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Dose Response – Regulatory Guideline



Dose-Response Analysis: Common Objectives

ICH E4 Guideline “Dose Response Information to Support Drug Registration”

Section 4.2.(c):

“Identify a dose…beyond which titration should not 

ordinarily be attempted because of…unacceptable 

increase in undesirable effects.”



Dose-Response Analysis: Common Objectives

ICH E4 Guideline “Dose Response Information to Support Drug Registration”

Section 4.2.(c):

“Study designs usually should emphasize elucidation of the 

dose-response function” 



Dose Response – Regulators and Bayesian Methods



Bayesian Analysis: Objectives for this session
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The Continual Reassessment Method



The setting: identification of MTD

ICH E4 Guideline “Dose Response Information to Support Drug 
Registration”

Section 4.2.(c):
“Identify a dose…beyond which titration should not 
ordinarily be attempted because of…unacceptable 
increase in undesirable effects.”

= the “Maximum Tolerated Dose” (MTD)

defined as the highest dose with an acceptably small

risk of dose-limiting toxicity (DLT) [Zhou,2004]



Maximum Tolerated Dose

Idea is that both efficacy and toxicity increase as dose increases, so 
we want to maximise efficacy by selecting the dose which has the 
highest acceptable probability of toxicity - traditionally this has 
been a reasonable assumption in oncology trials 

If we do not believe that both toxicity and efficacy increase with 

increasing dose, the MTD concept may not be appropriate

(Takimoto, 2009)



The continual reassessment method
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Formulation

We have a set of doses di (i = 1....k), and set of prior probabilities 

pi (i = 1....k), for the toxicity at each dose level 

We model the probability of toxicity (T) as a function of transformed doses 

xi (i = 1....k), and a single parameter Θ

Pr(T | xi )  =  ψ(xi ; Θ)

We have a pre-specified “target” toxicity probability PT , associated with 

the MTD

We have a pre-specified maximum sample size N



Formulation

We select an appropriate dose-response model  - a common choice is the 

logistic (with  a0  fixed):

ψ(xi ; Θ) = exp(a0 + Θ xi ) / 1 + exp(a0 + Θ xi )



Formulation

The transformed doses xi (i = 1....k) that we work with computationally are 

given by the inverse of the dose-response function evaluated at the prior 

toxicity probabilities, for a specified level of Θ – usually the mean of the 

prior distribution

xi =  ψ-1(pi ; Θ)

So that we use a dose scale on which the chosen model is an adequate fit

e.g. for the logistic model   xi = log[pi / (1-pi)] - a0



Formulation

We have, on a transformed dose scale, a dose-response model indexed by 

a single parameter Θ:

Pr(T | xi )   =  ψ(xi ; Θ)  =  exp(a0 + Θ xi ) / 1 + exp(a0 + Θ xi )

( so Θ is our “uncertain quantity” in this Bayesian analysis)

In a Bayesian context, the requirement is to combine prior information 

about Θ with the information provided by the data



Prior  and data

With the logistic dose-response model, a 

common prior for Θ is the unit 

exponential distribution:

π(Θ)  =  e - Ѳ

Denoting by x=(xi , yi) the dose administered to subject i, and the [binary] 

response of subject i, we accumulate data of the form [(x1 , y1) , (x2 , y2) ,.... 

(xj , yj)] , after inclusion of j subjects.



Bayes theorem:      π(Θ|x)    α π(Θ) f(x|Θ)

where π(Θ) is the prior for Θ, 

and f(x|Θ) is the likelihood:     f(x|Θ) = П{r=1..j} ψ(xr ; Θ)yr [1 - ψ(xr ; Θ)]1-yr

From π(Θ|x) we can compute the posterior mean of Θ:

= E(Θ|x) =  ∫Θ Θ π(Θ|x)dΘ

And the mean of the posterior for the toxicity probability for a given dose:

E(pi) = ∫Θ ψ(xi ; Θ)π(Θ|x)dΘ ≈ ψ(xi ;    )θˆ

θ
ˆ



Formulation

We select, as the current estimate of the MTD, the dose which minimises 

abs [ E(pi) - PT ]

This dose is administered to the next subject.

We continue updating until maximum sample size reached, and examine 

posterior densities and credible intervals for the probability of toxicity at 

each dose.



How do we do this in practice?

Two recommended software options are: 

dfcrm  - package in the R system

and

CRM – interactive program 

(https://biostatistics.mdanderson.org/SoftwareDownload/)

(also SAS, R and WINBUGS code easily found using internet search engine)



Using “CRM”: (1) Trial set-up

(Chevret, 2006)



Using “CRM”: (2) First Patient

(Chevret, 2006)



Using “CRM”: (3) Ongoing recruitment

(Chevret, 2006)



Using “CRM”: (4) Summary of Patient Outcomes



Using “CRM”: (5) Stopping the Trial at Fixed N

(from WINBUGS):



Common modifications/alternatives

Alternative dose-

response models:

Alternative priors for Θ :       normal:

uniform:



Other proposed modifications to the CRM

(Chevret, 2006)



Performance of CRM in practice

(Iasonos, 2008)



My recommendations for CRM in practice

� Treat cohorts of patients (e.g. N = 3) at each dose before escalation

� Start at minimum dose (not dose with prior pr(T) closest to target)

� Consider NOT skipping doses during the escalation procedure

� Consider recruiting a pre-specified minimum number of patients at 

the MTD before stopping the study

� Study the chosen design by simulation prior to implementation

� Choose one model/prior for the trial monitoring, but run other(s) 

in parallel during the trial to check recommended dose escalations



Is this approach widely used?

Bass A et. al., (2000) 

Garcia-Manero G et. al. (2002)

Pollack IF et. al. (2007) 

Beloeil H et. al (2007)

Broniscer A et. al. ( 2007)

Thevenin A et. al. (2008)

Review of 1,235 clinical studies :  17 used the CRM



Final recommendation for CRM in practice

� Do not be casual about the prior toxicity probabilities – these are 

likely to affect the early sequence of doses, though generally will 

not affect the final selected MTD – try to make sensible and 

realistic estimates

0.05

0.1

0.3

0.5

0.6

0.65

0.05

0.1

0.2

0.3

0.4

0.5



Elicitation of Prior Probabilities



Elicitation

With the CRM, we ask experts to provide us with prior probabilities 

of toxicity levels at each proposed dose

One of the great strengths of the Bayesian approach is that it allows 

us to incorporate prior subjective probabilities into a formal analysis

But how do we elicit this subjective prior opinion? 



Elicitation

Essential introductory reading (from the statistical literature): 

Meyer et. al. 2001.

O’Hagan et. al. 2006.

Kynn 2007

(Kynn, 2007)



Elicitation

Q: What information do we need from experts in order to facilitate 

Bayesian analyses?

A: in most cases, we need information on probabilities or, ideally, 

on probability distributions

But the literature of elicitation suggests that that people are not 

very good at providing this kind of information - particularly 

concerning probabilities

Evidence suggests that people (unconsciously) use certain “rules” or 

“heuristics” when making probability judgments



Elicitation

Three commonly cited heuristics are widely believed to lead to bias 

in the provision of probabilities:

o Representativeness

o Availability

o Anchoring/adjustment

o and another common effect is that of “overconfidence” 



Representativeness

For example, we plan to run a trial in which cardiovascular AEs 

are expected, and in this patient group the AEs tend to be life-

threatening in older patients. Patient X is 86 years old and 

experiences and AE. Do you think it is more probable that X has 

had a cardiovascular AE or a life-threatening cardiovascular AE?

(Knol et. al., 2010)



Availability

So that we tend to assign higher probabilities to events if we can 

remember a particular example 

e.g. if we remember treating a patient with a particular 

class of drug, and remember them having a headache, 

we tend to assign a higher probability to this event than 

might otherwise be the case 

(Kynn, 2007)



Anchoring/adjustment

“We presented participants subliminally with a low or high 

anchor value (10 or 90) and next they had to estimate the 

probability of an epidemic. Half of them were pressed to do this 

quickly…(only under time pressure) a significant anchor effect 

emerged.”

(Reitsma Van Rooijen et.al , 2006)



Overconfidence and Narrowness

(Soll , 2004)

(Kynn, 2007)



These potential biases lead us to ask:

(Kynn, 2007)



But:

1. It is usually difficult to ask enough questions of the right type to 

determine if an expert is truly “coherent”

2. We can only ask questions about calibration in certain 

circumstances when there is an external reference available

3. Reliability is confounded by changes in opinion over time for 

genuine scientific reasons as knowledge accumulates

In any event, being calibrated and reliable is not the same as being 

good or useful



Elicitation: some practical techniques  - Questionnaire:

(Hiance et. al. 2009)



Elicitation: some techniques  - Questionnaire:

(Chaloner et. al. 2001)



Elicitation: some techniques  - Questionnaire:

(White et. al. 2005)



Elicitation: some techniques  - Questionnaire:

(Tan et. al. 2003)



Elicitation: some techniques - Graphical (1):

Experts asked to mark directly on to a graph their 

“best estimate” and “90th percentile” for toxicity 

probability at each dose

(Huson & Kinnersley 2009)



Elicitation: some techniques  - Graphical (2):

Experts given 20 stickers – each representing 5% 

probability – and asked to place on graph to indicate 

“degree of belief”

(Johnson et. al. 2010)



Elicitation: some techniques  - Graphical (3):

Marking a visual analogue scale.

(Latthe et. al. 2010)



Elicitation: Recommendations Kynn (2007):



Elicitation: Recommendations



Summary

No consensus on what is “best” (nor on what “best” might mean)

Many conflicting conclusions in literature – counter-examples and 

counter-arguments

In practice – be thoughtful, careful and pragmatic and be aware of 

the potential problems and pitfalls

(Kynn, 2007)



Curve Fitting with Numerically Derived Priors



Priors for logistic curve parameters
With the continual reassessment method, we assume a prior for Θ -

the parameter that indexes the assumed model (e.g. logistic):

- ψ(xi ; Θ) = exp(a0 + Θ xi ) / 1 + exp(a0 + Θ xi )

We do not attempt to elicit this prior because we do not expect 

that experts will be able to tell us anything useful about the value 

of this parameter, even if they are knowledgeable about the dose-

toxicity relationship 

But we can derive priors for this type of parameter by 

eliciting“observable quantities”



Setting

- Phase I study of new chemical entity – placebo and six ascending 

dose cohorts

- Potential to cause specific type of cardiovascular adverse event 

(AE) 

- This class of drug/adverse event profile familiar to internal experts

- We wished to fit a logistic dose-response curve (relating dose to 

probability of AE) utilizing internal expert opinion



Two-parameter Logistic Curve

pr(AE) = exp(a + b*dose) / (1 + exp(a + b*dose))

For a Bayesian fitting, we require priors for the two parameters a and 

b (referred to below as “intercept” and “dose effect”)

( logistic not a necessary option – same process could be applied to other curves)

BUT experts cannot be expected to provide prior opinions directly 

about these parameters – instead we must focus on elicitation of 

“observable quantities” 

We asked internal experts to provide opinion on probability of adverse 

event at each of the doses in the Ph I trial



Elicitation

Our Process:

meet experts, describe Bayesian methods, explain the nature of 

the information we wish them to provide

provide tabular and graphical presentations, asking, for each dose, 

expert’s best estimate of probability of AE at each dose, and 

estimate such that they are 90% confident that the probability is 

not greater

cross-check, compare, examine for consistency, re-visit with 

experts 



Tabular elicitation of expert prior opinion:



Example of  (graphical ) expert prior opinion:



Priors for the logistic parameters

How did we convert this information into priors for the two 

parameters of the logistic curve? 

o Form priors using  CDF technique + simulation

o Form priors using direct bootstrapping



Forming priors using CDF/simulation:

� We interpret each “best” and “90%” estimate as the median and 

90th percentile for response probability at each dose

� Use these two pieces of information to fit a beta distribution for 

the response probability at each dose 

Van Dorp et. al. (2000)



Forming priors using CDF/simulation:



Forming priors by CDF/simulation:

� Using these beta-distributions, generate repeated samples of 

simulated data and fit logistic curves to each simulated dataset –

thereby building up empirical distributions for two logistic 

parameters

� Fit (re-scaled) beta-distributions to these empirically-derived 

distributions for the logistic parameters 

(beta not a necessary option – other pdfs could be chosen)



Forming priors by bootstrapping:

– draw repeated bootstrap samples directly from the expert “data” 

(weighting the “median” and “90th percentile)

– fit a logistic curve to each bootstrap sample, and accumulate 

empirical distributions for the logistic parameters

– Fit (re-scaled) beta-distributions to the empirically derived 

distributions for the two logistic parameters 

– (beta not a necessary option)

– Use these fitted beta-distributions as priors for the two logistic 

parameters



Comparison of priors from the two methods:



These priors are correlated:



Prior and posterior densities from 

CDF-simulation method:



Summary and conclusion:



Overall Summary

� Dose-finding is important during drug development – incorrect or 

inappropriate selection of doses at early stage of drug development 

can severely delay or kill drug development programmes

� Several Bayesian approaches to dose-response analysis are available, 

are easy to implement, and these allow a sensible summaries and 

decisions to be made based on the uncertainties inherent in small 

early-phase clinical trials 
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