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Abstract
A drug may fail or raise concerns that must be addressed in later-phase trials because of an unacceptable toxicity profile, even if
the drug meets expectations for efficacy. The problem could be due to the late onset of unacceptable toxicities that were not
observed in early-phase trials. We explore methodologies to find appropriate doses in situations where a drug meets the primary
efficacy objective but concerns about toxicity remain. In this manuscript, we propose a general framework to design a good phase
IV trial that is designed to optimize the treatment regimen. In the first step, we learn from the existing data about the dose-
response and dose-toxicity relationships and further to explore and establish the relationship using a statistical model. Noting the
limitations of the exploratory analyses, these analyses are not sufficient to allow us to make definitive conclusions. However, the
prediction obtained from the model, either estimated efficacy metrics or safety parameters for some doses, can be incorporated
in the design of the phase IV trial. In the second step, we further propose and compare design options, including options that could
effectively incorporate information from these exploratory analyses, for clinical trials to find optimal doses, including trials to fulfill
postmarketing commitments or requirements.
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Introduction

The primary objective of earlier-phase clinical trials (eg, phase

I or II) in oncology is to identify the recommended doses for

pivotal or registrational clinical trials, ideally based on noncli-

nical data, pharmacokinetics (PK) / pharmacodynamics (PD),

toxicity, and preliminary evidence of efficacy. However, these

early dose-finding trials are often abbreviated, with the goal of

identifying the maximum tolerated dose (MTD) in a phase I

trial, the highest dose with an acceptable risk of toxicity, and

possibly followed by a phase II trial of the treatment at the

MTD aiming for regulatory approval.1

In later-phase trials, unacceptable toxicity may be observed

that was not observed in early-phase trials due to late onset of

toxicity events. If a drug has favorable efficacy and late onset

of unacceptable toxicity, then it is critical to find the right dose

in development so that the risk and benefit can be adequately

balanced. For example, Ponatinib is a tyrosine kinase inhibitor

indicated for the treatment of Philadelphia chromosome-positive

acute lymphoblastic leukemia and chronic myeloid leukemia.

Ponatinib (45 mg) was approved by FDA on December 14,

2012, as a treatment of adult patients with chronic phase, accel-

erated phase, or blast phase chronic myeloid leukemia and who

are resistant or intolerant to prior tyrosine kinase inhibitor ther-

apy, or Philadelphia chromosome-positive acute lymphoblastic

leukemia and who are resistant or intolerant to prior tyrosine

kinase inhibitor therapy. Approval was based on the results

observed in a single-arm trial. Ponatinib dosing was reduced

or interrupted in most of the patients in this trial due to adverse

events. The Sponsor voluntarily suspended marketing of the

product from October 31, 2013, to December 18, 2013, due to

a high percentage of vascular occlusive events, leading to ques-

tions about whether the studied and approved dose of 45 mg was

the optimal dose. Similar dose reductions and discontinuations

occur in clinical trials of many other drugs, for which additional

trials were conducted to fulfill postmarketing commitments or

requirements to find optimal doses.

Here we explore methodologies to find the appropriate dose

after a drug meets the primary efficacy objective in late-phase

testing. In this manuscript, we propose a general framework to

design a good phase IV trial that aims to optimize the treatment

regimen. In the first step, we learn from the existing data about

the dose-response and dose-toxicity relationships through a

novel graphic tool and further to explore and establish the

relationship using a statistical model. We will discuss some
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exploratory tools to learn from available data about the dose-

response and dose-toxicity relationship. These tools include

graphic illustrations of the dose-response and dose-toxicity rela-

tionship, as well as model-based exploratory data analyses to

establish dose-response and dose-toxicity relationships. Noting

the limitations of the exploratory analyses, these analyses are not

sufficient to allow us to select the optimal regimen. However,

the prediction based on the relationship obtained from the model

can be used and the estimation can be incorporated in the design

of the phase IV trial. In the second step, we further discuss some

design options for various different purposes and the results

demonstrate that some options which incorporate the prediction

has major advantages. Exploring these options is especially

important, because although many trials were conducted to ful-

fill post-marketing commitments or requirements to find optimal

doses, most of them were not able to achieve the goal because of

inadequate design or inadequate study power. We expect that

this new framework could significantly improve the trial design.

This paper is organized as follows: we first discuss the

Ponatinib case study as background and then present graphical

illustrations of daily dose use for all patients enrolled in a

hypothetical trial and briefly discuss some exploratory analy-

ses. Then we discuss how the results obtained from the explora-

tory analyses may be integrated into future trials and when they

are appropriate.

Background

Ponatinib is a tyrosine kinase inhibitor indicated for the treat-

ment of patients with chronic myeloid leukemia or Philadelphia

chromosome–positive acute lymphoblastic leukemia who have

been unable to tolerate prior tyrosine kinase inhibitor therapy

or whose cancer is resistant to prior tyrosine kinase therapy.

Ponatinib was approved on December 14, 2012, under accel-

erated approval regulations based on the objective response

rate observed in a single-arm trial of Ponatinib administered

at a daily dose of 45 mg. However, 59% of the patients required

dose reductions to 30 mg or 15 mg once daily during the course

of therapy. The commercial sponsor voluntarily suspended mar-

keting of the drug on October 31, 2013, because at least 27% of

Ponatinib-treated patients had adverse events, including fatal

and life-threatening myocardial infarction, stroke, stenosis of

large arterial vessels of the brain, severe peripheral vascular

disease, and the need for urgent revascularization procedures.

The high percentage of vascular occlusive events raised the

question of whether the daily dose of 45 mg was appropriate.

During the marketing suspension, Ponatinib was made available

to more than 400 patients through emergency and single-patient

investigational new drug (IND) applications, which were

reviewed and approved by the FDA on a case-by-case basis.2

On December 19, 2013, Ponatinib marketing was resumed

with the modification of the indication. However, the commer-

cial sponsor was required to conduct postmarketing trials to

evaluate whether a lower dose could achieve similar efficacy

with less toxicity. The data from the phase II trial PACE,3

supported by the phase I dose escalation trial4 (both included

in the initial marketing application), provide some information

of the dose-response relationship.

Exploratory Analyses

Our exploratory analyses mainly consist of 2 parts: graphical

presentation of the data and exploratory data analysis to

establish dose-response and dose-toxicity relationships. We

will discuss the usefulness and limitation of these tools,

acknowledging the need for further research.

Graphical Presentations of Dose Reduction, Response,
and Toxicity

In our proposed graphical presentation, as shown in Figure 1

for a plot of an illustrative phase I dose finding trial, we plot

detailed information about the daily dose of all patients

enrolled in the trial, time when objective response was

observed, and time when a toxicity event of specific interest

for each patient occurred. The code is available from the first

author upon request.

In Figure 1, each horizontal line represents the daily dose

level of a single patient. For each line, the time at which a

response was observed (green dots) and when a specific toxicity

event was first observed (red dots) are shown. The x-axis is time

in days since the start of treatment and y-axis is the identity of all

patients. Lines are colored according to the starting dose, or an

intermediate dose that represented an increase to achieve greater

efficacy or a decrease to achieve tolerability. Plots are sorted by

starting doses from the lowest to the highest and within each

dose by time to the first toxicity event of interest.

Figure 1. A typical plot of daily dose use for all patients enrolled in a
trial with time of response and the first occurrence of a toxicity event.
(Lines: red ¼ starting dose 4 [40 mg]; blue ¼ starting dose 3 [30 mg];
magenta ¼ dose 2 [20 mg]; grey ¼ starting dose 1 [10 mg]; green ¼
reduced dose between doses 2 and 3 [25 mg]; orange¼ reduced dose
between doses 1 and 2 [15 mg]). A red dot represents occurrence of a
toxicity event and a green dot represents response occurrence.
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In the patients, there is increasing toxicity with increasing

dose levels. The patient represented by the first horizontal line

from below (patient 1) started at the lowest dose, and stopped

the treatment at day 60, without response or a toxicity event.

Patient 4 started with the lowest dose (starting dose 1) and

responded on day 65. The dose for this patient was increased

to the next level but eventually was changed to starting dose 2,

and this patient did not experience toxicity. Eight patients

started starting dose 2 represented by magenta line, the

majority of whom achieved response and experienced toxicity.

However, most of these toxic events were not observed before

doses were further escalated to a higher dose level (starting

dose 3, green line), and then to the highest dose level

(starting dose 4, red line) in the trial. Patients that were receiving

starting dose 4 experienced the most toxicity events and many of

their toxicity events occurred rapidly, and dose reductions

occurred quickly or the treatment was stopped. In the dose 3

cohort, although the response rate was high, the toxicity event

ratewas also high. Note that a symbol could be added to the graph

to indicate that subjects were censored for any specific event.

Similar plots could also be used to illustrate dose reduction,

together with time to efficacy and toxicity, of an experimental

treatment versus matching placebo in randomized blinded

trials. See Figure A1 in the appendix as one example.

The graphic tools presented above are useful to explore the

dosing pattern and its relation to response and toxicity includ-

ing late onset of toxicity. By sorting the graph by variables of

interest, for example, predictive variables, we may further link

the predictive variables to dose change, dose-response, and

the dose-toxicity relationship. This tool is for exploratory

purposes, to visualize the data and to generate hypotheses.

Exploratory Data Analyses: Methods, Challenges,
and Limitations

The characterization of dose-response relationships plays an

important role for successful drug development. Using the data

from multiple doses presented in Figure 1, we further explore

the dose-response and dose-toxicity relationships.

One can explore the relationship using the starting doses

without considering the dose reduction and modification.

Because of the lack of randomization (eg, in the phase I dose

escalation trial), confounding factors can exist. Some con-

founding factors are not measured, which are thus hard to deal

with because of the lack of randomization. Some other con-

founding factors exist, such as age and baseline disease char-

acteristics. Consistent with our experience with the data

analyses in the dose-response and dose-toxicity relationship,

therapeutic benefits are generally smaller than differences in

baseline characteristics5 in early-phase clinical trials. We may

perform model-based exploratory analysis by including likely

confounders measured at baseline into the models using meth-

ods such as regression analysis as well as propensity score

methodologies. The limitations of this method are that (1) the

method cannot include unmeasured confounders and (2) some

response and toxicity outcomes may not be directly caused by

the starting dose but by the following dose after a dose change.

Another method is to calculate the posttreatment doses

including the average and total dose in each patient and then

explore the relationship between the doses and response and/or

toxicity. Sophisticated methods are needed to deal with the

time-dependent confounders,5 and as pointed out by Robins

and colleagues, traditional regression models “may fail to

adjust appropriately for confounding due to measured con-

founders”6 when the dose is time varying. The failure is due

to the fact that the traditional regression model cannot deal with

time-dependent relationship between cumulative or average

doses and response and/or toxicity for the following reasons,

as Robin et al have explained.6 On one hand, these time-

dependent confounders are confounders of the later doses, dose

response, and toxicity. Thus, the traditional regression model

must adjust these time-dependent confounders by including

them as regressors. On the other hand, these time-dependent

confounders are affected by earlier doses, and thus they should

be considered as “outcomes” of earlier doses. A traditional

regression model cannot include these “outcomes” as regres-

sors.6 A more appropriate method, such as the marginal struc-

ture model (MSM), could be used to deal with the

complication.3,6 In addition to the likely confounders measured

at baseline, this method incorporates potential time-varying

confounders, such as blood pressure, neutrophil counts, plate-

lets counts, and glucose levels.

MSMs can adjust for time-dependent confounding factors

through inverse probability weighting. However, MSMs do not

control for potential unmeasured confounders. In addition,

because a large number of covariates are involved, extreme

weights may be obtained and these extreme weights may lead

to the unstable estimation of treatment effect. As an additional

limitation, the selection of time points used to calculate the

weights and models selected is considered exploratory in

nature, because the time points are generally identified in a

post hoc fashion.

Through these exploratory analyses, we are able to establish

the dose-response and dose-toxicity relationships, which allow

us to predict the efficacy and safety of a particular dose. For

example, we could predict the objective response rate of a

specific dose with estimated standard error.

A general question to be answered here is how we can

efficiently make use of the existing data to design a future trial

to identify an optimal dose. One approach is to generate appro-

priate prior information for the doses using a Bayesian

approach.

We next consider designing a confirmatory trial integrating

the information obtained from the exploratory analyses.

Clinical Trial Designs for Dose Finding
After Phase 2 Trials

Consider a scenario where a response rate of 50% in a single-

arm trial was observed when a high dose of an experimental
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drug A was administered. Suppose drug A at the high dose also

contributed to an unfavorable toxicity event at an unacceptable

high rate of 30%. Because of the high response rate observed, it

is worthwhile to conduct an additional randomized trial to

compare a lower dose of drug A with the high dose used in the

single-arm trial to see if the lower dose is associated with a

reduced rate of toxicity. Although the following discussion of

options for designs in this scenario focuses on comparing 2

doses, the methods can be generalized to compare more doses.

For ease of presentation, we assume that we are interested in

making an inference for one binary efficacy endpoint repre-

senting response and one safety endpoint representing toxicity.

Let yij be the total numbers of responses (j ¼ e) and toxicity

events (j ¼ t) from nij subjects included in the high (i ¼ 1) and

low (i ¼ 0) dose groups, respectively. We assume that

yie*Binomialðnie; pieÞ and yit* Binomialðnit; pitÞ for i ¼ 0, 1.

In all the designs, an important consideration is that the 2

endpoints may not occur at the same time. For example, some

safety signals may occur much later than the efficacy outcome.

Thus, the design should take the appropriate follow-up time

into consideration.

Design Option 1

Consider a design in which patients are randomized to the high-

and low-dose arms and there are 2 co-primary endpoints,

response rate and toxicity rate, and the plan is to test non-

inferiority of the low dose vs high dose with respect to response

and superiority of the low dose vs high dose with respect to

toxicity:

H0e : p0e � p1e þ de vs H1e : p0e > p1e þ de
H0t : p0t ¼ p1e vs H1t : p0t > p1t

Here de is the non-inferiority margin for the efficacy

endpoint and p0e; p1e; p0t; p1t are the response rates in the

low- and high-dose groups and the toxicity rates in the low-

and high-dose groups, respectively. The results obtained from

the exploratory data are used to set the assumptions for

p0e; p1e; p0t; p1t and calculate the sample size.

This design may be preferred when we believe (based on the

exploratory analysis of available data) that the low dose leads

to a relatively good response compared to the high dose and is

less toxic than the high dose. This scenario would apply, for

example, when the efficacy plateaus at a low dose level; there-

fore, increasing the dose does not increase the efficacy but

increases toxicity.

Suppose the exploratory analysis of existing data suggests

that the high dose is superior to the low dose with respect to

efficacy. In this scenario, we may consider an alternative

design to test superiority of the high dose versus the low dose

in response and non-inferiority in toxicity

H0e : p1e ¼ p0e vs H1e : p1e > p0e
H0t : p1t > p0tþdt vs H1t : p1t < p0tþdt

(where dt is the non-inferiority margin for toxicity).

Using this design, the required sample size could be very

large, as the trial includes a non-inferiority component. The

design is based on a frequentist approach for confirmatory trials

and does not make use of the large amount of information

obtained in previous trials. As an alternative, a Bayesian trial

design integrating the existing information may be considered.

For the above scenario, if we consider a Bayesian trial, which

uses information obtained from the previous exploratory anal-

yses, the power greatly improves and sample size can be sig-

nificantly reduced as illustrated in the next section.

Design Option 2: A Bayesian Approach

Based on the existing data and exploratory analyses, pik(k¼e, t)

can be estimated with p̂ik , and let the standard error of the

estimate be sik . These estimates and standard errors will

be used to construct prior distributions for the parameters in

the models.

Assuming that p̂0e and p̂1e are independent, and assuming

that p̂0t and p̂1t are independent, we generate the informative

prior Betaðaik ; bikÞ for pik . The calculation of aik ; bik is based

on the following relationship:

p̂ik ¼ aik
aik þ bik

; ŝ2
ik
¼ aikbik

ðaik þ bikÞ2ðaik þ bik þ 1Þ
Given potential differences between the early-phase

trials and the new trials, discounting the information, for

example, 100p% information obtained from the exploratory

data analyses can be considered. For example, discounting

the information obtained by 100p%, aik ; bik can be

calculated using

p̂ik ¼ aik
aik þ bik

; ð1�pÞŝ2
ik
¼ aikbik

ðaik þ bikÞ2ðaik þ bik þ 1Þ
When p̂0e and p̂1e are not independent or p̂0t and p̂1t are not

independent, the dependence structures will need to be consid-

ered, but the details are beyond our scope here.

A major advantage of the Bayesian approach is its use of

existing information. As a result, the sample size needed for the

trial may be greatly reduced. Please refer to Joseph et al7 for

some examples as to the magnitude of sample size reduction

that can be achieved.

Although the Bayesian approach is attractive with its ability

to borrow information from previous trials, designs of such

trials are necessarily more complex in, for example, sample

size calculation. In addition, setting the prior distribution could

be controversial: different people may have different opinions

on how the prior distribution should be set up and on how much

information we could actually borrow from the existing trials.

Further research and discussion are needed to make the

Bayesian approach easily accessible.

Note that the randomization ratio may depend on the prior

information that is available for the high and low doses.
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Design Option 3: Benefit and Risk Analysis

In this design, we may test the efficacy endpoint against a

threshold that is minimally clinical meaningful,

H0ie : pie ¼ pe vs: H1ie : pie > pe

Any arm i that fails to reject H0ie will be considered a

failure. If null hypotheses are rejected in both arms, that is, the

response rate in both arms demonstrate efficacy, we shall use a

benefit-risk analysis to find a better dose between them.

Benefit-risk analysis can be done using a frequentist or

Bayesian approach. In our cases, the benefit and risk analysis

will assess the responses as the efficacy endpoint and a specific

toxicity event as the toxicity endpoint. Design and analyses for

the benefit-risk analysis are substantially discussed in early

phases for dose finding based on efficacy and toxicity.7-13

These analyses can also be used in the confirmatory trials as

a tool for benefit and risk analysis.

This design can give a relatively quick assessment of the

benefit: risk of reasonable doses in an exploratory manner. The

major advantage is that this trial can be done with a smaller

sample size.

The trial with this design is exploratory in nature and the

goal could be hypothesis generation. In addition to the

planned benefit and risk analysis, an integrated approach can

take into consideration all the available data (including non-

clinical data, PK/PD, dose-response, safety, and earlier clin-

ical data) and choose the appropriate dose for further testing

and confirmation.

Concluding Remarks

We propose a general framework to design a good phase IV

trial that is designed to optimize the treatment regimen. In step

1, we proposed and illustrated exploratory tools to learn from

existing data and to establish a dose-response relationship.

When late-onset toxicity occurs, some ideas presented in the

predicted-risk-of-toxicity method, modified EM algorithm, and

Bayesian data augmentation14-16 may be utilized. In step 2, we

illustrate some options for clinical trial designs to confirm the

safety and efficacy results of selected doses for further inves-

tigation. Although we expect that our proposed designs will

improve design for post marketing commitments or require-

ments to find optimal doses, we acknowledge their limitations

and call for further research.

Our proposed Bayesian approach integrates data mostly

from late-phase clinical trials (eg, phase IIb or phase III). How-

ever, we caution against the use of a naı̈ve approach, and for the

Bayesian approach, we note 2 important considerations: First,

because previously conducted trials may be very large, the

information derived from the exploratory analyses could be

substantial. If one were to use all the information to derive the

prior, the software may suggest that a very small sample size

is needed in the confirmation trial. As a consequence, the

existing information can drive the final results even if the

results are different in the confirmatory trial. In this situation,

we recommend appropriately adjusting the sample size by

discounting the information obtained from the existing data.

There should be a balance between the existing information

and information to be collected in the prospective study. Sec-

ond, the Bayesian approach to borrow information from exist-

ing trials is straightforward when the sources of the existing

data are “similar,” for example, in terms of trial conduct and

the standard of health care. If trial conduct, for example, risk

management and dose reduction/modification, and the knowl-

edge base and standard of care is expected to be different in

the future, then the role of Bayesian design and how one

should determine priors for parameters could be controversial

and challenging. Further research is warranted. As one

reviewer suggested, these issues may be mitigated by utilizing

power priors17 and commensurate power priors approaches.18

The amount of borrowing, for both methods, would be deter-

mined by the similarity between the existing and the newly

obtained data.

This paper is motivated by drugs with a large proportion of

patients who experienced dose reductions, discontinuations,

or severe adverse events during the clinical trials. It highlights

a major problem in the current oncology drug development.

For further understanding of the problem and potential solu-

tions, the readers are also referred to the discussion of the best

practice in oncology drug development in the FDA-AACR

workshop http://www.aacr.org/AdvocacyPolicy/Government

Affairs/Pages/dose-finding-of-small-molecule-oncology-

drugs.aspx.

When step 1 is applied to early-phase clinical trials includ-

ing phase I and II trials, the results could be utilized to help

with designing phase III clinical trials including biomarker

selection and potential enrichment.

Appendix

Figure A1 illustrates another example from a randomized

blinded trial of an experimental treatment versus matching

placebo. The color green represents a higher dose of treatment

or matching placebo and pink reduced dose. The graph is sorted

by time to first reduction/interruption of treatment. It is visible

that treatment arm experienced much more dose reductions

than the control arm.

742 Therapeutic Innovation & Regulatory Science 51(6)



Author Note

This article reflects the views of the authors and should not be con-

strued to represent FDA’s views or policies.

Acknowledgments

The authors would like to thank three reviewers, Dr Ann Farrell, and

Edward S. Nevius for their helpful comments in preparation of this

manuscript, which substantially improved the quality of the

manuscript. They also would like to thank Mark Geanacopoulos for

valuable editorial assistance.

Declaration of Conflicting Interests

No potential conflicts were declared.

Funding

No financial support of the research, authorship, and/or publication of

this article was declared.

References

1. Nie L, Rubin E, Mehrotra N, Pinheiro J, Fernandes L, Roy A,

et al. Rendering the 3 þ 3 design to rest: more efficient

approaches to oncology dose-finding trials in the era of targeted

therapy. Clin Cancer Res. 2016;22:2623-2629.

2. ASCO post report, FDA approves revised prescribing information

for Ponatinib, authorizes resumption of drug sales and distribu-

tion. ASCO post, 2013. http://www.ascopost.com/ViewNews

.aspx?nid¼11871.

3. Cortes JE, Kim DW, Pinilla-IbarZ J, Le Coutre P, Paquette R,

Chuah C, et al. A phase 2 trial of Ponatinib in Philadelphia chro-

mosome–positive leukemias. N Eng J Med. 2013;369:1783-1796.

4. Cortes JE, Kantrrjian H, Shah NP, Bixby D, Mauro MJ, Flinn I,

et al. Ponatinib in refractory Philadelphia chromosome–positive

leukemias. N Eng J Med. 2012;367:2075-2088.

5. Buyes M. Randomized designs for early trials of new cancer

treatments. Drug Inform J. 2000;34:387-396.

6. Robins JM,HernánMA,BrumbackB.Marginal structuralmodels and

causal inference in epidemiology. Epidemiology. 2000;11:550-560.

7. Joseph L, Du Berger R, Belisle P. Bayesian and mixed Bayesian/

likelihood criteria for sample size determination. Stat Med. 1997;

16(7):769-781.

8. Thall PF, Russell KT. A strategy for dose finding and safety

monitoring based on efficacy and adverse outcomes in phase I/

II clinical trials. Biometrics. 1998;54:251-264.

9. Ivanova A. A new dose-finding design for bivariate outcomes.

Biometrics. 2003;59:1001-1007

10. Thall P F, Cook JD. Dose-finding based on efficacy toxicity trade-

offs. Biometrics. 2004;60:684-693.

11. Wang K, Ivanova A. Two-dimensional dose finding in discrete

dose space. Biometrics. 2005;61(1):217-222.

12. Yin G, Li Y, Ji Y. Bayesian dose-finding in phase I/II trials using

toxicity and efficacy odds ratio. Biometrics. 2006;62:777-784.

13. Yuan Y, Yin G. Bayesian dose finding by jointly modelling toxi-

city and efficacy as time-to-event outcomes. J R Stat Soc Ser C.

2009;58:719-736.

14. Bekele BN, Ji Y, Shen Y, Thall PF. Monitoring late-onset toxicity

in phase I trials using predicted risks. Biostatistics. 2008;9:442-457.

15. Liu S, Yin G, Yuan Y. Bayesian data augmentation dose finding

with continual reassessment method and delayed toxicity. Ann

Appl Stat. 2013;7(4):1837.

16. Yuan Y, Yin G. Robust EM continual reassessment method in

oncology dose finding. J Am Stat Assoc. 2011;106:818-831.

17. Ibrahim JG, Chen MH. Power prior distributions for regression

models. Stat Sci. 2000;15(1):46-60.

18. Hobbs BP, Carlin BP,Mandrekar SJ, Sargent DJ. Hierarchical com-

mensurate and power prior models for adaptive incorporation of

historical information in clinical trials. Biometrics. 2011;67(3):

1047-1056.

Figure A1. Illustration of dose changes and time to toxic events (red dot) for all patients enrolled in a trial.

Nie et al 743



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFA1B:2005
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (sRGB IEC61966-2.1)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /DEU <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




