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Talk Outline

1. Overview

2. Demo: How Long-Memory Designs work (using a 
CRM example)

3. Problems with Long-Memory Designs

4. Workarounds and Potential Solutions

Phase I Cancer (P1c): Framework
Toxicities dichotomized to “yes”/”no”. Probability for positive 
toxicity increases with increasing treatment (x). Response 
thresholds assumed to have a smooth, increasing CDF F(x). 
We know little else about F.

Goal: find the treatment that would yield a pre-specified toxicity 
probability (or frequency), p. Can be seen as a percentile of F:  
Qp ≡ F -1(p) ; the target

Treatment (x)

Probability of Toxicity F(x)� �� ���
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Additional P1c Constraints
• p is typically between 0.2 and 0.35;

• Discrete set of doses (typically ~4-10 levels); we want 
the one closest to target, a.k.a. the Maximum Tolerated 
Dose or MTD.

• Small sample size (n ≈ 10-40);

• Trial subjects not a “random sample” by any means.

Treatment (x)

Probability of Toxicity F(x)

Observed Toxicity 
Frequencies Summarized as 
Binomial Point Estimates of F

Implications of the Constraints
If we spread trials over treatment levels, the Binomial point estimates will 
converge according to LLN/CLT.

– But this happens quite slowly, requiring hundreds of trials (overall) for 
reliable estimates. 

Another idea: use likelihood-based regression via a parametric model-curve 
family, G(x;θ) for F:

– This has been the classical approach, and is still dominant.

– But we have poor knowledge of F; so G is mis-specified, perhaps 
strongly. It is unclear whether pooling data to estimate a mis-specified 
model’s parameters does more harm than good. This debate is 
somewhat tangential to my talk.
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Solutions: Adaptive Designs
Adaptive designs try to concentrate treatments around target.

Short-Memory designs: next treatment allocation based on 
recent responses and simple transition rules. Typically, 
observed toxicities trigger a de-escalation - and vice versa.

Long-Memory designs (LMP1c): at each point, allocation is 
based on all data via some estimation procedure.

– Since 1990, the bulk of published P1c statistical design-
development work is about long-memory designs. Yet, 
nearly all P1c experiments are still run using short-memory
designs (only 20 LMP1c experiments run in 1991-2006).

– “…a startling paucity of translation of modern statistical 
methodology into the design of phase I cancer clinical trials”
(Rogatko et al., 2007) – i.e., “practitioners should listen to us.”

Why Long Memory?

LMP1c proponents argue that using all available information 

for each allocation must be superior to using only part of the 
information (see e.g., O’Quigley and Zohar 2006, where the 
terms “Long-Memory”, “Short-Memory” were introduced).

– Could there possibly be a downside to using all 
information for each allocation? This talk says yes.
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Introducing CRM
By far the most popular (and most commonly discussed) 

LMP1c design, is a Bayesian method called Continual 
Reassessment Method (CRM; O’Quigley et al., 1990). CRM 
uses a one-parameter model with a prior.

A one-parameter family cannot be guaranteed to fit an 

unknown curve. So why is CRM so popular?

Rationale: no need for a fully specified, perfect model, because
we are ultimately interested in only a single point.

– The point where F(x) crosses the horizontal line y=p. For 

this, one parameter might be enough.
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How CRM Works
Note: the parametric-model likelihood can be simplified to

That is, the available information is essentially concentrated 

at those doses du where we have observations (nothing P1c-

specific here).

Fitting the model is equivalent to running a weighted-best-fit

G curve through the point-estimates

( ) ( ) ( )[ ] ( )uuuu Fn
u

m

u

Fn
u dGdGyxL

ˆ1

1

ˆ
;1;;, −

=

−= ∏ θθθ

( )uu Fd ˆ,

How CRM Works: Flinn et al. (2000)
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A lymphoma chemo trial with p=0.2.
20 patients in 8 different-sized cohorts, 5 
observed toxicities overall. 
Chevret et al. (1993) 1-parameter model used.
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How CRM Works: Flinn et al. (2000)
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Next dose allocated to level closest to target 
according to fitted curve. If experiment ends, 
this “next allocation” is our estimated MTD.

As we get more info, G crosses y=p
“reasonably close” to where the true F
crosses it. So we gather information 
around where we should, generating a 
positive-feedback cycle which might 
lead to G matching F exactly at the 
crossing.
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How CRM Works: Flinn et al. (2000)

A closer look at the experiment’s trajectory:

Initially, each cohort makes a strong impact 
on the fitted curve (curve marked with ‘P’s is 
the predictive prior).

Protocol limitations (not followed in all 
experiments) constrain 
early-stage volatility.
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How CRM Works: Flinn et al. (2000)

As the experiment progresses, changes 
to the fitted curve become generally 
smaller. (why? Because the relative
weight of new data diminishes)

From some point onwards, not every 
cohort mandates a dose-transition. After 
a while, transitions become rare.

Talk Outline

1. Overview

2. Demo: How Long-Memory Designs work (using a 
CRM example)

3. Problems with Long-Memory Designs (shown 

using 3 somewhat unusual figures)

4. Workarounds and Potential Solutions
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Long-Memory “Pseudo-Convergence”

Shown: simulation data (6 design levels, cohort size 2) with one CRM 
model and various true F curves. Dose-transition rate as function of cohort.

Initially, dose-transitions are very frequent. Then they become rare, 
regardless of how well G fits F. This is very often mis-interpreted by 
researchers as “convergence”!

Y-axis NOT 
toxicity, but 
dose-transition 
rate at each 
cohort (out of 
1000 runs)

X-axis NOT dose, but cohort

How do we know…
…it’s not Convergence?

Theoretical argument:

– Allocation convergence (when it occurs, e.g. the Shen and 
O’Quigley 1996 proof) is driven by the likelihood, which is 
driven by Binomial point frequencies. There is no way these 
have converged to their asymptotic values after only 10-20 
observations, spread among several levels. 

If this argument fails to convince, the question can be easily 
answered via simulation:

– Terminate runs when the same dose has been allocated t
times in a row (this is in a fact a stopping rule used 
sometimes). If such behavior is indicative of convergence, 
this stopping rule’s performance should be very good.
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How do we know it’s not Convergence?

Same simulation as before (up to 16 cohorts of size 2 each, 1000 runs per 
ensemble). Runs terminated upon the 4th consecutive cohort at same dose –
or after cohort 16 (if this doesn’t happen by then). 

– Note: “pseudo-convergence” behavior varies little between scenarios 
(recall previous figure), but actual estimation performance varies a lot!
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All Runs, Estimated at End

Estimation 
performance 
(% of runs 
stopping on 
the true MTD)

Runs stopping by Cohort 10: worse performance

All Runs, when allowed 
to run thru 16 cohorts

But perhaps this is the Best We Can Do?
So far, we have only compared CRM with itself. Perhaps it is still a drastic 
improvement over Short-Memory designs?

– Perhaps. The most commonly used P1c design is a short-memory 
protocol called ‘3+3’. It has excellent toxicity control, but very poor and 
rather intractable estimation performance.  

‘3+3’ was probably inspired by Up-and-Down (U&D), a Short-Memory 
family of methods that has been around for two generations (Dixon and 
Mood, 1948).

– U&D has fixed transition rules based on recent responses. It converges 
quickly (geometrical rate) to a stationary random walk around target.

– U&D properties are much better understood, and are overall superior to 
‘3+3’. Most importantly: while U&D dose-transition decisions only use 
recent data, the final estimate – unlike ‘3+3’ - does use all data (via 
averaging or “isotonic regression” – Stylianou and Flournoy, 2002). 
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CRM vs. U&D Performance

Same simulation as before. U&D design has same cohort size as CRM (2).

– Overall performance roughly equivalent, but U&D more robust. CRM 
sensitive not only to scenario, but also to prior (see right frame vs. left; 
more about that soon).
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LMP1c Run-to-Run Variability
If we put these 2 Long-Memory properties together…

– Settling early on a single dose, and staying there for a long 
while;

– Sometimes this is the right dose (i.e., the MTD) – but 
sometimes not;  

...we conclude that Long-Memory designs should exhibit 
high run-to-run variability within the same scenario (because 
different runs settle on different doses).

– Therefore, we expect the total number of cohorts allocated 
to the correct MTD to vary greatly under Long-Memory 
designs, between runs under the same scenario. “% of 
trials at true MTD” is a commonly-quoted success criterion 
in P1c simulations, but is always reported in bulk. On the 
next slide, we observe its distribution broken down by run.
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These are the best and worst performing scenarios (for CRM) among the 4 
shown previously. Similar patterns are seen with other LMP1c designs.

LMP1c Sensitivity: Recap

Long-Memory’s “pseudo-convergence” property implies a 
great sensitivity to early cohorts. If these cohorts are well-
behaved, we will probably do fine. If not, things might go badly. 
This property is shared by all LMP1c designs, including  
nonparametric ones.

Parametric Bayesian designs like CRM, are also…

…sensitive to prior-predictive weight: if true MTD is up/down-
weighted in the prior, performance will be good/poor;

…sensitive to model constraints, which inevitably affect and 
limit model-fitting response.

– For Bayesian designs, when all 3 “stars” (early cohorts, 
predictive-prior weight, model fit) are aligned, we can get 
spectacular performance. Otherwise…
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Are CRM ‘Disasters’ seen in Practice?
Mathew et al. (2004) Experiment Trajectory
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Some protocol issues here (dose jumps allowed, huge cohorts). However, the 
main problem is that cohort 1 data are at odds with all the rest – and because 
of the long memory, the effects linger. G being so shallow doesn’t help either.

Are CRM ‘Disasters’ seen in Practice?
Neuenschwander et al. (2008) Experiment Trajectory
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Left, dashed line: original “counter-intuitive” CRM allocation decision after 
cohort 5. At that point, model and design were both replaced.

– Authors’ choice of prior toxicity rates constrained G to be very shallow up 
to a dose of ~30; hence the recommended jump in spite of toxicities. 
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Long-Memory Workarounds

Outside CRM:

The second-most-popular Bayesian P1c design is Escalation 
With Overdose Control (EWOC, Babb et al. 1998).

– Two parameters provide a much better local fit (the 
discrete dose design seems to mandate 2 parameters);

– Model flexibility comes at the price of a more sluggish 
early-stage response (prior is “heavier”);

– A (low) posterior-percentile decision rule alleviates some 
CRM issues - but not the inherent early-cohort sensitivity.

Other LMP1c subtypes have been suggested; like EWOC, 
they resolve some issues but not the early-cohort sensitivity.
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Long-Memory Workarounds (2)
Within CRM:

– The shape of G is directly controlled by prior probabilities at 
du. Seasoned CRM designers apparently “engineer” these 
probabilities not according to scientific knowledge, but rather
in order to produce an initial behavior similar to ‘3+3’. Thus, 
a plausible early stage gives way to eventual “convergence”
– and then victory can be declared.

– However, these recipes have not been presented and 
publicized at the same level as the original methods sans 
recipes. Someone just reading the literature has no inkling 
that they exist, and may eventually run into trouble.

– The original LMP1c rationale of “letting the data play the 
lead role”, is to a large degree sacrificed in return for some 
measure of robustness. 

How to Resolve these Issues?
First, recall some good things about LMP1c:

– Can accommodate variable cohort sizes and any target percentile (the 
best-in-class U&D designs cannot);

– Does have the ability to eventually use all information - although this, as 
we’ve seen, should be done with great care.

Early in the experiment it is probably safer to rely on a Short-Memory design 
(‘3+3’, U&D, etc.).

– Two-stage designs that switch from Short- to Long-Memory after the 1st

observed toxicity have been suggested (e.g. Storer, 2001). From what we 
have seen here, this transition point is too early and too abrupt.

– At JSM ’07 and in my dissertation (Ch. 5), a hybrid design was suggested, 
with the Short-Memory allocation overridden by Long-Memory only when 
supported by evidence. Simulation studies show it provides moderate 
performance improvement while retaining Short-Memory’s robustness.
This design seems to work best with a nonparametric “interval-based”
Long-Memory component (Ivanova et al. 2007), rather than with CRM.
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Finally:
It is quite possible, that for many P1c applications the best 
choice will simply be a Short-Memory design, brought up-
to-date with recent theory. Since these designs have 
received scant method-development attention since the early 
1970’s, there is plenty of room for improvement there.

More fundamentally, the statistical community should 
communicate effectively to practitioners the limitations of what 
can be achieved with 20-odd binary observations on a non-
representative sample. This can only help the field.

– As a didactic example, consider weather forecasts: not so 
long ago, popular culture toyed with the idea that humans 
would eventually control their weather. Now, the public has 
come to accept that even short-term forecasts have very 
limited abilities.
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