5192 3 1.5576
dgpy, cycle 2 0.2923 1.4424 0.4216
dgpy, cycle 3 0.1549 1.0208 0.1581

Table 7- 19: Pseudo-data for all subgroups of patients with a prior covariate effect
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ICSDP a=0, g=0 duy, cycle 1 0.1904 3 0.5712

TTL=0. =-0.5 g=0.
035911 a=05¢=05 =7 "yele2 | 00949 | 24288 | 02305

dgy, cycle 3 0.0474 2.1983 0.1042

da,oydle 1 | 04812 3 1.4436
du,cycle2 | 02664 | 15564 | 04146

d,cydle3 | 0.14 1418 | 0.1599

ICSDP a=1, g=0 dg), cycle 1 0.1735 3 0.5205
TTL=0.3591 | a=0.5 =05 = e o [ 0.0860 | 24795 | 02132
dy,cycle3 | 00428 | 22663 | 0.097

dw, cycle 1 0.4467 3 1.3401

du,cycle2 | 02438 1.6599 0.4047

dp), cycle 3 0.1272 1.2552 0.1597

Table 7-19 cont.: Pseudo-data for all subgroups of patients with a prior covariate
effect

Extra data was generated for the males for the first cohort at dose 120mg/m” and these

were allocated to the first cohort.

The results of 100 trials with this pseudo-data are shown in the next section. While
n=3 is shown for the pseudo-data here, the conclusion from the previous section
suggest n=1.5 is much more appropriate so it will be adapted to correspond to n=1.5

for cycle 1.

7.7.1 Results
Incorporating a prior effect between patient subgroups in the pseudo-data gives the

following results.
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Simulated from IC. Covariate values coded 0, 1.
Subgroup Young Old Male Young Old
True TD Male Female Female
380.08 408.12 328.24 352.44
Mean Estimate of TD31.6 391.02 401.01 332.352 342.05
71331‘6/ 1.029 0.983 1.013 0.971
TD36
Mean R 5.143
Mean number of Cohorts 13.62
Use of Stopping Rules Precision Safety Maximum
No.
96% 3% 1%
Simulated from PO. Covariate values coded 0, 1.
Subgroup Young Old Male Young Oid
True TD Male Female Female
380.08 408.12 328.24 352.44
Mean Estimate of TD31.6 393.10 415.15 334 .47 357.53
TD31 6 1.037 1.026 1.010 1.011
TD3,6
Mean R 4.254
Mean number of Cohorts 13.77
Use of Stopping Rules Precision Safety Maximum
No.
97% 1% 2%

Table 7- 20: Results from 100 trials simulated by ICS or PO models with covariate
values 0, 1 with n=1.5 per subgroup per dose with a prior covariate effect for pseudo-
data.

These results are similar to the results obtained without using the prior covariate effect
in the pseudo-data (Table 7-20). However, the main issue here is the fact that there are

an increased number of trials having to stop for safety again.

Since a different dose level is suitable for different subgroups of patients from the
beginning but with little observed information, if more patients at a certain level of a
factor (e.g. males) have been observed then the dose to allocate to the other level of
the factor (e.g. females) may be increased without the relevant support. Since females

tolerate a lower dose than males, this then causes trials to stop early for safety reasons.

To investigate this more, the same procedure (with a prior covariate effect) is used but

this time with a larger amount of pseudo-data for each category again. This may not
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be reasonable to do in practice, however to investigate the reason for the safety stops it

is necessary.

7.7.2 Results with an increased amount of pseudo-data

Simulated from IC. Covariate values coded 0, 1.
Subgroup Young Old Male Young Oold
True TD Male Female Female
380.08 408.12 328.24 352.44
Mean Estimate of TD31.6 370.13 406.40 305.07 335.76
TD316 0.974 0.996 0.929 0.9527
TD316
Mean R 3.887
Mean number of Cohorts 15.77
Use of Stopping Rules Precision Safety Maximum
No.
98% - 2%
Simulated from PO. Covariate values coded 0, 1.
Subgroup Young Old Male Young Old
True TD Male Female Female
380.08 408.12 328.24 352.44
Mean Estimate of TD31.6 376.09 398.46 317.86 328.93
TD316 / 0.992 0.9847 0.960 0.930
31.6
Mean R 3.886
Mean number of Cohorts 15.45
Use of Stopping Rules Precision Safety Maximum
No.
99% - 1%

Table 7- 21: Results from 100 trials simulated by ICS or PO models with covariate
values 0, 1 with n=3 per subgroup per dose and a prior covariate effect for pseudo-
data.

These results show that the estimated TDs are not as good as when there is less prior

data included, even though there are no trials stopping for safety (Table 7-21).

Here the prior covariate effect is particularly influential. This causes the estimates to
be lower than they should be, particularly for the patients who have a much lower
target dose since such a heavy pessimistic prior is placed on those particular patients.

As before when there was too much pseudo-data, the actual patients observed meant

184



that there was likely to be less observations for some categories of patients than

pseudo-data.

7.7.3 Conclusions

It can be concluded that a prior covariate effect should not be implemented even if
there may be some belief to suggest there will be a difference in drug tolerability for
different subgroups of patients. When there is the same amount of pseudo-data as
concluded before, the occurrence of stopping for safety is once again increased. Since
there is particularly sceptical information on a certain type of patient, if those patients
are observed to have experienced a DLT very early along with patients from another
subgroup that don’t, the prior effect is magnified and the trial is forced to stop if

another patient of the most at risk categories is recruited.

7.8 Overall Conclusions

The conclusions from including baseline covariates are positive. It is possible to
conduct personalised escalation procedures for different types of patients and
conclude a target dose that is suitable for each type of patients when a difference in

tolerability is apparent in different categories of patients.

In order to conduct the procedure, it should be suggested to begin with that there is no
covariate effect acknowledged and all patients should enter the dose-escalation
procedure with what is believed to be an equal chance of experiencing a DLT. Only if
a difference in tolerability becomes recognised through the observed patients should a
covariate effect be concluded. This is easily achievable due to the rearrangement of
the link function used in this chapter allows the estimation of the TD with no covariate
values which is then transformed to the subgroup specific TD. If it is deemed that no
covariate effect is present, the TD without any covariate values can be concluded as
the population TD.
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The prior knowledge used to initiate the procedure should be enough to keep the
escalation cautious to begin with, but not so much that the difference in target dose is
not noticeable by the end of the trial. Therefore, it is proposed to use more than one
pseudo-patient per covariate subgroup, specifically 1.5 pseudo-patients. When there is
2 or greater patients, it can take a long time for the observable data to obtain the same
weight as the pseudo-data since there may be multiple combinations of covariate
categories to recruit from. However, when there is only 1 pseudo-patient, the first
observation of a patient from a certain covariate category can outweigh the sceptical
prior information and the procedure may escalate too fast, recommending a dose that

is too toxic for a certain patient.

The procedure producing the results in Table 7-16, the ICSDP using coding values of
0, 1 for the factor levels and having 1.5 patients per covariate category per dose in the

pseudo-data, is repeated 1000 times to obtain some more precise results.

Simulated from IC. Covariate values coded 0, 1.
Subgroup Young Old Male Young Old
True TD Male Female Female
380.08 408.12 328.24 352.44
Mean Estimate of TD31.6 366.70 397.11 327.63 351.94
TDs316 0.967 0.981 0.989 0.995
TD316
Mean Estimate of R 5.567
Mean number of Cohorts 14.03
Use of Stopping Rules Precision Safety Maximum No.
96.8% 1.7% 1.5%

Table 7- 22: Results from 1000 trials simulated by ICS or PO models with n=1.5 for
pseudo-data.

The results here are consistent with those in Table 7-16 with the estimates all being

estimated very well in quite a short amount of time.
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7.9 Remarks

The results of this chapter are very promising in showing how the ICSDP can be
developed to include personalised dose-escalation procedures for different subgroups
of patients. This simulation study considered four subgroups created by two factors at
each of two levels however the methodology could be used for any number of

subgroups.

A natural extension of this work would be to consider continuous covariates for
inclusion in the development of personalised dose-escalation procedures. For
example, age to the nearest year on a continuous scale could be included. To include a
continuous covariate, it would be necessary to define a relationship between the
continuous variable and P(DLT), e.g. a linear term in the complementary log-log link
function. If age were to be included as a linear term, the pseudo-data could be created
by using the model to obtain a P(DLT) at two given covariate values, e.g. age=40, 60.
This was not possible with the data investigated in Chapter 3 since the covariate data,
specifically age, was quite clustered around a small range (50-60) with a few
exceptions. Furthermore, the differences in drugs and doses administered across the
38 trials made it inappropriate to develop assumptions regarding P(DLT), which is
why the general trend of occurrence of first DLTs was utilised, but applied to a

general setting of P(DLT)=20% for cycle 1.

The amount of pseudo-data may need some investigation when using continuous
covariates, since it will not directly relate to specific subgroups. However, a good
starting point would be to ensure that slightly more than 1 pseudo observation per
covariate value per dose be included to ensure that the pseudo-data is not overridden

too quickly.
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The inclusion of continuous covariates will be considered in chapter 8, when the use
of time-dependent covariates which can act as a marker for a patient’s tolerance to the
drug are explored. The approach for incorporating continuous covariates into the

pseudo-data will therefore be described and discussed then.
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8. Allowing For Lower Grade
Toxicities in the Analysis of DLTs

The work conducted so far suggests that including information from later cycles

enables the dose-escalation procedures to be shorter with generally more accurate and
precise estimates of the TD. Incorporating baseline covariates to represent patient
characteristics, such as gender and age, allows patients to receive personalised dose
administrations. When used with the ICSDP to allow later cycles of therapy to be
included, this still produces accurate and precise TD estimates in a short amount of
time, suggesting that increasing flexibility to allow for differences between patients is

not detrimental to the procedure.

The next stage is to consider if occurrences of toxicity which are less serious than
DLTs, might be of use in the dose-escalation procedure. Although the requirement of
the dose-escalation studies are to define a target dose which corresponds to a tolerable
amount of dose limiting toxicities, one should still acknowledge the fact that lower
grade toxicities (LGTs) occur more frequently. In fact, if LGTs (specifically grade 2)
happen too frequently, clinicians may be encouraged to deescalate the dose or stop the
patient from participating in the trial due to intuition that if multiple LGTs are
occurring, the chance of a DLT is increased. P(DLT) now corresponds to a randomly
chosen patient from the population but is adjusted based on the observations of LGTs

as a marker for their tolerance.

8.1 Motivation

Investigation of the relationship between the occurrence of LGTs and the occurrence
of DLTs was explored using data from a Phase I dose-escalation trial conducted at

The Christie Hospital [17]. This Phase I study recruited patients with Hodgkin
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Lymphoma in order to determine the MTD, and data on grades I, 2 and 3/4 toxicities
were recorded for the first 3 cycles of therapy. It has been identified by the German
Hodgkin Study Group (GHSG) that an increased rate of grade 3/4 toxicities was
associated with an improved outcome. Therefore dosing was recommended based on a
dose corresponding to a certain level of toxicity rather than body surface area, as had
been previously recommended. Levels of known biomarkers have been linked with
tumour response and toxicity, so an exploratory aim of this study was to conclude
some relationship between the biomarker and probability of toxicity (considering
multiple levels of toxicity) to allow personalisation of future dosing, based on baseline

levels of the biomarker.

The Christie dataset was used rather than the Postel-Vinay [1] dataset since a
relationship between the number of LGTs and the occurrence of DLTs was to be
investigated and quantified. With the Postel-Vinay dataset there was little information
regarding the specifics of each study and there was likely to be a different relationship
for each study. For the Christie study, more information was known and a specific
relationship could be derived. However, the patterns of occurrences of DLTs over
time obtained from the Postel-Vinay dataset (halving with successive cycles) are still
used in the simulation study presented in this chapter, since they have been obtained

from a much larger dataset.

The aim of the Christie study was to investigate the levels of a biomarker at different
stages of therapy to see if there was a relationship between the occurrence of toxicity
(mainly Gr3/4) and the level of the biomarker. Not all grade 3 toxicities were dose

limiting according to the protocol.
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To investigate the relationship between LGTs and DLTs, data from the first three
cycles of therapy for each patient are used. If a grade 3 toxicity occurred that was
specified in the protocol as not dose limiting, the toxicity was left as a non-DLT. If
however a grade 3 toxicity occurred that was not excluded as a DLT in the protocol,
yet it had not been recorded as a DLT, it was included as a DLT. If a DLT occurred in
cycle 1 or 2, any further information from the relevant patient was disregarded as

interest is still in the occurrence of the first DLT.

Table 8-1 shows the number of DLTs occurring in each cycle in the dataset.

Cycle # of first DLTs/n patients
1 2/22=0.09
2 3/20=0.15
3 3/17=0.18

Table 8- 1: Number of patients with their first DLT in each cycle.

There is a slightly increasing rate of occurrence of a first DLT with cycle which is
somewhat contradictory to what was found with the Postal-Vinay dataset. However

this is a very small trial (n=22 patients) so it may not be completely reliable.

The dataset can then be split into two subsets, the patients who experienced a DLT in
a given cycle and those that did not. Table 8-2 shows the total and average number of
LGTs per patient in each subset in cycles prior to the specific cycle investigated. The
observed number presented for cycle 2 are those observed during cycle 1, and

presented for cycle 3 are those observed during cycle 1 and 2.

DLT occurred No DLT occurred
Cycle n LG before n LG before
1 2/22 - 20/22 -
2 3/20 54, 18/patient 17/20 194, 11.4/patient
3 3/17 76, 25.3/patient 14/17 323, 23.1/patient

Table 8- 2: Numbers of LGTs for patients in cycles prior to the cycle of interest. For
patients that did and did not experience a DLT in the specified cycle.
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As can be seen, on average there is a higher number of LGTs occurring prior to the

specified cycle for a patient who experienced a DLT when compared to a patient that

survived the cycle without a DLT.

The LGTs (grade 1 and 2) have been grouped into one category since there are very
few occurrences of grade 2 toxicities. When looking at grade 1 toxicities alone, there
is a similar trend, where patients who experience a DLT in cycle 2 have on average
17.3 grade 1 toxicities prior to cycle 2 and those who don’t experience a DLT in cycle
2 have on average 8.8. For cycle 3 the number of grade 1 toxicities prior to cycle 3 is

20 for patients who experience a DLT as opposed to 19.1 for those who don’t.

It may be more reasonable to look at the number of LGTs occurring up until the
occurrence of a DLT, as this includes LGTs that occur in the same cycle as a DLT but

observed before it. Since the dates of all occurrences of toxicities are known, this is

achievable.
DLT occurred No DLT occurred
Cycle n LGTs before (inc.same n LGTs before
cycle) (inc.same cycle)
1 2/22 16, 8/patient 20/22 249, 12/patient
2 3/20 77, 25.7/patient 17/20 409, 20.5/patient
3 3/17 116, 38.7/patient 14/17 543, 31.2/patient

Table 8- 3: Numbers of previous LGTs for patients that did and did not experience a
DLT in a given cycle. Including LGTs that occurred in the same cycle.

Apart from the first cycle, the differences are magnified here. On average, many more
LGTs occur previously for those patients experiencing a DLT than those who do not
experience one. Clearly the comparison of patients experiencing DLTs to patients not
experiencing them is biased due to the difference in follow up time. Therefore,
patients who do not have a DLT are followed-up for LGTs over a longer period of

time and so one might expect them to experience more. Evidently this is not the case.
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Since the trends are similar when looking at LGTs occurring in cycles prior to the
cycle of interest, and LGTs occurring right up to the time of the DLT or end of the
cycle of interest, it can be concluded that an increased chance of a DLT is associated

with a larger number of prior LGTs.

In order to simulate a realistic dataset with regards to occurrences of LGTs, some
understanding of this relationship is required. Table 8-4 shows the number of LGTs

(split also into grade 1 (G1) and grade 2 (G2) toxicities) in each cycle.

Cycle Gl G2 LG (G1+G2)
1, n=22 215, 9.8/pat 49, 2.2/pat 265, 12.0/pat
2, n=20 198, 9.9/pat 40, 2/pat 238, 11.9/pat
3, n=17 186, 10.9/pat 74, 4.4/pat 260, 15.3/pat

Table 8- 4: Occurrence of LGTs in each cycle.

Table 8-4 suggests that there is a constant rate of occurrence of LGTs for the first 2
cycles which increases slightly for the last cycle. Since there is no obvious pattern,
one could conclude for simplicity’s sake that the rate of occurrence of LGTs remains

constant throughout all three cycles of therapy.

8.2 Methodology

It is proposed to include the occurrence of LGTs as a way of predicting the occurrence
of a DLT, specifically as a covariate. Patients should be able to deescalate between
dosing cycles if more than the expected number of LGTs occurs or perhaps escalate

further if they appear to be tolerating the drug better than expected.

Since the effect on the chance of DLT will change dependant on which cycle of
therapy a patient is in and how many occurrences of LGTs they experience, the
covariates relating to LGTs will be time-dependant. The covariates will only change

between cycles though, which should not affect the proportional hazards assumption

193




adopted for the use of the ICS model. The argument used for the use of the piecewise

Cox model to retain proportional hazards applies here also.

The piecewise Cox model assumes that covariates which differ in different periods of
time can be still utilized if the proportional hazards assumption is still maintained
within the different time periods. This theory can be extended to the ICS model, since
the time periods are just the intervals, provided the covariates only change between

intervals.

This is the case when looking at the number of LGTs in preceding cycles. The number
of observed LGTs changes dependent on which cycle of therapy a patient is in but is
considered to be constant throughout the cycle. This is an acceptable approach to take,
since although the number of LGTs will change throughout the cycle, the dose
adjustments and analysis can only occur at the end of each cycle. So it can be assumed
for analysis purposes that the number observed previously, does not change
throughout the cycle. Therefore the proportional hazards assumption is maintained

within cycle and the ICS model assumptions can be upheld in this setting.

8.3 Simulation Methods

In order to simulate the occurrence of DLTs, the number of LGTs needs to be
simulated first. As one would expect the probability of a DLT to increase with an
increase in dose, it can be assumed that a higher number of LGTs will also occur with
an increase in dose. It is reasonable to assume that as the mean number of LGTs
increases with dose, so does the variance. Therefore, it is proposed that the number of

LGTs in a cycle for a patient on dose level d,, (LG;,) follows a log-normal

i)

distribution as shown:
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log(LG,) ~ N(log(LG, ), sd* ).

From Table 8-4 it can be seen, that on average, the number of LGTs per patient per
cycle occurring throughout the study is approximately 13 (12 in cycles 1 and 2, 15 in
cycle 3). Since it can be assumed that the average dose throughout the trial is the TD,
the average number of LGTs can be assumed to occur at the average dose, the TD.
Therefore, in the simulation study, the rate at which toxicities occur according to dose

are calculated based on a TD of 366mg/m®. That is:

LG, =2d,,
13= 4366,
A=0.0355.

The mean numbers of LGTs for each discrete dose level are then calculated and

displayed in Table 8-5.

d,, 60 | 120 | 200 | 300 | 420 | 630 | 945 | 1400 | 1700

R;( 2.13 | 426 | 7.10 | 10.65 | 1491 | 22.37 | 33.55 | 49.70 | 60.35
)

log(fém) 076 | 1.45 | 1.96 | 237 | 2.70 | 3.11 | 3.51 391 | 4.10

Table 8- 5: Mean number of LGTs for each dose.
In order to determine an appropriate value for the standard deviation (sd)of the log-
Normal distributions, the observed standard deviation of the number of LGTs from the
Christie data is used. This is assumed to be the standard deviation associated with the
target dose (366mg/m?). Based on the properties of the Normal distribution, 95% of
LGTs at the TD occur within 2 standard deviations of the average number of LGTs.
From the Christie data, a standard deviation of 3 was found to correspond to the
average number of LGTs observed. This therefore implies that 95% of LGTs occur in

the interval (13+6) =(7,19). Based on the log scale, when a standard deviation of 0.2
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is used, the 95% interval is (2.1649, 2.9649) which corresponds to an interval on the
original scale of (8.71, 19.39) which is reasonably similar to that observed from the

EDA. Therefore the standard deviation to be used for all doses on the log scale is set

to 0.2.

The number of LGTs that occur is then simulated from the log-Normal random
variable for each cycle for each patient dependent on the dose administered. In the
first simulation study it is assumed that there is a constant rate of occurrence for LGTs
across cycles. This may not be appropriate in reality due to a reducing tolerance due to
a prolonged exposure to the drug, but it is assumed here based on the data in Table 8-
4. Once the number of LGTs has been generated for each cycle for each patient, the
occurrence of a DLT can then be simulated. There are two approaches to this part of
the simulation. First, interest lies in whether the inclusion of a time changing covariate
aids the estimation of the probability of a DLT. Therefore, a model based on two time-
dependent covariates (the number of LGTs during the first and second cycles) is used.
Only the number of LGTs in cycles 1 and 2 are generated since these are the
covariates that will allow adjusting doses after cycle 1 and after cycle 2 and there are

only 3 cycles observed for DLTs. The model is given in equation (8.1).

log(—log(1-7, ;) 16,,,.06,, ) =V + LG pu+ LG 0 +0log(d ). 8.1

When /=1, LG .,LG

s LG, ), =0, since the number of LGTs in cycle 1 and 2 have not

yet been observed. When /=2,LG, ),

=0, since the number of LGTs in cycle 2 have
again, not yet been observed. The probability of a DLT associated with each cycle

only depends on the LGTs in cycles strictly prior to the current cycle.

Second, since the number of LGTs have been generated to depend on dose also,

interaction terms between the number of LGTs during the first and second cycles and
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dose could be incorporated into the model to produce more appropriate values for the
probability of a DLT. This is given by:

108(_ log(l - ”l.(j)»LG LG j2 ))

v (8.2)
=7,+ LG, 1+ LG, ,0+8log(d,,)+xLG, ,, log(d, ) + LG, , log(d ).

Again, when /=1, LG . ,LG

Gn» ()2

=0, and when / =2, LG

2 =0.
The analysis model used for the dose adjustments between cycles in the dose-
escalation procedure will be the same as model (8.1). Therefore, the data generation
using model (8.2) will test the robustness of the procedure when there is inconsistency
in the data generation and analysis models. There will be some investigation into

using model (8.2) for the analysis also to see if the additional interaction terms aid the

precision of the estimates.

In order to obtain suitable values for the parameters in the generation models, some
assumptions have been made. For the generation based on model (8.1), at the average
number of LGTs at the TD of 366, the same DLT probabilities will be set as in the
simulations of Chapter 5and 6. This will correspond to the following equations:

log(—log(l - 7, 34)) = log(—log(1 - 0.2)) = 7, + Blog(366),

log(—log(1 -7, ,65)) = log(—log(1 - 0.5)) = », + O 10g(799),

log(—log(l = 77, 346 1,-13)) = log(—log(1-0.1)) = ¥, +13 1+ 610g(366),

log(~log(l = 77; 366 1.6, =13.16,=13)) = 108(~ log(1-0.05)) = 7 +1 3u+130 +601log(366).
There are not enough equations to solve for the number of parameters however so
further assumptions need to be made. When the number of LGTs observed in cycle 1
is 18 (nearly 50% more than the average number of 13), the probability of DLT will
increase by 50% in cycle 2 to 0.15. When the number of LGTs observed in cycle 2 is

18, the probability of DLT in cycle 3 will increase by 50% to 0.075. This corresponds
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to the complete system of equations that needs to be solved to obtain values for all 6

parameters:

log(—log(1 -7, ) = log(—log(1-0.2)) = y, + 8 10g(366),
log(—log(1— 7, ,55)) = log(~log(1~0.5)) = ¥, + 81og(799),
log(—log(1 - 73 366,1G,=13)) = log(-log(1-0.1)) = , +13 1+ 6 log(366),
log(—log(l -7, 34 ;; .15)) = log(=log(1-0.15)) = y, +18 2+ O1og(366),
log(—10g(1 = 773 366 1,213.16,-13)) = log(=log(1-0.05)) = , + 13 +130 + O log(366),
log(—10g(1 = 77; 346 1,213.1.6,-18)) = 10g(= log(1 - 0.075)) = ¥, + 131 + 180 + 6 10g(366).

(8.3)

Solving these equations result in the parameter values shown in Table 8-6.

e

)

Vs

6

7

o

-10.0691

-11.9469

-13.7548

1.4518

0.0867

0.0837

Table 8- 6: Parameter values from model (8.1) used for simulation.

Note, that the intercept terms are much more different across cycles than in Chapter 5
because now they represent the effect when log(dose)=0, and there are no LGTs in

cycle 1 and/or cycle 2.

Also, separate covariates have been included for the number of LGTs occurring in
cycles 1 and 2. If a single covariate was used which was set equal to the total number
of LGTs experienced so far, this value would change from one cycle to the next. This
would not easily account for the fact that different doses may have been administered
in different cycles and therefore a different number of LGTs would be expected in
each cycle. In this setting, the values of the covariates do not change from one cycle to
the next. Instead, additional covariates are included in later cycles. By including the
covariates in this way, not only is the proportional hazards assumption maintained
within cycle and the methodology of the piecewise Cox model still valid, but also the
individual dose in each cycle and corresponding number of LGTs can be accounted

for.
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A similar system of equations can be used to solve for the parameter values when the
interaction model as in (8.2) is used for generation. Two additional equations are
needed, and those relating to the dose 799mg/m? in cycle 2 and 3 are included in a
similar way to that in Chapter 5. The DLT probabilities are the same as in the setting
where LGTs are not included, but at the dose of 799 they are associated with a higher
number of LG toxicities than the average of 13. Given A =0.0355, the number of

LGTs expected at dose 799 is 28. The following system of equations are obtained:

log(~log(1— 7, ;) = log(~ log(1-0.2))
=y, +8log(366),
log(—log(l - 7, 7)) = log(~log(1-0.5))
=y, +610g(799),
log(~log(1 -7, 34 16,=13)) = log(-log(1-0.1))
=y, +13u+61og(366) + x1310og(366),
log(=log(1 -7 36 1.,-15)) = log(— log(1-0.15))
=y, +18 1+ 61og(366) + x18log(366)
log(—log(l =7, 769 1. -8)) = log(—log(1 —0.2791))
=y, +28u+81og(799) + k2810g(799),
log(=10g(l = 73 346 16,-13.16,-13)) = log(~log(1 - 0.05))
=y, +13u+130 + 01og(366) + x131log(366) + r13log(366),
log(=1og(1 = 73 366 113,16, 1)) = l0g(—1og(1-0.075))
=y, +13u+180 +0log(366) + x131log(366) + r18log(366),
log(~log(1 = 775 769 1 -18.1.6,=28)) = 108(—10og(1-0.1473))

=y, +28u+280 +Olog(799) + k2810g(799) + r2810g(799).
8.4)

The values for the parameters are shown in Table 8-7.

N Y2 V3 0 H o K 2

-10.0691 | -11.9477 | -13.7560 | 1.4518 | 0.4362 | 0.4249 | -0.0592 | -0.0578

Table 8- 7: Parameter values used for generation when an interaction is included as in
model (8.2).
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Since the aim of this investigation is to adjust each patient’s dose between cycles
depending on the number of LGTs in previous cycles, the simulated dataset should

reflect the fact that patients may receive different doses in different cycles.

The occurrence of a DLT can be simulated for each dose for each patient for cycle 1
by using the Binomial distribution with P(DLT) =n,,,- Ifa DLT is simulated, no
further cycles need to be simulated since the patient would not contribute any further
to the analysis, although in reality they may still receive treatment at an adjusted dose.
If a DLT is not simulated, the dose to be administered to cycle 2 is any of the possible

dose levels. 7, is calculated for each dose level in cycle 2 and the number of
LGTs observed in cycle 1. Since the number of LGTs in cycle 1 is dependent on the

dose in cycle 1, inclusion of this raw number of LGTs for the calculation of 7, ),

could bias the result. For example, if a patient moves from dose 60 to dose 200, the
observed number of LGTs is associated with dose 60 in cycle 1. If this is used in the

calculation for 7, . then it would suggest that a lower than expected number of
LGTs occurred for dose 200 and therefore 7, ,,,, would be lower than it should be.

In order to combat this, standardisation of the number of LGTs can be used to convert
the number observed to the relevant scale for the new dose. This involves multiplying
the raw number of LGTs by a constant which is the ratio of the new dose compared to

the dose received in cycle 1. This approach seems appropriate due to the method of

calculation for the average number of LGTs at each dose level. Suppose that d, and

d, are two dose levels where j,hel,....k. Then
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LG, =Ad,.
LG,/ _d,
LG, d,’
d]
LG} :d_LGh’

When j = h, the standardisation factor reduces to 1 so the number of LGTs remains
the same. This therefore suggests that the number of toxicities observed in an earlier
cycle at a different dose can be used to directly estimate the number that would have

been expected to occur at the new dose. A Binomial distribution is again used with

P(DLT) = Ty i LG, > where LG is the standardised number of LGTs that occurred in

cycle 1 for the new dose for cycle 2. Again, if a DLT is simulated no further cycles

need to be simulated. If a DLT is not simulated in cycle 2 each of the possible dose

levels can be administered to cycle 3. 7, ), ¢, is calculated for each new dose level
as well as the number of LGTs in cycle 1 and 2 which are both standardised to put

them onto the relevant scale for the new dose in cycle 3. 7, ), LG, is then used to

simulate a DLT from a Binomial distribution.

The data can be recorded such that the first cycle only includes information on the
current dose, the number of LGTs observed and the occurrence of a DLT. For the
second cycle, the current dose, the dose administered to cycle 1, the number of LGTs
observed in cycle 1 and 2, plus the standardised number of LGTs for cycle 1, and the
occurrence of a DLT can be recorded. For cycle 3, the current dose, the doses
administered to cycles 1 and 2, the number of LGTs observed in cycles 1 and 2 plus
the standardised numbers, and the occurrence of a DLT is recorded. In doing this,

when the relevant information is extracted from the dataset for contribution to the
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escalation procedure, there are 9 possible doses to choose from for cycle 1. In cycle 2,
there are 81 possible combinations of doses from cycle 1 and cycle 2, and in cycle 3
there are 729 possible combinations of doses from cycle 1, 2 and 3. This is excluding
cohort 1 as all three cycles of cohort 1 will remain on the lowest dose for the same
safety reasons as set out in previous investigations. By creating the data in this way,
the DLT simulated in later cycles reflects the number of LGTs observed at different

doses in different cycles. The overall probability of DLT across 3 cycles is given by

Ty, TA=m )7

206n T (- “aw X1-7

2, /2,061 )z 3,(j),LG1.LG2

which will depend

on the different doses and number of LGTs for each cycle. Here, (), represents the

dose level administered in cycle /.

8.4 Escalation Procedure

In order to incorporate LGTs into the model used for escalation purposes and also in
the model for the final analysis once the procedure has stopped, there are some
complications involved. First, the model would require a minimum of 6 parameters
including three parameters corresponding to cycles, a log(dose) coefficient parameter
and two covariate parameters. The covariates will consist of at least two linear terms
for the number of LGTs occurring in previous cycles (cycle 1 and 2) and potentially
two corresponding LG*dose interaction terms. This would be very computationally
intensive in terms of computing the asymptotic variance of the estimated TD used for
the calculation of the asymptotic credible interval required for the stopping criterion
and would become even more complex should additional baseline covariates be
incorporated or additional cycles be considered since the inversion of an nx»nmatrix
is required. Second, since the covariate contribution for each cycle would be different,

the terms would not factorise in the link function as they did when using baseline
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covariates. The formula used to solve for the TD,,, is based on equation (8.1), the

model without the LG*dose interaction term, and is shown in equation (8.5).

un

ITL=1 —exp(— exp(}/l +0log(TD,y, )))exp(—(exp(yz +ulG, T;JDTT'L +8log (TD"L)]]]

exp(—exp( 7, +uLG, Dy olLG, ZD’" +8log(TDyy, ) ]

un (N2

un un 2

(8.5)

-1 —exp|:TDfn {—exp(}q)—exP[}’z +ulG, _ZDm J—exp(}% +ulG, ZDm +0lG, ZDm jH

When rearranging for the baseline covariate investigation the following expression is

obtained as in equation (7.3),
log(TD,;, ) = 1 log(~log(1-TTL))- 1 log(e" +e" +e” ) _1 log(e"“’”g ) .
7] 7] )

Here it can be seen that the covariates can be factorised out since they are constant in

each cycle. This kind of rearrangement in terms of the lower grade toxicities is shown

in equation (8.6).

T. D77'L ]
(931

—exp( 7, +uLG, Dry, +0lLG, IDry, ]}
o d

()2

(8.6)

1 1
log(TD,, ) = -élog (—log(1 —TTL))—Elog {—exp (7,)—exp(}/2 +ulG,

As can be seen, the right hand side of equation (8.6) does not factorise into two parts,
one dependent on cycle and one on covariates, since the covariates are dependent on

cycle now and do not have the same value in every cycle.
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The TD and the corresponding asymptotic variance of its estimate would therefore be
different for each patient, and dependant on the covariate values on a continuous
scale. This is not a feasible approach for Phase I studies, since it is required to
conclude one or a few dose levels which corresponds to the TTL to take forward to

Phase II for further investigation.

Furthermore, is on both sides of the equation but on different scales.

log(7Dm ) is defined on the left, whereas 7Dm on the linear scale is on the right hand

side since it is used for scaling the number of LGTs observed on a potentially different
dose. There is no analytical way to solve this, so an iterative type of approach would
have to be utilized to find the solution. The true TDs calculated in this way for each
individual subject given the relevant number of LGTs for each dose permutation over

three cycles is shown in Figure 8-1.

tto m »0 m m mo m m wo *o mo m m m m «0 m «»  «O0

twottt MOPOINT
Figure 8- 1: Distribution of true Individual TDs.

The TD for a subject with LG1 = 13 and LG2 = 13 is 366mg/m2. The average TD

across all of the subjects is close to 366 mg/m2.
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A different approach is therefore considered here for the escalation procedure. This
involves using the LGTs for intra-patient dose adjustments within the dose-escalation
procedure in order to make personalised escalation schemes. However, only the
observations of DLTs or no-DLTs are used for the analysis when it comes to
administering doses to new cohorts and for the estimation of one overall TD and its

asymptotic credible interval. This model is the same as in Chapter 4, equation (4.2).

As with the other procedures, the escalation will begin with the use of pseudo-data as
prior information. The same total amount of pseudo-data per dose level will be used as
before (n=3 as in Chapters 5 and 6) but with the inclusion of different numbers of
LGTs to reflect the effect on P(DLT) when there is an increasing amount of LGTs.
The systems of equations (8.3) and (8.4) are used to calculate the data generation
parameter values, with and without the LG*dose interaction, and can be used to
construct pseudo-data to depict the relationship between the increase in LGTs and

P(DLT) and also the increase in dose with P(DLT).

The pseudo-data with P(DLT) calculated from equation (8.1) (no LG*dose interaction
in calculation of P(DLT) is shown in Table 8-8. The P(DLT)s are based on the
expected number of LGTs at the TD (366mg/m2)=1 3, and an increased amount of
LGTs of 18. Since there is no interaction between dose and LGTs, the expected
number of LGTs at the TD is the expected number at all doses. Therefore the

Ty209,.16. 1., 18 calculated with an expected number of LGTs of 13 and an increased
thbid S

number of 18.
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Obs. # | Dose, d, #LG, | #LG ”/(i,)_/,(;l,mz n((’”, ’(0,)/ = ”/0(/),/.(;,_/.(;2 n((’/)l
tox. | tox.
-6 d,cycle 1 0 0 0.2 1 0.2
dycycle2 | 13 | 0 | loa—gy 1-0.2=0.8 0.08
2
dyeycle3 | 13 | 13 | 10.1=005 | 0.8-0.08=0.72 0.036
2
-5 d, cycle | 0 0 0.2 1 0.2
d,cycle2 | 13 0 0.1 1-0.2=0.8 0.08
d,cycle 3 13 18 0.075 0.8-0.08=0.72 0.054
-4 d, cycle 1 0 0 0.2 1 0.6
d,cycle2 | 18 0 0.15 1-0.2=0.8 0.12
d,,cycle 3 18 18 0.1133 0.8-0.12=0.68 0.077
-3 d,, cycle 1 0 0 0.5 1 0.5
d,cycle2 | 13 0 0.2791 1-0.5=0.5 0.1396
d,,cycle3 13 13 0.1473 0.5- 0.0531
0.1396=0.3604
-2 dy cycle 1 0 0 0.5 1 0.5
d,cycle2 | 13 0 0.2791 1-0.5=0.5 0.1396
d, cycle 3 13 18 0.2151 0.5- 0.0775
0.1396=0.3604
-1 d,,cycle 1 0 0 0.5 1 0.5
d, cycle 2 18 0 0.3964 1-0.5=0.5 0.1982
d,,cycle 3 18 18 0.3117 0.5- 0.0941
0.1982=0.3018

Table 8- 8: Pseudo-data for the implementation of LGTs into the initiation of the
ICSDP with no LG*dose interaction.

The pseudo-data with P(DLT) calculated from equation (8.2) (with LG*dose
interaction in calculation of P(DLT) is shown in Table 8-9. P(DLT) at the true TD
(366mg/m*) with the expected number of LGTs (13) and an increased number of
LGTs (18) are allocated to the lowest dose (60mg/m?). P(DLT) at the 50% toxicity
level (TD50, 799mg/m?) at the expected number of LGTs (28) and an increased
number of LGTs (40) are allocated to the highest dose (1 700mg/m?). 40 is chosen as
the larger number of LGTs since it is near but less than the upper 97.5% percentile of
the log-Normal distribution for the mean number of LGTs associated with the

TD50=799, as 18 is for the TD=366. Although the expected number of LGTs at the
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true TD50 (799mg/m?) is actually 28, the value of 18 is chosen to correspond to the

expected value of LGTs, and 25 is chosen for a high number of LGTs at the TD50.

This still imposes an increasing amount of LGTs with dose, but does not assume that

the true relationship with LGTs and dose is known.

O:;)S. Dose, d,, #t](_)I)c(il iI(-)J)C(}.Z ”10(_,),110,,1,02 n(o M t(o o= ”/0( LG, ,Lc;z”(o N
-6 | d,cyclel 0 0 0.2 1 0.2
d,cycle2 | 13 0 %0.2=0_1 1-0.2=0.8 0.08
dyeydle3 | 13 | 13 | Zo1=005 | 0.80.08=0.72 0.036
-5 | dycycle ] 0 0.2 1 0.2
d,cycle2 | 13 0.1 1-0.2=0.8 0.08
dgcycle 3 13 18 0.075 0.8-0.08=0.72 0.054
-4 | dycycle 1 0 0.2 1 0.6
d,cycle2 | 18 0.15 10208 0.12
dg cycle 3 18 18 0.1133 0.8-0.12=0.68 0.077
-3 | dycyclel | 0 0.5 1 0.5
dyycycle 2 18 0.2791 1-0.5=0.5 0.1396
d,cycle3 | 18 | 18 | 0.1473 0.5- 0.0531
0.1396=0.3604
2 | dgeyclel | 0 | 0 05 i 05
dycycle2 | 18 | 0 | 02791 1:0.5=0.5 0.1396
d, cycle 3 18 25 0.2236 0.5- 0.0805
0.1396=0.3604
T | dyyeyclel | 0 03 i 05
dg, cycle 2 25 0.4151 1-0.5=0.5 0.2076
dycycle3 | 25 | 25 | 03375 0.5- 0.0941

0.1982=0.3018

Table 8- 9: Pseudo-data for the implementation of LGTs into the initiation of the
ICSDP with LGT*dose interaction.

8.5 Scenarios
There are a number of different elements included in this procedure. Firstly there is

the generation of the LGTs. The LGTs are generated as increasing with dose

independently for each cycle. The extension to this is to generate the number of LGTs

in cycle 2 dependent on the number in cycle 1. This is done by allocating the mean of

207




the log-Normal distribution for the generation of LGTs for cycle 2, as the number of
LGTs observed in cycle 1. The number observed in cycle 1 is scaled dependent on the

dose in cycle 1 to the dose in cycle 2.

Second, there is the model used for generating the DLTs. There may be an interaction

term for LGTs and dose in the calculation of P(DLT) or not.

Next is the use of the pseudo-data. The number of LGTs may be assumed to be

increasing with dose or not (Tables 8-8 or 8-9).

Then there is the model used for the intra-patient dose adjustments, incorporating the
number of LGTs in cycle 1 and 2 to make decisions on which dose a patient should

receive in the next cycle. This could incorporate the interaction term or not.

Finally there is the model used for the overall analysis of DLTs, which does not
depend on the number of LGTs, and is used to allocate the dose for cycle 1 of the next
cohort, and also for the precision criterion of the stopping rules. This model is the

model used in Chapter 4 (equation (4.2)).

Different combinations of these elements can be incorporated to investigate the

robustness of the procedure when different assumptions are made.

Table 8-10 shows the different scenarios to be investigated, including which choice of

each element is adopted.
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Scenario

Generation of

Generation of

Pseudo-data

Intra-Patient

LGTs DLTs Analysis
Model
1 Cycle 1 indep. Interaction of | Incr. LGTs with | No Interaction
Cycle 2. LGTs | LGTs and dose | dose. Table 8-9. in P(DLT).
incr. with dose. in P(DLT). Equation (8.1)
Equation (8.2)
2 Cycle 1 indep. Interaction of | Incr. LGTs with | Interaction in
Cycle 2. LGTs | LGTs and dose | dose. Table 8-9. P(DLT).
incr. with dose. in P(DLT). Equation (8.2)
Equation (8.2)
3 Cycle 1 indep. Increasing Incr. LGTs with | No Interaction
Cycle 2. LGTs LGTs with dose. Table 8-9. in P(DLT).
incr. with dose. dose. No Equation (8.1)
Interaction of
LGTs and dose
in P(DLT).
Equation (8.1)
4 Cycle 1 indep. Interaction of | LGTs notincr. | No Interaction
Cycle 2. LGTs | LGTs and dose with dose. in P(DLT).
incr. with dose. in P(DLT). Table 8-8. Equation (8.1)
Equation (8.2)
5 Cycle 2 Interaction of | Incr. LGTs with | No Interaction
dependenton | LGTs and dose | dose. Table 8-9. in P(DLT).
Cycle 1. LGTs in P(DLT). Equation (8.1)
incr. with dose. | Equation (8.2)
6 Cycle 2 LGTs not Incr. LGTs with | No Interaction
dependent on included in dose. Table 8-9. in P(DLT).
Cycle 1. LGTs P(DLT). Equation (8.1)
incr. with dose. | Equation (4.2)
7 Cycle 2 LGTs not LGTs not incr. | No Interaction
dependent on included in with dose. in P(DLT).
Cycle 1. LGTs P(DLT). Table 8-8. Equation (8.1)
incr. with dose. | Equation (4.2)

Table 8- 10: Scenarios for investigation.

Scenario 1, is the basic ICSDP incorporating LGTs. This will incorporate a dose*LG

interaction in the data generation to reflect the increasing number of LG toxicities

with dose in the calculation of P(DLT). The analysis model used for intra-patient

adjustments in the procedure will not incorporate this interaction term. The pseudo-

data will also reflect the concept of an increasing number of LGTs with dose and their
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interaction. Scenario 2 is the same as Scenario 1, but includes the interaction term in
the analysis model for intra-patient adjustments. This is done to look at the procedure
under perfect conditions, where the analysis model matches the generation model
perfectly. The pseudo-data will also reflect the increasing rate of LGTs with dose and
the interaction in the calculation of P(DLT). The dataset generated for these two
instances will have the number of LGTs occurring in cycle 2, independent of those

that have occurred in cycle 1.

The next part of the investigation will look at how the procedure performs when there

are further discrepancies between the data generation and analysis.

In Scenario 3, the dataset will not incorporate LG*dose interaction in the calculation
of P(DLT), nor will the analysis model for the intra-patient adjustments. The pseudo-
data does increase with dose and there is also an increasing rate of occurrence of
LGTs with dose. This may then suggest that P(DLT) increases with dose and the
number of LGTs linearly, without taking into account the expected increase in LGTs
with dose despite the fact that the procedure will begin by allowing the LGTs to

increase with dose.

Some further investigation into the pseudo-data will be incorporated in Scenario 4.
The rate of occurrence of LGTs does not increase with dose in the pseudo-data.
However it will increase in the data generation methods, and there will be a LG*dose
interaction in the calculation of P(DLT). The analysis model will also still not include

an interaction term.

The next focus of these investigations will be to try to make the generated data even
more realistic. In Scenario 5 the dose*LG interaction terms are included in the

calculation of P(DLT). There will also be a relationship between the number of LGTs
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in cycle 2 and 1. It seems reasonable that, since LGTs can be considered as an
indicator for tolerance, the occurrence of LGTs in subsequent cycles would depend on

the occurrence of LGTs observed before.

Based on the inclusion of some dependence between LGTs in cycles 1 and 2, some
further assumptions can be tested. If a relationship between dose and LGTs is
apparent, this relationship between dose and LGTs may prompt assumptions that there
is a relationship between LGTs and P(DLT). If this assumption is erroneous, the
procedure should be able to detect no relationship and allowing for intra-patient
adjustments based on LGTs should not be beneficial, as in Chapter 6. Scenario 6 uses
the data generated as in Chapter S, where P(DLT) is calculated based on cycle and
dose only. No relationship between LGTs and P(DLT) is incorporated despite a
relationship between LGTs and dose. All subjects therefore have the same individual
TD of 366. The procedure will still be conducted such that the model with LGTs will
be used for the intra-patient adjustments despite no relationship, and a relationship
between LGTs and P(DLT) will be included in the pseudo-data also. Finally, in
Scenario 7, the pseudo-data can also be adapted to depict no relationship between
LGTs and P(DLT) despite an increasing rate of LGT occurrence with dose. This
investigates how the procedure performs with no initial suggestion of LGT and

P(DLT) relationship.

For all scenarios, the model used to analyse the occurrence of DLTs alone is that used
in Chapter 5, defined in equation (4.2).

8.6 Results

The results presented are initially the same as in previous chapters. The mean
estimated TD (corresponding to the overall P(DLT)) along with the 95% reference

range and the ratio of the reference range limits is calculated. The average number of
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cohorts required to achieve the estimate of TD is presented along with the minimum
and maximum number of cohorts observed. The percentage of trials stopping for each

of the stopping criteria is also shown.

Furthermore, individual TDs are estimated after the trials have stopped based on the

precision of the overall TD. The individual TDs are estimated through an iterative
procedure where the dose (from 1 to 1700) producing p, . ;.. (¢;)closest to 0.316

given the observed number of LGTs is concluded to be the patient specific TD. The
mean individual TD across all patients in all simulated trials is displayed. The
estimated individual TD is divided by the true individual TD, calculated from
parameter values obtained from equation (8.1) or equation (8.2) depending on which
was used for the data generation. The average ratio over all patients and simulations is
then presented. Furthermore, the estimated individual TD can be divided by the
overall estimated TD (associated with DLTs). This is again averaged over all patients
and all simulations. The estimated overall TD for a given trial is divided by 366 (the
true population TD) and averaged over all simulations and finally the individual

estimated TD is divided by 366 and averaged over all patients and simulations.

8.6.1 ICSDP incorporating LG toxicities
The results from incorporating the occurrence of LGTs into the ICSDP when an

interaction term is included in the data generation model, but not the analysis model

(Scenario 1) are shown in Table 8-11.
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Design ICSDP
Variable TDs6 No. of
Cohorts
Mean estimate 323.58 13.73

(2.5,97.5) (205.3,
percentiles of 482.4)
estimates
97.5/2.5 2.35
Min 155.37 8
Max 618.18 19

% in (TD+30%) 82.1

Precision Safety | Max 100.0 | 0.0 0.0
No.

Table 8- 11: Results from Scenario 1, 1000 trials simulated by the ICS model.

When incorporating the interaction between dose and LGTs into the calculation of
P(DLT) for the data generation, the estimated TD associated with DLTs is somewhat
lower than the true 366. However, the variability of this estimate is very good with a
very high proportion of trials producing an estimate of the TD within a 30% limit of
the true TD. The expected number of cohorts required is very low and much less than
the original ICSDP (Table 5-8). Also here, it is very important to note that all of the
trials stop for precision suggesting that targeting doses to patients’ individual needs
aids the estimation of the dose-response relationship, possibly because so many

different dose levels are investigated.

Table 8-12 displays a summary of the individual TDs as estimated at the end of the
trial. The individual TDs are compared to the TD associated with DLTs (data analysed

without LGTs) and also the true individual TDs.
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Explanation Mean from 1000 Interpretation
trials
T"l Mean estimated 365.40
individual TD per trial
D Mean Estimated TD 323.58
associated with DLTs
7 N Estimated individual 1.14 >1 - Individual TDs are
(fb, . ) TD as a proportion of higher than TD
TD TD associated with associated with DLTs
DLTs
—A——_ Estimated individual 0.994 ~1 - Estimated
TD, TD as a proportion of individual TDs are very
< TD;) the true individual TD near to true TDs
TA! Estimated individual 0.998 ~1 - Estimated
( / 366) TD as a proportion of individual TDs are very
366 near to 366
7N\ Estimated TD associate 0.884 <1 - Estimate TD
(TD /3 6 6) with DLTs as a associated with DLTs
proportion of 366. are less than 366.

Table 8- 12: Mean Estimates associated with individual target doses after 1000 trials
from Scenario 1.

As can be seen, the mean individual TD for a trial when averaged across the 1000
simulations is almost exactly the 366 as used for simulation, and this is confirmed
when comparing the mean estimate of the individual TD to 366. Furthermore, the
individual TD mean estimate compared to the true individual TD estimate is almost 1
suggesting that including LGTs in the estimation of individual TDs is extremely

effective and can be used to estimate a TD for an individual person very efficiently.

The individual TD as a proportion of the TD associated with just DLTs, along with
comparing the mean individual TD to the overall TD shows that the overall TD
associated with just the DLTs is much less. Since there are different TDs associated
with different tolerabilities the overall TD underestimates the TD in order to be
acceptable for those patients with lower tolerabilities. Some explanation for the
reduction in the estimates could be a result of the specific dose levels administered.
Since the dose range is not spread equally, it is much more likely to move between

lower doses since the P(DLT) associated with each of these doses is not too different.
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If the P(DLT) changes for the current dose administered, it is likely to not change too
much so a dose near to the current dose will likely be administered for later cycles. If
the nearest dose level to that currently being used is some distance away, it may be
that the dose with P(DLT) nearest to the TTL will still be the same dose, even if it is
now believed to be too toxic or sub-therapeutic. If patients are then kept on lower
doses than are perhaps suitable, it is more likely that DLTs will be observed on the
lower doses. The estimates of the TD will then be skewed towards this end. To
quantify this, the differences between doses (in mg/m?) and P(DLT) (where P(DLT) is

calculated by the equation (4.2)) for adjacent dose levels are shown in Table 8-13.

Dose 60 120 | 200 | 300 | 420 | 630 | 945 | 1400 | 1700
E(P(DLT) | 0.03 | 0.07 | 0.15 | 0.25 | 037 | 0.57 | 0.78 | 0.93 | 0.97
)
mg/m* 60 80 100 120 210 | 315 455 300
diff.
P(DLT) 0.04 | 0.08 | 0.10 | 0.12 | 0.20 | 0.21 | 0.15 | 0.04
diff

Table 8- 13: Differences in mg/m” and P(DLT) between adjacent dose levels.

As can be seen, it would be a much larger jump to adjust doses upwards for doses
from 420mg/m?. Although the differences between P(DLT) level off at the high doses,
these doses are particularly toxic anyway where one would expect to observe a DLT
so the likelihood of adjusting to a higher dose here is very low. One could produce
LGTs to suggest their P(DLT) at dose 420 is lower than 37%, but since the next dose
(630) has on average a 20% higher chance of DLT, the reduction may not be enough
to suggest adjusting to a dose that much higher. Therefore a subject may remain on the
dose for which they are less likely to observe a DLT. If a DLT does still occur on this
lower dose, since there is still a reasonable probability of this happening, then despite
the number of LGTs observed, this will lead to underestimation of the true probability

of DLT.
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Considering intermediate dose levels for the higher doses may combat this
underestimation. However, it is not always feasible to suggest that these doses would
be made/administered at multiple higher doses since they would be believed to be too
toxic anyhow. It is reasonable however to recommend a slightly lower dose than the
true maximum tolerated dose for further investigation. Later phases of development
often use slightly lower doses than the MTD in order to demonstrate efficacy in doses
that have an even lower chance of toxicity, so this is an acceptable compromise to
accept for enabling targeted dosing of patients and reducing the chance of over/under-

exposure.

In order to investigate whether there is an issue with regard to allowing an interaction

term for LGTs and dose in the calculation of P(DLT) in the generation of the data, but
escalating between cycles according to the model without interaction, the inclusion of
the interaction in the escalation model is investigated (Scenario 2). Since this is just an

investigative scenario, only 100 simulations will be performed.

Design ICSDP
Variable TD316 No. of
Cohorts
Mean estimate 261.84 19.97
(2.5, 97.5) (189.3,
percentiles of 354.4)
estimates
97.5/2.5 1.87
Min 77.63 18
Max 400.78 20
% in (TD130%) 52.0
Precision Safety ﬁzx 5.0 0.0 95.0

Table 8- 14: Results from Scenario 2, 100 trials simulated by the ICS model.

As can be seen there is a large reduction in the mean estimate of the TD with a very
large increase in the average number of cohorts observed. This is due to the fact that
more parameters have to be estimated. This causes a much slower escalation. With
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patients escalating between cycles more slowly, the accrued dose information that is
obtained across cycles is not as informative, so for the analysis of DLTs alone more of
the lower doses are observed with greater variability in each cycle, causing the

estimation of the TD associated with just DLTs to be worse.

The individual TDs are summarised in Table 8-15.

Explanation Mean from 1000 Interpretation
trials
ﬁ Mean estimated 345.14
individual TD per trial
T7 Mean Estimated TD 261.84
associated with DLTs
Estimated individual 1.33 >1 - Individual TDs are
(T’l\) l/ ) TD as a proportion of greater than TD
TD TD associated with associated with DLTs
DLTs
. Estimated individual 0918 <1 - Estimated
TD 1/ TD as a proportion of individual TDs are less
< TD ,) the true individual TD than true TDs
™D Estimated individual 0.943 <1 - Estimated
< 1/366> TD as a proportion of individual TDs are less
366 than 366
7 N Estimated TD associate 0.715 «1 - Estimated TD
TD /366 with DLTs as a associated with DLTs
proportion of 366. are much less than 366.

Table 8- 15: Mean Estimates associated with individual target doses after 100 trials
from Scenario 2.

The individual estimated TDs are fairly good in comparison with those from Scenario
1 (Table 8-12). The matching of the data generation model and analysis model implies
that the personalized procedures are very effective. However the individual TDs are
not estimated any better than in Table 8-12, potentially due to the increased number of
parameters required to be estimated. This combined with the obviously lower overall

TD suggests that using the interaction in the analysis model is not beneficial.
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8.6.2  Testing the procedure when there are contradictions between data
generation and analysis
Allowing for no interaction between dose and LGTs in the calculation of P(DLT) in

the data generation, despite an increasing rate of LGTs with dose and the interaction

incorporated in the pseudo-data, Scenario 3, produces the results in Table 8-16.

Design ICSDP
Variable TDs3 6 No. of
Cohorts
Mean estimate 312.21 13.54
(2.5,97.5) (208.9,
percentiles of 450.8)
estimates
97.5/2.5 2.16
Min 157.14 9
Max 561.44 20
% in (TD+30%) 81.1
Precision Safety TI?)X 99.7 0.0 0.3

Table 8- 16: Results from Scenario 3, 1000 trials simulated by the ICS model.
The estimate of the TD is somewhat lower than the true 366 but with good precision.
The expected number of cohorts required is very low and much less than the original
ICSDP. A very high proportion of trials stop for precision and a large number of

estimates lie within a 30% limit of the true TD.

The TD estimate itself is lower than in Table 8-11 (Scenario 1), but this is due to the
fact that the interaction between dose and LGTs is not considered in the calculation of
P(DLT). LGTs are simulated at a much greater rate when the dose is higher but this is
not considered in the calculation of P(DLT) from the complementary log-log link
function. So when a higher number of LGTs occur at a higher dose, the effect on
P(DLT) is 2-fold. It increases once with the dose and again with the number of LGTs.
Therefore DLTs will be simulated with a higher probability than is reasonable. When
DLTs are analysed independently at the end of the escalation, the estimated dose that

corresponds to the TTL is lower than expected.
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Some summary results for the individual TDs are shown in Table 8-17.

Explanation Mean from 1000 Interpretation
trials
TT, Mean estimated 356.81
individual TD per trial
Tj‘— Mean Estimated TD 312.21
associated with DLTs
A— Estimated individual 1.154 >1 - Individual TDs are
TD ,/ TD as a proportion of greater than TD
< 'fb) TD associated with associated with DLTs
DLTs
A—— Estimated individual 0.970 ~1 - Estimated
T 1/ TD as a proportion of individual TDs are very
( TD.) the true individual TD near to true TDs
D Estimated individual 0.975 ~1 - Estimated
( l/ 36 6) TD as a proportion of individual TDs are very
366 near to 366
7N Estimated TD associate 0.853 <1 - Estimate TD
(TD /366) with DLTs as a associated with DLTs
proportion of 366. are less than 366

Table 8- 17: Mean Estimates associated with individual target doses after 1000 trials
from Scenario 3.

These results show that the average individual TD is very close to the true 366 despite

the overall TD associated with DLTs being so low. The ratio of the estimated

individual TDs compared to the overall TD associated with DLTs confirms that the

individual TDs are generally larger. The ratio of the estimated individual TDs

compared to the true individual TDs show that the estimated individual TD is very

close to the subject’s true TD, suggesting that allowing personalised escalations is

very efficient at targeting therapy to suit a specific subject even when a dose*LG

interaction is not used in the calculation of P(DLT).

The next investigation involves using pseudo-data that does not necessarily match the

generation of the data (Scenario 4). Although the data reflects an increasing rate of

LGTs with dose and the interaction is incorporated in the calculation of P(DLT), this

is not incorporated in the pseudo-data or analysis model. Suggesting the assumptions
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made about the data, prior to commencing the procedure, are inconsistent with the

observed data.

Design ICSDP
Variable TD3 6 No. of
Cohorts
Mean estimate 345.26 14.14
(2.5, 97.5) (218.31,
percentiles of 526.37)
estimates
97.5/2.5 2.411
Min 172.55 8
Max 719.30 19
% in (TD£30%) 83.8%
Precision Safety I\I:lizx 100% 0% 0%

Table 8- 18: Results from Scenario 4, 1000 trials simulated by the ICS model.

The results in Table 8-18 are actually better than the first investigation (Scenario 1,
Table 8-11) where an increase in dose results in an increasing rate of LGTs in the
pseudo-data (Table 8-9). In this scenario, there is no suggestion of an interaction
between LGTs and dose in the calculation of P(DLT) in the pseudo-data. The model
used for analysing the DLTs does not incorporate the occurrence of LGTs so when
there is no difference across dose levels in the pseudo-data, the parameter estimates
converge more quickly, despite the increasing rate of LGTs with dose in the data
generation model. Therefore the estimated TD associated with DLTs is closer to the
true value of 366. It is still slightly underestimated due to the increasing rate of LGTs
not being reflected in the occurrence of DLTs, so P(DLT) increases linearly with dose

and LGTs. A lower dose would therefore be tolerated.
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Explanation Mean from 1000 Interpretation
trials
ﬁ Mean estimated 361.62
individual TD per trial
T7 Mean Estimated TD 345.26
associated with DLTs
——Aﬁ Estimated individual 1.0703 >1 - Individual TDs are
(TDl . ) TD as a proportion of greater than TD
T TD associated with associated with DLTs
DLTs
A Estimated individual 0.983 ~1 - Estimated
TD[ TD as a proportion of individual TDs are very
( TD:> the true individual TD near to true TDs
D Estimated individual 0.988 ~1 - Estimated
( '/ 36 6) TD as a proportion of individual TDs are very
366 near to 366
7\ Estimated TD associate 0.943 <1 - Estimate TD
('fb /366) with DLTs as a associated with DLTs
proportion of 366. are less than 366

Table 8- 19: Mean Estimates associated with individual target doses after 1000 trials
from Scenario 4.

The results associated with restricting the pseudo-data (as in Table 8-8) show that the
mean individual TD is very near the true value of 366. Here it is not quite as good as
in Table 8-12 since the interaction between dose and LGTs is not incorporated in the
pseudo-data despite being incorporated in the data generation. Not allowing the
interaction of the rate of LGT occurrence and dose in the pseudo-data slows down the
convergence of the parameter estimates associated with the LGTs in the intra-patient
escalation model (equation (8.1)). The individual TDs are still estimated very well
though. The ratio of the estimated individual TD compared to the estimated DLT TD
is closer to 1, suggesting that the two estimates are more similar. This is an attractive
feature since it suggests that the overall DLT TD is estimated closer to the individual
TD, so it becomes more reasonable to allow the analysis of just DLTs in order to
predict a population TD. In reality, the reason for this is because the estimation of the

DLT TD is better due to the matching assumptions in the pseudo-data and the analysis
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model used for intra-patient adjustments. The individual TD is also estimated slightly

worse due to the mis-matching, resulting in a narrower gap between the different TDs.

The overall DLT TD is estimated better when the pseudo-data doesn’t impose too
many relationships between LGTs and dose as the parameter estimation is less
restricted. So if the focus is indeed to obtain an overall DLT TD to recommend for

further investigation, it may be useful to incorporate this feature.

8.6.3 Making the data more realistic and further testing of assumptions
The results in Table 8-20 are from Scenario 5 which show how the procedure

performs when an interaction between LGTs and dose is included in P(DLT) for the
data generation and the pseudo-data, and the number of LGTs occurring in cycle 2
depends on the number occurring in cycle 1. This dependence of LGTs in cycle 2 and

1 depict a more realistic relationship.

Design ICSDP
Variable TDs16 No. of
Cohorts
Mean estimate 321.80 14.03
2.5, 97.5) (206.4,
percentiles of 478.3)
estimates
97.5/2.5 2.317
Min 146.56 9
Max 628.17 20
% in (TD£30%) 82.9%
Precision Safety T\;llzx 99 1% 0% 0.91%

Table 8- 20: Results from Scenario 5, 1000 trials simulated by the ICS model.

Table 8-21 shows the corresponding individual TD results.
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Explanation Mean from 1000 Interpretation
trials
T"l Mean estimated 368.94
individual TD per trial
D Mean Estimated TD 321.80
associated with DLTs
_ Estimated individual 1.157 >1 - Individual TDs are
TD, TD as a proportion of greater than TD
TD TD associated with associated with DLTs
DLTs
. Estimated individual 1.010 ~1 - Estimated
TD, TD as a proportion of individual TDs are very
TD, the true individual TD near to true TDs
D Estimated individual 1.008 ~1 - Estimated
'/ i individual TDs are ve
366 TD as a proportion of indivi ry
366 near to 366
. Estimated TD associate 0.879 <1 - Estimate TD
TD/ with DLTs as a associated with DLTs
366 : are less than 366
proportion of 366.
Table 8- 21: Mean Estimates associated with individual target doses after 1000 trials
from Scenario 5.

The results in Table 8-21 are very similar to those obtained in Table 8-12, since the

only difference is the number of LGTs in cycle 2 which will be a very minor change.

The next set of results show how the procedure would work if the assumption of

LGTs affecting the P(DLT) is made erroneously, based on an increasing relationship

of LGTs with dose.

The data is generated with an increasing rate of LGTs with dose, but the calculation of

P(DLT) is as in equation (4.2) and does not contain LGTs, so all patients have an

equal individual TD of 366mg/m2. The pseudo-data here is set to reflect the

misspecified assumption of increasing P(DLT) with increasing number of LGTs

(Table 8-9).
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Design ICSDP
Variable TDs1 6 No. of
Cohorts
Mean estimate 340.20 13.95
2.5,97.5) (211.8,
percentiles of 501.4)
estimates
97.5/2.5 2.368
Min 171.13 8
Max 660.45 20
% in (TD£30%) 83.06
Precision Safety l\r:]ie(l’x 97.96% _ 2.04%

Table 8- 22: Results from Scenario 6, 1000 trials simulated by the ICS model.

These results produce very reasonable estimates for the TD with good precision and a

high proportion in a clinically meaningful range of the true TD, and with again quite

few cohorts on average. The proportion of trials stopping for precision is nearly

100%, with very few stopping due to reaching the maximum cohort. The individual

results are shown in Table 8-23.

Explanation Mean from 1000 Interpretation
trials
D Mean estimated 372.72
¢ individual TD per trial
D Mean Estimated TD 340.20
associated with DLTs
Estimated individual 1.103 >1 - Individual TDs are
TD ,/ TD as a proportion of greater than TD
T TD associated with associated with DLTs
DLTs
Estimated individual 1.032 ~1 - Estimated
TD 1/ TD as a proportion of individual TDs are very
TD, the true individual TD near to true TDs
ey Estimated individual 1.018 ~1 - Estimated
D, TD as a proportion of individual TDs are very
366 366 near to 366
_ Estimated TD associate 0.930 <1 - Estimate TD
TD /366 with DLTs as a associated with DLTs
proportion of 366. are less than 366

Table 8- 23: Mean Estimates associated with individual target doses after 1000 trials
from Scenario 6.
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The average estimated individual TD is slightly larger than the true 366 but is still
quite close, as shown by the average ratio of the estimated individual TD to the true
individual TD.

Although there should be better estimation of the individual TD since all patients have
the same TD, the reason for the estimate not being better can be put down to the fact
that there is still an allowance for patients to change doses between cycles due to their
observed number of LGTs, which does increase with dose. Since the data associated
with LGTs outweighs the amount of information obtained on DLTs for different
doses, it seems the model still relies on the occurrence of LGTs as an indicator for
P(DLT). Indirectly, an increase in LGTs implies a reduced tolerance to higher doses,
which then implies a higher P(DLT) for each dose level, so although the LGTs do not
directly affect the calculation of P(DLT), there is some confounding relationship with
dose. This may be more apparent due to the inclusion of a relationship between LGTs
and P(DLT) in the pseudo-data.

Table 8-24 shows the results when the assumption is removed from the pseudo-data as

in Table 8-8.
Design 1CSDP
Variable TD3; 6 No. of
Cohorts
Mean estimate 341.38 13.61
(2.5,97.5) (211.9,520.8)
percentiles of 2.458
estimates
97.5/2.5
Min 141.20 8
Max 757.92 20
% in (TD%30%) 83.23%
Precision | Safety I\}:I{zx 97.46% 0% 2.54%

Table 8- 24: Results from Scenario 7, 1000 trials simulated by the ICS model.
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The average TD is marginally better when removing the relationship between LGTs

and P(DLT) in the pseudo-data. And it is also achieved in a slightly shorter time, due

to the quicker convergence of parameters when not pre-specified to correspond to

pessimistic observations, but the estimates are produced with slightly worse precision.

The proportion of TDs in the 30% limit of the true TD is almost identical as to when

the relationship was specified in the pseudo-data, as is the proportion of trials stopping

for precision and due to reaching the maximum cohort.

Explanation Mean from 1000 Interpretation
trials
TD Mean estimated 380.26
' individual TD per trial
D Mean Estimated TD 341.38
associated with DLTs
. Estimated individual 1.118 >1 - Individual TDs are
TD, TD as a proportion of greater than TD
T TD associated with associated with DLTs
DLTs
Estimated individual 1.055 ~1 - Estimated
TAI TDasa proportion of individual TDs are very
TD, the true individual TD near to true TDs
D Estimated individual 1.039 ~1 - Estimated
l/ 366 TD as a proportion of individual TDs are very
366 near to 366
_ Estimated TD associate 0.933 <1 - Estimate TD
TD /366 with DLTs as a associated with DLTs
proportion of 366. are less than 366

Table 8- 25: Mean Estimates associated with individual target doses after 1000 trials
from Scenario 7.

Table 8-25 shows that the results for the estimated individual TDs are actually slightly
worse here which is surprising since the pseudo-data starts the procedure assuming
that all patients have the same TD regardless of the number of LGTs. One can assume
that since there is still a confounding effect of LGTs and P(DLT) through dose, the
procedure still attempts to determine a relationship, but now there is no initial

suggestion for this it does so with less targeted precision than before.
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8.7 Conclusions
The investigation into incorporating LGTs into the dose escalation procedure, but

analysing and making decisions based on just the occurrence of DLTs is very

promising.

The basic assumption used implies that P(DLT) increases with dose and LGTs, and
accounts for the fact that a different rate of LGTs will occur for different doses. The
model used for analysis and intra-patient escalation purposes, is the model with the
number of LGTs incorporated, but without the LGT and dose interaction, despite the
data being generated with an interaction. This model is easier to implement and
understand which is critical when suggesting using this model in practice. When
incorporating the interaction term in the analysis model for intra-patient adjustments,
the results are not improved, suggesting the more complicated model is not necessary
to implement. The model used for determining an overall TD is the model without
LGTs, as in Chapter 5. The results from implementing these basic assumptions show
that the overall TD (associated with DLTs) can be produced quite well, although
usually underestimated. The individual TDs however can be predicted extremely well.
These estimates are obtained in a shorter amount of time than seen in previous
investigations of the use of the ICSDP and generally with higher precision, resulting
in a larger amount of trials stopping for precision and producing results within a

clinically meaningful range.

When investigating scenarios that conflict with the basic assumptions, very few
differences arise. When the data is generated with no interaction term, the results for
the overall TD are generally worse, since a higher expected number of LGTs are
observed with increasing doses, but this is not taken into account when calculating

P(DLT), so there is a detrimental effect and the estimated TD is lower.
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When the pseudo-data doesn’t implement a relationship on the occurrence of LGTs
with dose and therefore no interaction with dose in the calculation of P(DLT), despite
the data being generated with such an interaction, the results are better for the overall
estimated TD, but marginally worse for the individual estimated TDs. The overall TD
is estimated better due to the improved escalation procedure found from the matching
assumptions between pseudo-data and analysis model, but the individual TDs do not
reflect the actual individual tolerance as well, although still produces very good

results.

When a more extreme assumption is violated, that being that there is no relationship
between LGTs and P(DLT) in the data, despite dose having a relationship with both
variables, the results are still reasonably robust. The overall TD is still produced very
well with very good precision and in a similar amount of time also. The individual
TDs are estimated slightly worse now, due to the added complexity of estimating
parameters for which there is prior suggestion to estimate, but no evidence to support
it. Looking at the results from a greater perspective they are still estimated very well.
The ability to conclude that LGTs do not affect P(DLT) is not achieved here, but this
is down to the confounding relationship of an increasing rate of LGTs with dose, and

an increasing P(DLT) with dose.

It seems that the best scenario would be to match the assumptions incorporated in the
pseudo-data, to those used for the analysis models, i.e. no interaction of LGTs with
P(DLT), so no increasing rate of LGTs with dose. Even when the data itself does not
match these assumptions as such, the procedure is robust enough to provide good

results, which are then enhanced due to the matching assumptions.
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A final point to consider is the fact that in general, the average estimated individual
TD is much closer to the true population TD of 366 than the TD associated with
analysing DLTs alone. While the analysis of just DLTs is important to include for the
stopping criteria and also to allocate a dose to new, incoming cohorts of patients, once
the trial has stopped it would be appropriate to analyse all information for each patient
with the model incorporating LGTs as in equation (8.1). The average individual TD
can then be calculated as the dose to recommend for further investigation. This is a
very efficient use of the data which incorporates more information regarding the

overall tolerance of the drug.

229



9. Conclusions and Remarks

9.1. Overall Conclusions

Comparison of the ICSDP to an existing method (LRDP1) and a compromise between
the existing method and one which incorporates more cycles of therapy (LRDP3),
shows that the ICSDP performs better overall than either of the other two. The TD
estimates are usually either comparable or better than those from the other procedures
and this estimation is largely invariant to model misspecification. The main benefit of
the ICSDP however, is that it generally requires fewer cohorts to obtain these
comparable estimates, leading to a shorter trial. The trials are also more likely to stop
for precision of the estimated TD than those using the other procedures and very
rarely stop for safety reasons. The ability to cope with non-informative censoring is
one of the original benefits of the use of the ICS model, and this is confirmed in the
setting of Phase I dose-finding studies. Informative censoring, due to patients being
more likely to withdraw when near to experiencing a DLT due to perhaps the
occurrence of lower grade toxicities, affects all procedures similarly due to the
reduced amount of information on how dose affects the chance of DLTs. The results
produced by all procedures are still biased and will recommend doses that are too
high. This is a different issue that would need further investigation to that conducted

in this investigation.

The patient gain function is the most ethical one to use with the ICSDP. Since patients
are being treated at what is believed to be the TD, the estimate of the TD will
converge to the true TD when dosing is concentrated around this estimate (Shen and
O’Quigley [18]). When compared to other gain functions that aim to maximise

information (e.g. the variance gain function), the reduction in information is not so
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great for the patient gain function. It is more important to consider the welfare of the

subjects receiving the treatment, which in this case are cancer patients.

One of the attractions of using the ICSDP is the ability to change doses between
cycles for a patient (intra-patient dose adjustments). It is an ethical approach since
patients would not be exposed for too long to a dose that is deemed sub-therapeutic or
overly-toxic. However, when no additional information is known about the patient
when progressing to later cycles, the incorporation of intra-patient adjustments makes
estimation of the TD much worse. More patients being dosed at the same dose level at
any one time encourages the estimates of the TD to converge much quicker. However
fewer doses will actually have been used over multiple time-points, so the precision of
these estimates is very reduced. The idea of intra-patient dose adjustments should be
considered when information is accrued with time, such as the occurrence of LGTs in

earlier cycles.

Including covariates that will result in different target doses for each patient is a
difficult concept to consider, especially since this is the first phase of clinical
investigation so the main aim is to provide a dose, or a few doses, to recommend for
later investigation. In practice, a TD can be created for each individual patient, but this
is only useful when the probability of a DLT is affected by the value of the covariate.
Baseline covariates that will not change and are known before a patient is
administered the drug can be taken into consideration when dosing. It has been shown
that incorporating such covariates into the ICSDP is possible, and the procedure can

be adapted to produce multiple recommended doses.

The main issue that arises when attempting to produce multiple TDs is the

construction of the pseudo-data. When just one TD is to be estimated, the equivalent
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of two cohorts worth of information (1 cohort at both the lowest and the highest
doses) can be incorporated, which results in less than 10% of the total information
accrued if the trial were to reach its maximum size. However, when multiple TDs are
being estimated, 2 cohorts worth for each subgroup will overwhelm the data and
prevent proper convergence of the TD estimates. More than one pseudo-observation
should be included at each dose level for each subgroup associated with a different
TD, in order to ensure the first few observations do not cause the escalation to either
proceed at an unsafe rate, if no events are observed for the most at risk subgroup, or to
stop for what is claimed to be safety reasons due to a random occurrence of an event

during the first administration to a subgroup at the lowest dose.

While estimating different TDs for patients with certain baseline characteristics is a
reasonable procedure to undertake, one cannot predict an individual patient’s
underlying tolerance to the investigational drug. While there may be some relationship
between the drug being administered and perhaps the presence of a biomarker or
another current medical condition, these may not be known or present at the onset of
treatment. Therefore it is not possible to dose different patients at different doses to
suit their underlying tolerability at the start of treatment. However, the ability to
incorporate intra-patient dose adjustments, in order to ensure safe escalations that are
suited to each patient, is desirable. The most effective way of incorporating intra-
patient adjustments into the ICSDP is to allow adjustments between cycles based on
accruing information in each cycle, but estimating the TD at the end of the trial to
correspond just to the occurrence of DLTs in the entire population. Different patients
will, in reality, require different TDs, and this may be indicated by the value of a
tolerance marker. However, it may be appropriate to recommend a population

average TD for further investigation, as dose-titration may be considered later on if a
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significant difference in tolerance arises. There are different events or measurements
that could be considered as a marker for tolerance, such as the occurrence of LGTs,
some pharmacokinetic measure depicting the exposure of the drug, or a
pharmacodynamic event which can be related to efficacy. The inclusion of LGTs is
however one of the easiest to implement since all toxicities of all grades are recorded
at every evaluation for each patient as a standard safety assessment, and so are readily

attainable.

On including LGTs into the between cycle escalations for patients, it has been shown
that the trial lengths can be decreased further, since each patient is being dosed at
doses most suited to them so the dose corresponding to the required TTL is more
precise. Escalating the doses between cohorts based on the estimated TDs associated
with the occurrence of just DLTs (without LGTs) is very effective and requires no
additional complexity in the procedure. Once the trials have stopped, the average of
the population’s individual TDs produces even better estimates than when analysing
the data for just DLTs and obtaining a single TD. Furthermore, some idea can be
gained on the effect of LGTs on the prediction of DLTs which can then be used in

later phases of development to aid dosing decisions when LGTs occur.

9.2. Extensions and Further Work
While many possible scenarios have been investigated within the scope of each
comparison, there are possible extensions and further comparisons that could have

been considered for each chapter.

The inclusion of three cycles in the simulations of the ICSDP was based on the data
from Postel-Vinay [1]. The Christie data [17] also only investigate for 3 cycles even

when considering LGTs and looking at biomarker values, which suggests that 3 may
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be sufficient. Also, if the suggestion of P(DLT) halving with successive cycles is
appropriate, one would expect cycles after cycle 3 to contribute very few occurrences
of DLTs. While the use of 3 cycles is justified in this thesis, some further investigation
could be conducted to compare the use of the ICSDP with differing numbers of cycles

to determine an optimal number of cycles to observe.

The scenarios investigated were based on the assumption that the probability of a
patient’s first DLT in each cycle was conditionally independent on P(DLT) in earlier
cycles and consistently decreasing. It may be appropriate to consider the possibility
that the probability of a patient’s first DLT may increase with cycle due to an
accumulation of dose. This could be investigated by including a cumulative dose term
in the link function for the ICS model. However, there may be the possibility of an
increased tolerance with time, so some compromise of decreasing P(DLT) with time,
but increasing P(DLT) due to dose accumulation could be investigated. The
cumulative dose term will be a time-changing covariate, so the methods in Chapter 8
would have to be applied to investigate this, and of course more parameters would
require to be estimated. This may discourage the inclusion of further covariates which

would then require more parameters still.

Prior information has been incorporated through the use of pseudo-data, which
combines easily with the binary observations from the trial. Further investigation
could be undertaken concerning the inclusion of prior information through the
traditional method of meta-analytical priors, which use existing data to place a
distribution on the parameters of the model which reflect current belief associated
with the drug. This does however detract from the simplicity of the ICSDP and may

be more complicated to implement.
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The inclusion of baseline covariates could be extended to the inclusion of continuous
covariates as discussed in Chapter 7. A TD to recommend for further investigation
could be recommended as a function of the covariates such that a decision on dosing

could be made based on the specific patient’s characteristics at the start of the trial.

The results from Chapter 8 could be combined with the inclusion of baseline
covariates to determine whether different doses are appropriate to administer at the
start of treatment while allowing dose adjustments based on time changing covariates.
Further investigation into the effect of time-changing covariates across baseline
characteristics could also be investigated. For example the presence of characteristic
specific markers, such as hormone levels which have been related to particular
cancers, could fluctuate in response to the drug which could provide early indications
of efficacy or toxicity. Those markers may have a different level of prevalence in
different patients, females to males for example, so the effect on P(DLT) may be
different for those patients, and therefore interaction terms between the time-changing

covariates and the baseline characteristics may need to be included.
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10.Appendices

Appendix 1:

Rearranging the complementary log-log link function in terms of the
TD for s cycles.

The link function for the conditional probability is defined as:

7, =1—exp(—exp(}/, +¢9]0gdj))
log(—log(l—zzj,,)) =y,+0logd,

D, (c,)= 7T, +(l —irjl)fzﬂ +...+(1-—7Z‘1.|)"-(1—-7[].’:_])7[]5.
The probability after s cycles redefined through the link function is:

p,(c)=
l—exp(—exp(}/l +910gdj))+

exp(—exp(}/1 +08log d]))[l —exp(—exp(y2 +0log dj)):|+

+exp(—exp(y, +8log a’j))---exp(—exp(}/s_l +9]ogdj))[1 —exp(—exp(;fx +910gd}.))]
=1 —{exp(—exp (71 +0log dj.))---exp(—exp(}’s_l +0log dj))exp(—exp (}g +8log dj))}
=1—exp{d19 [—e“ gl el ]}

The TD can be defined by rearranging the expression for the TTL as follows:

TTL=1-exp{TD’[~¢" =™ —¢” |}

I N EEON)

e}’l .__+e7:41 +eys

1 —log(1-TTL)
TD:CXP{E[IOg(e" cetel +e” H}

_ Vs
TD:( ~log(1-TTL) )0‘

e}’l coit eh-x + eh
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Appendix 2:

Deriving the asymptotic variance for the complementary log-log link
function for 3 cycles

Given p, =7, (1-7,)(1-7,). the likelihood (L) is:

3+1
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where g, =n, 1, the number of subjects on dose level () during cycle / who

did not experience a DLT. L is then expressed through the link function as follows:
L- 121(1 ~exp(-exp(y, +Ologd,, ))) " (exp(-exp (1, + O1ogd, )"
(1-exp(~exp(7, +Olog doy)))"" (exp(-exp(r, +010gd, )"
(1-exp(~exp(r, +6l0gd,, )))‘“ (exp(~exp (7, +6log d(j,)))""”
Taking the natural logarithm gives the expression for the log-likelihood.
= itw log(1-exp(—exp(y, +8logd,,,))) - q, (exp (7, +Ologd, )

o Iog(l exp( (72 +0]0gdm)))—qm2 (exp(}/2 +6’logdm))

Loy log(l exp( p(;/3 +8log a'(,))))—qm3 (exp(y3 +8log dm))

Differentiating with respect to each parameter:
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Differentiating again:
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)) =1 exp(;/2 +8log d(,))

_ i n (log(l Ry ))2 ~lnTn l0g (1 iy ){1 ~log (1 ~Ton )} +1,,7 ), log (] - ”(,/)2)
= T

it(m( exp(}/3+6?logd<j)))(—exp(—exp(}/3+6’logd( )))(—exp(y3+6?logd(j)))
=1 l—exp(—exp(}/3 +68log dm))

£y €XP (73 +08log d(j))
l—exp(--exp(}/3 +0logd, ))

. exp(}/3 +6’logd( ))

=i (m(log(l ”(;)3))2 LT (})3log(1 ”(/)3){1—l°g(1_”m3)}+”(1>3”u)32log(l_”u)S)

2
J=1 (/)3
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092 ;log (I)

o (—exp(}/, +8log d(})))(—exp(-—exp(;fl +8log dm)))(—exp (7, +8log d(!))) logd,
1 —exp(—exp (;/1 +6log dm))

. Iom (CXP(% +0log d(,)))log d,
l—exp(—exp(}q +0log dm))
i (—exp(7’2 +6log d(,)))(—exp(—exp(72 + Glogdm)))(—exp(;f2 +8log dm)) logd,
1-exp (—exp (7, +6logd,, ))
.\ Lo (exp (;/2 +80logd, ) ))Iog d,
1-exp(-exp(y, +6logd,,))
+,,,(~exp(7, +Ologd,,))(~exp(~exp(r, +Ologd, ,)))(~exp(, +logd, ,)) logd,
l—exp(—exp(}/3 +8log d(j)))
.\ {3 (exp(y3 +8log d(;))) logd,,,
1- exp(—exp (7;+6log d(j)))

—H (exp(}/, +6’logd(}))) logd,

=R, (exp(y2 +6log dm)) logd,

M (exp(}@ +8log dm))log d,

Q)IQ)

k
Z(log d(}))2
=1

2

(;)1(l°g(1 ”ml)) ~ Loy log(l—”ml){l_IOg(l_”ml)}+"<f>1”(/>12 log(1-7,,,)

2
m

o (k’g(l ~ T ))2 =107 108 (1 T ){1 —log (1 T )} + 107" log (1 T )
2

ﬂ'jz

(1)3(log(l ”(ns))z"’(_z)a”(_ns log(l_”ma){l_log(]"”(1)3)}+”m3”(n32 log(l ”(;)3)}

2
Ty

(1)1( exp(}/,+6?logd )))(—exp(—exp(yl+€logd(j))))(—exp(yl+010gdm))
l—exp(—exp(}/1+910gd“)))

Iom (exp(}/l +8log dm))
1- exp( exp(}/1 +8log d(;)

)) R (exp (7, +6log d(j)))}
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2
i

{'tun (log(l T ))2 — Iy log (1 i ){] —log (l ~m )} + 7,7 " log (1 o )}

2 k
ot =Y logd,, x
1

o
L (—exp(}/2 +Ologdm))(—t’:xp(—exp(}/2 +t9logdm)))(—exp(;/2 +010gdm))
l—exp(—exp(}/2 +¢910gdm))

Lo (exp(y2 +0logd, ))

1- exp(—exp (}/2 +0logd

)) =N, (CXP (7’2 +8log dm))}

oM
a 60 ZlOg (@))

J=1

{ ()2(103(1 ”(;)2))2_’mz”mzIOg(l_”(nz){l_k’g(l_”(m)}+"(n2”<1)22log(l_”(nz)}

2
T

ay ae Zlog (j)
3

J=1

!y (—exp (}/2 +68log d(l)))(—exp(—exp (72 +68log d(]))))(—exp (}/2 +0logd, ))
l—exp(—exp(}/2 +0log d(_,.)))

Ly (exp(}/2 +8log d(;)))
1- exp( exp(72+010gdm

)) Py (CXP (72 +0log dM))}

=>1lo
67360 Z g )

J=1

[ (m(log(l ”(;)3))2 L™ (/)3l°g(1 ”(:)3){1—10g(1_”(/)3)}+"(1)3”(1)32IOg(l_”ms)}

2
T

Letting;

Lo log(l ”ml) m,(log(l ”(;)1))2"(/)1”0)1lOg(l_”ml){l‘lOg(l‘”u)l)}
Ty’

R(.i)l
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R =’</>2 (2 lOg(l_”mz)_tun(log(]_”(_/)2))2"t(m”(/)zIOg(l—”U)Z){ log(

o2}

(/)2 2
4y

R(/)3 = 2
Ty

The 2™ derivative Matrix is then defined as;

k
ZR(JN 0 0
=1

k
0 Z]R(jﬂ 0
J=

M~

] R, (logd ;)

7

M~

R(m(log )

~,
Il

M~

k
0 0 ZRms Ro)s(l"g )
Jj=1

.
I

k k k k
Zle (logd)) ZR(m(log d;) ZRma('Og d) Z(le +R ), + R 5)(logd ;)
Jj=1 Jj=1 j=1 j=1

The Observed Information Matrix is the negative of the 2™ derivative matrix;

1() (7p72’73’6) =
k k

_Z R, 0 0 ’Z R, (logd )
J=1 J

k
0 ‘Z R, 0 ZR(/)z(IOg d)
j=1 =l
k k
0 0 _Z; R s Z R s(logd ;)
= =

=2 R;y(logd)) _ZRmz(lOgdj) ’ZRmz(IOgdf) =2 (R + R,y + R y5)(log

The Expected Information Matrix: I, (71,7,.7:,0) = E[ 1, (71:72:75» 6)]

The determinant of this matrix required to invert this matrix is given by the following
expression;
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d(j))

LTy log(l —”ma)—t(m (log(l LT ))2 OO log(l RO ){1 —]og(l R )}




k

k k k
det= Zl Ry z,: R(./)ZZ:‘ R(nsz(R(_m +R;p+ Rm3)(1°g d, )2
J= j= J=

Jj=1

=

k 2 k k k 2 k
_(ZR(”' logde ZR(_I')ZZR(J)3_(ZR(1)2 IOgdm] ZRU)!ZR(/)B
=

j=1 J=1 Jj=1 J=1 J=1

k 2 k k

- ZR(/)B logd, RL/)IZRmz
J=1 J= J=

1

The inverted Expected Information Matrix is shown in Appendix 3.

Replace d;, with TD and rearrange the complementary log-log link function in terms

oflog(7D) as shown in Appendix 1.

The first derivatives of log (7D) with respect to each of the parameters are;

dlog(tp) _ 1 1, _ ¢
a}/l - 9 (eyl +e’2 +eh) B H(eyl +e72 +e7'3)
dlog(7D) 1 1 o o
07, - 9(e"+e’2+e73) 9(e"+e"2+e’3)
dlog(TD) 1 ] o o
07; - 9(e"+e’2+e”) B 0(e7‘+e72+e’3)
%@:—%log(—log(l—p}. (03)))+512-10g(e" ye +e”)
=—%{%log(—log(l—p}(q)))——élog(e" +e” +e” )}
=—élog(TD)

The first derivative vector of log(7D):

o 1 N eh 4}
v(log(TD))’ = _E(e" " ¢ , = log(T D))

e}’z +e?/3 e71+e72 +e73 e7|+e72 +e}/3

The asymptotic variance oflog(7D) is given by;

V(log(TD)) 1, (11,72 75,0)V (log(TD))
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The asymptotic variance is then defined as;

| {( o jl det+ (-3 R (-2 R (20 R logd},)z

x
6 det e +e’ +ei ( Z )
=1 (J)l

ehe}'z e71e73 e" lOg(TD)

_2[(e" +e +e” )2 J—z[(en re 4o )2 ]+2(m

+( e J det+( Z =1 (})1)( Z/| (1)3)( ZfﬂR(j)z lOgdj)2
e +e” +e” ( Z, . (m)

ee” ele” e log (TD)

_2{(87'4'972 +e73 )2}_2{(8714'872 +ei’3 )2]+2(87' +e7’ +e"

2

+( e” ] det+( Z - (nl)( Z,I (;)2)( Z - <;>3l°gd1)
e’ +et +el ( Z,n (/)3)

_ e'e” _5 ee” _|+2 e” log(TD)
(e"+e”+e’-‘)2 (e"+e"2+e") e +e’ +e
(log(TD)) Z = le,l (2 (/)3}
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Appendix 4:

Extending the asymptotic variance for the complementary log-log link
function to s cycles
As in Appendix 2, let:

R - Py log(l _”(n/)_’ml (log(l _”(nl))2 LTy log(l"”m){l —IOg(l ~ )}
D T 2
U

Forcycle /,1=1,...,s

Ly(seees Vs Vs ) = L (Frseers ¥ 15 ¥, 0) =

k l( -
’ZRmI 0 0 Z n logd,
j=1
k k
0 _Zer)z 0 Z R,y logd,,,
=1 j=1
k
0 0 —ZlR(f)s ZR(;)s logd,,
=
k k k
_Zle logd,, _Z‘Ru)z logd,, - _Z;R(ns logd,,, ;Z;(IOgdtJ)) ZR
L J=l J= J= = |

log(7D) s defined as:

log(7D) =—;—log(—log(l—TTL))—élog(Ze” )
=1

Differentiating with respect to each parameter gives:

dlog(TD) "
% 02;1 e’

Jforl=1,...,s

Olog(TD 1
OWETD) L tog(-tog(1- 7, () + grlog(e” +e” +.ve”)

= —é{élog(—log(l—p}, (cs)))—élog(eyl +e +..+e” )}
=—%log(TD).

Therefore:
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T 1 e}/l e}'l eh
V(log(7D)) =‘5[Zx R S
/=1 =1 I=1

The determinant required to invert the information matrix is defined as:

PR

- ,log(TD)].

=1 \_s=1 /=1 /=1 te(Ls N\ j=1

det = [ﬁ(i Ry H i{(log “’(/))2 (; Ry )} - ZHZ:: R log dmj I1 (Zk: Ry ﬂ
The asymptotic variance is then derived:
var (log(7D)) =

2

1 Zx:[ e’ ] [ e’ } det+ (Zj:l R(j)l log d(/‘)) Hre(lg)\l(Hj‘:lR(])’)
s s k

0" det Zl:]en ZI:IerI —Zj=l Ry

I=1

_Z{Z:eu.sw{ fh 7 ](Z_l R ) log d(/')_z:; Rylogd,, 1] (Z R ]ﬂ

2 e\
+2 log(TD)[g R, logd,,, (H\,[,Zk; R, M} ~(log(TD)) [1:[( ; R, H}
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Appendix 5:

Deriving the asymptotic variance for the complementary log-log link
function for 3 cycles with 2 covariates

The probability of DLT during a given cycle / on dose level (), for a patient with
covariates gand g:

Pijragi =% jragl (1 _ﬂu).a.g,l—l) (1 T jag, 1)

The overall probability of DLT after 3 cycles on dose level ().

Ppag(C) =70 ¥ W rags (] T ragl ) T2 )ags (1 (a2 )(1 i hag )
=1 —exp[—exp(}/1 +§a+vg+¢910gdm) e:xp(}/2 +§a+vg+t910gdm)
—c:xp(;/3 +§a+vg+0|ogdm)]

log (1= 2y (¢:)) = exp(£a)exp(vg ) exp(flogd, )

[_CXP(VI)‘exP(%)‘eXP(}’s)]

The dose corresponding to a given probability is defined as:

[ log(l —D(jyag (cs)) ]
og egaevg [_eh —e _er‘]
exp ; = d(j)

log(1- P a0 (€))
log[eéaevg([_en(]i egrz —3e73 ]

7

= log(dm).

The likelihood (L) is defined as:

5»

N
l I lagl
Pijragi

1 I=]

3 9 jragd
(ragld Nag.
H”(/)agl ( ”(/)a,g,/)

1 1=l

1]

J

iy

J

1]

J=1

-

(1 B eXp(_exp (71 +&a+vg+0log d(j)))){mm

-~
1

1

(exP (—eXP (7, +&a+vg+0log d<,>)))"wa,g‘,

The log-likelihood is defined as:
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k 3
0= 1o log(l —exp(—exp(}/, +0logd,, )))_ 9 pag exp(yl +0log d(/'))

J=t 1=l
For cycle /=1,2,3, the derivatives with respect to each parameter are:
ivagi ( exp( exp (}/, +8log d(j))))
Vi a0 1= exp( exp(y, +8log dm))

_ i lrag [_(1 =7 30,0) 108 (1= 7 001 ):l

J=1 T prag.t

“ 9 pagd exp(y, +0log dm)

“iprag (_ log (l T pagd ))

kot logll—rm
_ Z]: _ (f)a.gl ( (J)a,g,l) + n(j)a,g./ log (1 - ﬂ-(j)a,g.l)
j=

7 (jra.gi

ko f ex +&a+vg+0Ologd
_ (s P (7 +Ea+ve gd;) + 11050 €XD(7, + Ea+vg +6logd,,))
B exp( exp(}/,+§a+vg+010gd(”)) .

t(j)agl( exp(—exp(}/, +Sa+vg+0log dm)))(—exp(;/, +&a+vg+0log dm))

JENE l—exp(—exp(y, +§a+vg+6?logdm))
9 jrag exp(y, +.§a+vg+o910gdm)a
o S log(1-7,,,,.
—E=Z;IZ;—0 (ﬂ = gl)[’(_;)a,g.l‘”(;)a,g.l (’(/)a.g,z +q(;>a‘g.l)]
== ())a.gd

=Z":i_a {00 108 (1= T 01

+an, ., log (1 ~ T jagi )

=t =l 7 jagd
! pyag exP(}’l +&a+vg+0Olog dm)

—an .. exp(}/, +&a+vg+0log
= 1=l l—exp(—exp(yl+§a+vg+010gd(j))) s

o _

v

iit(/)a,gl( exp( exp(;/,+§a+vg+6’10gd(1))))(—exp(y,+§a+vg+010gd(j)))g
J=1 i=1 l-exp(—exp(}/, +§a+vg+6?logdm))

D jag. exp(y, +&a+vg+0log d(/))

k3 1 | “
g—i = Zz—g M[,mw R pagl (’(/)a,g‘l t9)ag ):]

=1 =1 T ag

k3 1 -7 "
g_f = ZZlog d(j) {_M[t(J)a.g.l -ﬂ(j)a,g,l (t(/)a,g.l +q(/)a,g,/):|} :

7 jrag.l
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For [ =1,2,3, the second derivatives are:

t( Yo yi+ga+vg+flogd (_e‘exl’(}’l+5”+Vg+‘9l°8d(_,)))(_ey,+§a+vg+6logd(“ )
/)a.g,

k
o ,Z:;‘

6;/,2

|:1 _ ey,+.fa+vg+€logdm }2

1 7i+&a+vg+Ologd
(Dag.l y,+&a+vg+logd,
_,_J)g . Ilgg gd,
1 e_e"p(71+§0+vg+9logdu)) (J)a.g,

_ Z": “agi (log (1 T agd ))2 = )17 jyags 108 (1 T pagt ) {1 ~log (1 T yagd )}

2
=l (jragi

2
a7 (yag) 108 (1 T yagd )
2
”(/)a,g.l

o 3 o 3 a4 3
onoy, O0r0r; 0707,

. d - Flogd,
e7’+§ +vg+6logd (_e exp(y,+.§a+vg+ og (n))a(_exp(yl +§a+vg+910gd(j)))

k3 lpagi
_ZIZ::a

2
j=1 =1 _ [1 _ e-exp(r, +§a+vg+¢9loga’m)]

+a U agd exP(?’/ +&a+vg+0Olog dm)a

1— e—cxp(n +¢a+vg+€loga’m)

TN 0, g0 €XP (7’1 +&a+vg+0logd,, )a

(IOg(] T jagd ))(l - ﬂ(})a.g.f) log (1 T jagd )a2

3 Ljagd
Z - 2

Il
M-

JENE " jagd

t ~lo (1—72’ ) a‘n n —log(l—zz ) ar,, }

a.gl g (Da.gd agd  Mpagi (Na.gd (Nagd
+ 2 - T 2

T pagd (Na.gd
2 2 2

_x i"(z)a,g,ta (IOg(l‘”(f)a,g.l)) ~l)ag s Fpag. 103(1“”o)a,g.l){l_IOg(l_”ma,g,/)}
- 2

j=1 =1 T pragi

2 2
B vagi® T(jagi log(l _”(/)a,g'l)
2
T hag
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ov?
y, +&at+vg+Ologd —exp(y,+§a+vg+ﬂlogd(/))
_Zk: 3 . [ yagi€ (—e g ——exp(}/,+.§a+vg+0|ogd(})))
- 2
J=1 I=1 _ |:] _ e—exp(y,+§a+vg+elogdm) :|

¢, exp(y +&a+vg+6logd )g
(j)a.gl / 9
+8 l_e—exp(n+§a+vg+0]ogd(/)) —gn(j)"’gv’ exp(y, +§a+vg+ 910g d(]))g

=ii (J)agl(log(l_”(/)a.g,l))(l_ﬂ(/ag/)log( ”(_/)a.g,l)gz

2
j=1 I=1 —ﬂ(j)a_g‘,

2 2 2
. Ljagi (_ log (1 T pagl )) & Tipags  Mpagi (_ log (1 T pag )) & T(jagi

2 2
Z(ja.gi

T jragd

_ z": 23: ~ragi& (log (1 ~jagd ))2 130018 W jrags 108 (1 7 jag. ) {1 —log (1 ~ T agl )}

2
= T pagi
n .. o (1 -7 )
+ ()a.gt8 Tpags 108 (j)a.g.l
2
T pasgt
For 1=1,2,3
625 . t(’)a o v +éa+vg+blogd, (_e—exp(y, +5a+vg+ﬂlogdm) )(_e7,+§a+vg+elogdm )a
- 2
8}’185 P [1 _ e—cxp(y,+§a+vg+6?logdu)) ]
JrHeerdlond )
+ t(/)a,g,le a +n y+éa+vg+blogd,
1 _exp(en'»{awg-ﬁalogd(j)) (fla.gl
—-e

L jrag. ,a(log(l Zijae /))2 e agd log (1 T (pag.d ) a {l —log (1 T fagl )}

2
T jya.g.l

_M»

2
N R jragi®jyags 4108 (1 ~ T jragt )

2
T (pag.t
2 yi+&a+vg+Ologd —exp(y,+§a+vg+€]ogdm) yi+éa+vg+0logd,
0 _ & lpag e e
- 2
a},/a v =1 l:l _ e—exp(,v, +§a+vg+9|ogd(}-))j|
en+¢awg+0 Iogd(j)
+ t(/)a-g‘le g +n yi+&a+vg+blogd ;)
yy+iawgBlogd ) (/)a.g.l
] —exp(e )
—-e
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_ i —t(,)a'g,,g(log(] _”(/>a,g,/))2 g i pag log(l - ﬂ.(_/)a.g‘l)g {1 - 108(1 - ”<j>a‘g,/)}
1

2
Jj= ”(/)a,g,l
2
" P yagiyagt 8 log (1 - ”(J)a,g,/)
2
T )yagd
7
o&ov
2
Z":iag (Na.gd (log(l _”(J')a‘g»/)) 0 VOB (1= 70 ) T (1 ~log(1-7,,, ., ))
=1 1=l (;)a,g./2
2
N P jya.g0 108 (1 " jag.l ) 7 jyag.d
2
T pya.gd
For 1=1,2,3
71
0y,00

2
”(j)a,g,/

Zlo { ()a g,(log(l ”mag/))z'tma,g.t”ma,g,ll°g<1 n(/)ag,){l—log(l ”magl)}
)

2
. P o jyags 108 (l ~ R pyagl )}
2

7 jrag.l

Z": 23: alogd { (Nagd (IOg (1 T pasg 1))2 =l jyag % yags 108 (1 T pragl ){1 ~log (1 T pagd )}
5

”(j)a,g,/

2
N P jyagi®(ags 108 (1 ~(pagl )}
2

7 (j)a.gd
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2
Z": 23: glogd,, i jagi (log (1 i pagd )) ! ya.g % pyags 108 (1 R ragd ) {1 —log (1 T jragi )}
ENE T hragl
+ M pag i pag Iog(l - ”(j)a,g,/)
”(_/)a,g.lz
e _
26*
i 23: (log d, )2 “Lpagl (log (1 “ R pagd ))2 1 rag % jrag 108 (1 T hagd ) {1 ~log (1 “ T jagt )}
j=1 I=1 T pagi
+ Mo past 108 (1 - ”(/)a,g,l) -
”(/)a,g,lz
Letting:

2 2
P ragi g 108 (1 ~(jag ) L paga (Iog (1 ~(jragl ))

R(/)a.g,l = 2

T ja.g.l
! yaga T (yaga 108 (1 T jyag ) {1 —log (1 ~(j)ag. )}
- 2
Z(ja.g

2
2
M jyag 2 (ja g2 IOg(] ~(jrag2 ) L ag (log (1 “()ag2 ))

Rjaga= T 2
(J)a.g.2
110,827 yag.2 log(l T (jag.2 ){I —log (] 7 (jag. )}
2
T(pag.2

2
2
P yag o pags 108 (1 T pag3 ) “lipags (IOg (1 7 pag3 ))

R yags= 2

”(1)0.3.3
! )3a.g3%())a.g3 108 (1 7 jag3 ) {1 ~log (1 7 jrag3 )}
T pa.g3
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The asymptotic variance of the function of log(7D)is:

var(log (TD) +§GTTVgJ =

T
v(log(m)ﬁ‘"fTng 1 (y‘,}/2,;/3,c9,§,v)V(log(TD)+§aTTng

Where differentiating with respect to (y,,7,,7;,6,&,v) gives the gradient vector of

V[log(TD)+§aTTVgJ:

¢fa+vg) 1 e’ e” e’
V| log(7TD)+ =—— s , ,log(7TD),0,0
( g( ) 0 0 en + eh + e73 e7| + e72 + e73 ei’l + e7z + e?s g( )

Pre and post multiplying 1,7 (7,,7,.7;.6,£,v) by V(log (7D)+ ‘fa;"g] '

equivalent to pre and post multiplying 1, (#,,7,,7;,6) (as in Appendix 3) by

1 e’ e’ e” .
— , , ,log(7D) |, which therefore reduces
9 e}’l +e}’z +e73 e?’l +e}’2 +e73 e71 +e}’z +e73

k k11
the variance to the same as in Appendix 2, with ZR< Dagd = ZZZR( ,y inthe

J=1 J=l a=0 g=1

setting of 2 factors with 2 levels each.

The variance is defined as:
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