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Abstract

Whereas the 20th-century health care system sometimes seemed to be inhospitable to and
unmoved by experimental research, its inefficiency and unaffordability have led to reforms that
foreshadow a new health care system. We point out certain opportunities and transformational
needs for innovations in study design offered by the 21st-century health care system, and describe
some innovative clinical trial designs and novel design methods to address these needs and
challenges.
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1 Introduction

Clinical trials have played an important role in evidence-based medicine and in drug
development. The statistical methodology underlying their design and analysis has
witnessed important advances in the past 50 years and laid the foundation of today’s
standard designs of randomized clinical trials. This period also had many spectacular
advances in the biomedical sciences, leading to treatments for many diseases and substantial
increase in life expectancy. The next challenge is to come up with breakthroughs in
developing treatments of complex diseases such as cancer and improving decision-making
in the management of chronic diseases. In his 2010 budget request, the Director of the
National Cancer Institute has earmarked “re-engineering” cancer clinical trials as a research
initiative. We review commonly used designs in current cancer clinical trials in Sect. 2.2 and
describe in Sect. 3 innovative design methodologies and emerging approaches to their re-
engineering.

The second part of the title is inspired by Arrow et al. [3] whose eight-point plan for health
care reform toward a 21st-century health care system includes the following:
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» Establish a securely funded, independent agency to sponsor and evaluate research
on the comparative effectiveness of drugs, devices, and other medical interventions.
(Point 2)

» Create a national health database with the participation of all payers, delivery
systems, and others who own health care data. Agree on methods to make de-
identified information from this database on clinical interventions, patient
outcomes, and costs available to researchers. (Point 5)

The new health care system envisioned in [3] has a universal electronic health record, fully
linked history of treatments and outcomes in the database, stored biomarkers together with
genetic data and tissues, universal consent for observational research, and computer-assisted
decision support for patient care that is adapted to the individual patient’s evolving health
status. Comparative effectiveness research (CER; see Point 2 above) in this new
environment is a research activity to evaluate the effectiveness of approved initial treatments
given to patients presenting with a new illness, which supports the coverage decisions of the
new health care system. But it must also aim at developing the best ways to use adaptive
(dynamic) treatment strategies for ongoing patient care across time as the patient’s disease
evolves. Most CER research does not involve randomized assignment, and relies instead on
the presumed ability to adjust successfully for treatment selection effects (as in [3] above,
and the recent [91]).

Despite considerable skepticism and warnings on the part of methodologists [73], most
projections of CER in the future reflect even greater reliance on observational methods
(statistical adjustment and instrumental variable methods). The low impact of recent large-
scale effectiveness trials has prompted several calls for improvement of the trial designs. As
will be shown in Sect. 2.1, traditional randomized clinical trial designs are widely viewed as
too costly and inefficient for CER studies, especially by those who (perhaps optimistically)
believe that statistical maneuvers can compensate for bias due to selection by indication.
Section 4 describes some innovative design methods, with examples, that are promising to
meet these new challenges. Some concluding remarks on new directions for 21st-century
clinical trial designs are given in Sect. 5.

2 Limitations of Standard Clinical Trial Designs

2.1 Standard Randomized Clinical Trial Designs and an lllustrative Example

The typical late-phase randomized trial perfected in the 20th century chooses two or three
treatments, randomizes the 1%-5% of eligible patients who consent, and spends the next 5
to 10 years in a constant struggle to increase lagging accrual and reduce protocol violations.
At regular intervals there will be Data and Safety Monitoring Board meetings, often guided
by some kind of group sequential rule for early termination. At the end of the trial, the
analysis will follow the Intent-to-Treat (ITT) principle, counting all outcomes according to
the randomization, regardless of intervening changes in adherence. There will follow months
or years of arguments about generalizability (external validity), the effects of uncontrolled
intervening treatments, the relevance of results after such a lapse of time since the study was
proposed, and the validity and importance of subgroup analyses that appear to reveal
different results.
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The Antihypertensive and Lipid Lowering Treatment to Prevent Heart Attack Trial
(ALLHAT) exemplifies both an inspiring scientific and organizational triumph and a
disappointing impact. ALLHAT was a randomized, double-blind, multi-center clinical trial
sponsored by the National Heart Lung and Blood Institute in conjunction with the
Department of Veteran’s Affairs. Designed to recruit about 40,000 patients, its aim was to
determine if the combined incidence of fatal coronary heart disease (CHD) and non-fatal
myocardial infarction differs between diuretic (chlorthalidone) treatment and each of three
alternative antihypertensive pharmacologic treatments: a calcium antagonist (amlodipine),
an ACE inhibitor (lisinopril), and an alpha adrenergic blocker (doxazosin). A lipid-lowering
subtrial (>10,000 patients) was designed to determine whether lowering cholesterol with an
HMG Co-A reductase inhibitor (pravastatin), in comparison with usual care, reduced
mortality in a moderately hy-percholesterolemic subset of participants. ALLHAT was the
largest antihypertensive trial ever conducted, and the second largest lipid-lowering trial. It
recruited many patients over age 65, women, African-Americans and patients with diabetes.
The study was conducted between 1994 and 2002 largely in community practice settings. In
ALLHAT, hypertensive patients were randomly assigned to receive one of four drugs in a
double-blind design, and a limited choice of second-step agents were provided for patients
not controlled on first-line medication. Patients were followed every three months for the
first year and every four months thereafter for an average of six years of follow-up. This
landmark study cost over $100 million, and the final results were presented in 2002 [1]. An
accompanying editorial by Appel [2] led with “Quite simply, the Antihypertensive and
Lipid-Lowering Treatment to Prevent Heart Attack Trial (ALLHAT) is one of the most
important trials of antihypertensive therapy.”

Yet, Andrew Pollack of The New York Times on November 28, 2008, wrote under the
headline “The Minimal Impact of A Big Hypertension Study”:

The findings, from one of the biggest clinical trials ever organized by the federal
government, promised to save the nation billions of dollars in treating the tens of
millions of Americans with hypertension. . . .

The article further quoted C. Furberg, chair of ALLHAT, as saying “The impact was
disappointing.” The reasons cited for this “blunted impact” include the difficulty of
persuading doctors to change, scientific disagreement about the government’s interpretation
of the results, and heavy marketing by pharmaceutical companies of their own drugs, paying
speakers to “publicly interpret the Allhat results in ways that made their products look
better.” Some quotes from leading experts included the following.

Dr. Sean Tunis: “There’s a lot of magical thinking that it will all be science and won’t be
politics.”

Dr. Robert Temple: “This is the largest and best attempt to compare outcomes we are ever
going to see, and people are extremely doubtful about whether it has shown anything at all.”

Dr. Carolyn Clancy: “While clinical trials are the gold standard, they are costly and time-
consuming . . .. You might be answering a question that by the time you are done, no longer
feels quite as relevant.”
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2.2 Current Cancer Clinical Trial Designs and Their Limitations

The conventional “phase” designation arose in the context of the development of drug
treatments for cancer, particularly cytotoxic chemotherapy. Traditionally, safety is evaluated
in a Phase | dose-finding trial, efficacy is evaluated in terms of some early binary outcome
in Phase I, often referred to as “response”, and survival or disease-free survival time is
evaluated in a randomized Phase 111 trial. This sequence has proven to be somewhat
dysfunctional, and is breaking down with the development of new, often cytostatic rather
than cytotoxic, targeted treatments. In typical Phase I studies in the development of
relatively benign drugs, the drug is initiated at low doses and subsequently escalated to show
safety at a level where some positive response occurs, and healthy volunteers are used as
study subjects. This paradigm does not work for cytotoxic therapies for diseases like cancer,
for which a non-negligible probability of severe toxic reaction has to be accepted to give the
patient some chance of a favorable response to the treatment. Moreover, in many such
situations, the benefits of a new therapy may not be known for a long time after enrollment
but toxicities manifest themselves in a relatively short time period. Therefore patients (rather
than healthy volunteers) are usually used as study subjects, and given the hoped-for (rather
than observed) benefit for them, one aims at an acceptable level of toxic response in
determining the dose. Current designs for most Phase | cancer trials are an ad hoc attempt to
reconcile the objective of finding a maximum tolerated dose (MTD) with the ethical
demands for protecting the study subjects from toxicities in excess of what they can tolerate.
A commonly used design is to treat groups of three patients sequentially, starting with the
smallest of an ordered set of doses. Escalation occurs if no toxicity is observed in all three
patients; otherwise an additional three patients are treated at the same dose level. If only one
of the six patients has toxicity, escalation again continues; otherwise the trial stops, with the
current dose declared as the MTD if two of the six patients have toxicity, and with the lower
dose declared as MTD if more than two of the six patients have toxicity. As pointed out by
Storer [81], these designs, commonly referred to as 3-plus-3 designs, are difficult to analyze
since even a strict quantitative definition of MTD is lacking, “although it should be taken to
mean some percentile of a tolerance distribution with respect to some objective definition of
clinical toxicity,” and the “implicitly intended” percentile seems to be the 33rd percentile
(related to 2/6). Numerous simulation studies have shown that they are inferior to the
sequential designs described in Sect. 3.1 in terms of both safety and reliability in estimating
the MTD.

Besides the ethical issue of safe treatment of patients currently in the trial, a traditional
Phase | design also has the goal of determining the MTD for a future Phase 11 cancer trial,
and needs an informative experimental design to meet this goal. Von Hoff and Turner [94]
have documented that the overall response rates in Phase | trials are low and that substantial
numbers of patients are treated at doses that are retrospectively found to be non-therapeutic.
Eisenhauer et al. [29, p. 685] have pointed out that “with a plethora of molecularly defined
antitumor targets and an increasingly clear description of tumor biology, there are now more
antitumor candidate therapies requiring Phase | study than ever,” and that “unless more
efficient approaches are undertaken, Phase I trials may be a rate-limiting step in the process
of evaluation of novel anticancer agents.” To address this difficulty, they propose to develop
and use (a) methods to determine more informative starting doses, (b) pharmacokinetics-
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guided dose escalation methods, and (c) model-based methods for dose determination. There
have been ongoing methodological developments along these lines and a comprehensive
methodology is emerging, as will be described in Sect. 3.1.

Vickers et al. [93, p. 927] give the following description of a typical Phase Il study of a
novel cancer treatment:

A cohort of patients is treated, and the outcomes are related to the prespecified
target or bar. If the results meet or exceed the target, the treatment is declared
worthy of further study; otherwise, further development is stopped. This has been
referred to as the ‘go/no-go’ decision. Most often, the outcome specified is a
measure of tumor response, e.g., complete or partial response using Response
Evaluation Criteria in Solid Tumors, expressed as a proportion of the total number
of patients. Response can also be defined in terms of the proportion who have not
progressed or who are alive at a predetermined time (e.g., one year) after treatment
is started.

The most widely used designs for these single-arm Phase I trials are Simon’s [76] two-stage
designs, which allow early stopping of the trial if the treatment has not shown beneficial
effect that is measured by a Bernoulli proportion. These designs are optimal in the sense of
minimizing the expected sample size under the null hypothesis of no viable treatment effect,
subject to Type I and 11 error probability bounds. Given a maximum sample size M, Simon
considered the design that stops for futility after m < M patients if the number of patients
exhibiting positive treatment effect is r; (<m) or fewer, and otherwise treats an additional M
- m patients and rejects the treatment if and only if the number of patients exhibiting
positive treatment effect is ry (M) or fewer. Simon’s designs require that a null proportion
Po, representing some “uninteresting” level of positive treatment effect, and an alternative p;
> pg be specified. The null hypothesis is Hg : p < pg, where p denotes the probability of
positive treatment effect. The Type I and 11 error probabilities Py, {Reject Ho}, Pp; {Accept
Ho} and the expected sample size E po N can be computed for any design of this form,
which can be represented by the parameter vector (m, M, rq, r2). Using computer search over
these integer-valued parameters, Simon [76] tabulated the optimal designs for different
values of (pg, p1). He also introduced minimax two-stage designs with the smallest
maximum sample size subject to the error probability constraints. Note that these designs are
group sequential designs with two groups and early stopping only for futility.

Whether the new treatment is declared promising in a Phase Il trial depends strongly on the
prescribed pg and p1. In their systematic review of 134 papers reporting Phase 11 trials in J.
Clin. Oncology, Vickers et al. [93] found 70 papers referring to historical data for their
choice of the null or alternative response rate, and that nearly half (i.e., 32) of these papers
did not cite the source of the historical data used, while only nine gave clearly a single
historical estimate of their choice of pg. Moreover, no study “incorporated any statistical
method to account for the possibility of sampling error or for differences in case mix
between the Phase Il sample and the historical cohort.” Trials that failed to cite prior data
appropriately were significantly more likely to declare an agent to be active (83% versus
33%). They conclude that “more appropriate use of historical data in Phase 11 design will
improve both the sensitivity and specificity of Phase Il for eventual Phase 111 success,
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avoiding both unnecessary definitive trials of ineffective agents and early termination of
effective drugs for lack of apparent benefit.” They also note that uncertainty in the choice of
po and p1 can increase the likelihood that (a) a treatment with no viable positive treatment
effect proceeds to Phase I1l, or (b) a treatment with positive treatment effect is prematurely
abandoned at Phase 1.

Besides the difficulties associated with the choice of pg in the typical Phase 1l trial, other
important related problems are failure to account for known patient heterogeneity,
artificially simplifying a complex outcome to a binary “response” that results in a loss of
information, and using early outcomes that are convenient but not substantively associated
with survival time. To circumvent the problem of choosing pg, and some of the other
difficulties described above, randomized Phase Il designs have been advocated [72, 74]. In
particular, it is argued that randomized Phase Il trials are needed before proceeding to Phase
I11 trials when (a) a known accurate historical control rate is not available, due to either
incomparable controls, few control patients (so that the estimated control rate has large
variation), or a different outcome than “antitumor activity”; or (b) the goal of Phase Il is to
select one from multiple candidate treatments or multiple doses for use in Phase I11. Thall et
al. [85] have extended Simon’s two-stage design to randomized Phase Il trials. However,
because randomized designs typically require a much larger sample size than single-arm
designs and there are multiple research protocols competing for patient recruitment, few
Phase Il cancer studies have been randomized with internal controls.

Whereas the endpoint of a Phase Il cancer trial is response that can be measured within a
relatively short period of time after treatment, the clinically definitive endpoint in Phase 111
cancer trials is usually time to event, such as time to death or time to progression, which is
often of long latency. Interim reviews are routinely incorporated in the design and execution
of long-term clinical trials with survival endpoints, at least for safety. The past three decades
have witnessed major advances in the sequential design and analysis of clinical trials with
failure-time endpoints and interim analyses. In particular, the technical difficulties in
inference due to staggered patient entry and censoring at time of interim analysis have been
resolved. On the other hand, it is well known that the success rate of Phase 111 cancer clinical
trials is low [45]. Preliminary data at the end of the early-phase trials and the reported
survival curves of related treatments in the literature are often inadequate to determine the
sample size and duration of a Phase 111 trial, and whether it should even be launched at all.

The lack of information also makes it difficult to decide which survival endpoint, overall
survival or progression-free survival (PFS), should be used. A recent example from a joint
ECOG/Genentech study illustrates the difficulty of this issue. In 2008 the FDA granted
approval for the use of the drug bevacizumab (Avastin) in combination with paclitaxel for
advanced breast cancer, under the accelerated approval mechanism, which requires ongoing
study. In July 2010 an FDA panel (the Oncology Drugs Advisory Committee, ODAC)
recommended 12 to 1 to remove the breast cancer indication. The initial FDA panel review
in December 2007 resulted in a split decision narrowly recommending against approval, but
the FDA reversed the panel in February of 2008. The 2007 panel reviewed results from a
clinical trial involving 722 women with recurrent/metastatic breast cancer. Adding
bevacizumab to paclitaxel improved median PFS to 11.3 months, versus 5.8 in the paclitaxel
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alone arm. Survival, however, was not significantly improved: median 26.5 months with
bevacizumab and paclitaxel, compared with 24.8 months for paclitaxel alone (P = 0.14). In
the subsequent review, based on two new studies, the PFS advantage narrowed, and no
survival benefit was seen. On December 16, 2010 the FDA announced that it is
“recommending removing the breast cancer indication from the label for bevacizumab
(Avastin) because the drug has not been shown to be safe and effective for that use.” The
generic problem exposed by the debate on the proper endpoint is that the effects of salvage
treatment at disease progression are confounded with front-line treatment effects (as
assessed by the intention-to-treat method). We note that this motivates consideration of
multi-stage treatment trials, discussed below.

3 Innovative Designs Toward Re-engineering Cancer Clinical Trials

3.1 Single-Arm Dose-Finding Studies

While investigators writing Phase | cancer trial protocols find the traditional 3-plus-3 design
mentioned in Sect. 2.2 and various step-up/down variants in the literature within their
comfort zone to gain IRB approval to try the new treatment on human subjects and thereby
obtain some publishable data and experience, there is the ethical dilemma that patients in the
trial are treated at sub-therapeutic albeit safe doses. As pointed out by Bartroff and Lai [9,
10], there are two conflicting goals in a Phase | cancer trial: (a) determination of the MTD
for a future Phase Il trial, which they call “collective ethics,” and (b) safe treatment of
current patients in the trial, preferably at doses near the unknown MTD (to improve the
chances of benefit), which they call “individual ethics.” An efficient Phase | design should
strike a good balance between these two conflicting goals. Because of funding and time
constraints, Phase I trials typically involve a relatively small number (between 20 and 30) of
patients. In view of this sample size, efficiency seems to be achievable only by a model-
based approach. In model-based methods, a patient’s dose-limiting toxicity (DLT) y for
treatment at dose level x is usually modeled by a binary random variable taking values 0 or
1, such that y = 1 indicates a DLT g and whose distribution depends on x and an unknown
vector 0 of parameters through the function Fy (x) = P(y = 1|dose = x). The MTD is then the

pth quantile of Fy, i.e., MTD:Fe_l(p). A widely used working model for Fyis the two-
parameter logistic regression model

Fy(x)=1/(1+e 40,

where > 0 and = (a, ), for which the MTD is equal to [log(p/(1 — p)) — al/p.

Several Bayesian model-based methods have been proposed in the literature, assuming a
prior distribution 77y of fand using the posterior distribution 77, of &based on (x1, y1), . . .,
(X, Yk) to estimate the MTD and determine the dose x+1 for the next patient. Denoting the
MTD by 7, the Bayes estimate of 7 with respect to squared error loss is the posterior mean
Er (), which O’Quigley et al. [70] proposed to use in their “continual reassessment
method” (CRM). Babb et al. [5] pointed out that the symmetric nature of the squared error
loss or its close relative, the absolute error loss, may not be appropriate for modeling the
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toxic response to a cancer treatment, and proposed the “escalation with overdose control”
(EWOC) method, which is a Bayesian design with respect to the asymmetric loss function

h(z)= w(MTD—z) ifz <MTD,
"] (1-w)(z—MTD) ifz > MTD,

where the chosen constant 0 < w <1/2 is called the “feasibility bound.” Note that this loss
function penalizes an overdose x = MTD + §more than an underdose x = MTD - §of the
same magnitude &> 0. EWOC can be shown to be equivalent to estimating the MTD at each
stage by the wth quantile of the posterior distribution of the MTD. A sequence of doses X, is
called Bayesian feasible at level 1 = wif P7z_; (7=x) 21 -wforalln>1, and the EWOC
doses have been shown to be optimal among the Bayesian-feasible ones.

CRM and EWOC can be regarded as focusing on individual ethics as they treat the next
patient at the dose x that minimizes E 7 [I(7, X)], where | is a loss function, which is the
squared error loss for CRM and the piecewise linear loss for EWOC. Designs that focus on
collective ethics instead have also been proposed. Noting that the explicitly stated objective
of a Phase | cancer trial is to estimate the MTD, Whitehead and Brunier [97] considered
Bayesian sequential designs that are optimal, in some sense, for this estimation problem.
Haines et al. [37] made use of the theory of optimal design of experiments [4, 24, 31] to
construct Bayesian c- and D-optimal designs, and further imposed a relaxed Bayesian
feasibility constraint on the design to avoid highly toxic doses. Optimal design theory
involves a design measure £on the dose space X, and a sequential design updates the
empirical design measure &,-1 at stage n by changing it to &, with the addition of the dose
Xn. The empirical measure &, of the doses x4, . . . , Xy Up to stage n can be represented by

fnzn_lzi:ﬁz, where & is the probability measure degenerate at x.

Combining individual and collective ethics, Bartroff and Lai [9] consider the overall Bayes

risk EHO[Z:LZII(% 1n)+9(7,m)] of a Phase I trial involving n patients. This measures the
effect of the dose x on the kth patient through I(xk,7), its effect on future patients in the trial

through Z;k Hl(% 1), and its effect on the post-trial estimate nfhrough g(n,Ar]), thereby
incorporating the dilemma between safe treatment of current patients in the study and
efficient experimentation to gather information about 7 for future patients. By making use of
recent advances in approximate dynamic programming to tackle the problem, they find an
approximate solution of the Bayesian optimal design. The resulting design is a convex
combination of a “treatment” design, such as EWOC, and a “learning” design, such as a
Bayesian c-optimal design, thus directly addressing the treatment versus experimentation
dilemma inherent in Phase | trials and providing a simple and intuitive design for clinical
use. Instead of using dynamic programming to minimize the overall Bayes risk, Bartroff and
Lai [10] introduced an alternative approach that involves a simpler loss function composed
of two terms, with one representing the individual risk of the current dose and the other
representing its impact on the collective risk. Note that these ideas apply even if the goal of
the study is not the MTD but is some other target such as the dose yielding a prescribed
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probability of response. There will still be a trade-off between the dose that is apparently
best for the current patient and the dose chosen for an efficient design to estimate the target
dose.

As noted in Sect. 2.2, the MTD determined at the end of a Phase I study is used in a single-
arm Phase |1 trial to test the response rate of the new treatment at the MTD. Although the
patients in the Phase Il trial also have toxicity data, these data are not used to improve the
estimate of MTD for the subsequent Phase 111 trial. Similarly, the patients in the Phase |
study also have response data, but these data are not used, even though the sample size for
the Phase Il trial is typically below 60, because their associated doses are not set at the MTD
estimate. A more efficient method to determine the dose for the subsequent Phase 11l trial is
to use both response and toxicity data from all patients studied, as in the Phase I-I1 designs
proposed by Thall and Russel [84], O’Quigley et al. [71], Braun [16], Ivanova [41], Thall
and Cook [83], Bekele and Shen [11], and Ivanova and Wang [42]. These designs use joint
modeling of (xj, ¥j, Zj ), in which y; is the same as in Sect. 3.1 and z; = 1 or 0 according to
whether the ith subject responds to the treatment. For cytotoxic cancer treatments, both the
dose-toxicity curve P (y; = 1|x; = x) and the dose-response curve P (zj = 1|xj = X) increase
with the dose x, and therefore the MTD is the most efficacious dose subject to a prespecified
probability of DLT.

The advances in dose-finding studies above are Phase I-11 in the sense that they integrate the
toxicity data of traditional Phase | studies and the response data of Phase Il trials. They do
not consider testing the efficacy hypothesis that is the purpose of typical Phase Il cancer
studies, for which the standard practice is to use Simon’s two-stage test. Bryant and Day
[18] have extended Simon’s design to incorporate toxicity outcomes in the Phase I trial by
stopping the trial after the first stage if either the observed response rate is inadequate or the
number of observed toxicities is excessive, and by recommending the treatment at the end of
the Phase Il trial only if there are both a sufficient number of responses and an acceptably
small number of toxicities. We are working with our medical colleagues to develop new
Phase I-I1 designs for cytotoxic chemotherapies that start with a Phase | design and then
seamlessly merge it into a Phase Il trial to test the null hypothesis that the probability p(7) of
response at the actual MTD 7 is < pg. Note that traditional Phase 11 trials are designed to test
null hypothesis p(n)As Po, Where 7 is the estimate of n at the end of the Phase I trial. The
preceding reformulation of the null hypothesis enables us to update the estimates of
throughout the course of the Phase I-I1 trial.

Another direction of our ongoing research is related to cytostatic cancer treatments. As
noted by Ma et al. [62], targeted agents that are “predominantly antiproliferative, rather than
cytotoxic” and that “produce less acute toxicity than cytotoxic agents, resulting in a broad
therapeutic margin” pose new challenges in Phase | and Phase Il trial designs. Several
designs that use both toxicity and efficacy outcomes for these targeted agents have been
proposed; see [25, 26, 39, 46, 88, 100]. In particular, the last two references consider
patient-specific dose-finding designs and dose-finding for drug combinations, respectively.
In their recent survey article, LoRusso et al. [59, p. 1714] have noted that the selection of
agents for combination studies “remains very difficult, especially as preclinical studies are
not well-validated” and recommend that “seamless phase I-I1 designs, especially for studies
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combining therapeutics, should be considered.” They also point out that “toxicity remains a
relevant endpoint, as does defining an MTD, recognizing that the RD (recommended dose)
or BAD (biologically active dose) may be different from the MTD.” Because targeted agents
may show a plateau on the dose-efficacy curve, pushing a treatment to the MTD “may be to
the detriment of the patient and the development of the drug, and may make evaluation of
treatment combinations difficult.” Instead of dose escalation to determine the MTD, they
recommend using plasma drug levels for toxicity evaluation via pharmacokinetics and the
inclusion of “relevant blood, tissue, imaging, and physiological biomarkers” as surrogate
endpoints for toxicity and for measuring inhibition of a target.

3.2 Biomarker-Based Personalized Therapies: Development and Testing

The development of imatinib (Gleevec), the first drug to target the genetic defects of a
particular cancer while leaving healthy cells unharmed, has revolutionized the treatment of
cancer. A Phase I clinical trial treating CML (chronic myeloid leukemia) patients with the
drug began in June 1998, and within six months remissions had occurred in all patients as
determined by their white blood cell counts returning to normal. Note in this connection that
Phase I trials may already have highly informative efficacy data, which is one of the
motivations of the Phase I-I1 trials in the preceding section. In a subsequent five-year study
on survival, which followed 553 CML patients who had received imatinib as their primary
therapy, only 5% of the patients died from CML and 11% died from all causes during the
five-year period. Moreover, there were few significant side effects; see Druker et al. [28].
Such remarkable success of targeted therapies has led to hundreds of kinase inhibitors and
other targeted drugs that are in various stages of development in the present anti-cancer drug
pipeline. However, most new targeted treatments have resulted in only modest clinical
benefit, with less than 50% remission rates and less than one year of progression-free
survival, unlike a few cases such as trastuzumab in HER2-positive breast cancer, imatinib in
CML and GIST, and gefitinib and erlotinib in non-small cell lung cancer. While the targeted
treatments are devised to attack specific targets, the “one size fits all” treatment regimens
commonly used may have diminished their effectiveness, and genomic-guided and risk-
adapted personalized therapies that are tailored for individual patients are expected to
substantially improve the effectiveness of these treatments. Personalized medicine provides
a way to figure out what is driving the growth of cancer in an individual patient and to
ultimately match the patient with the right targeted therapy; see [27].

To achieve this potential for personalized therapies, the first step is to identify and measure
the relevant biomarkers. The markers can be individual genes or proteins or gene expression
signatures. How to measure them conveniently from patients is also an important
consideration. One can use tissue samples from the tumor—fixed versus fresh, or circulating
tumor cells, or from serum. One has to determine which biomarker measurement technology
to use and its reliability: quantitative rt-PCR, immunohistochemical, phospho-flow, etc. The
next step is to select drugs (standard cytotoxins, monoclonal antibodies, kinase inhibitors
and other targeted drugs) based on the genetics of the disease in individual patients and
biomarkers of drug sensitivity and resistance. The third step is to design clinical trials to
provide data for the development and verification of personalized therapies.
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Simon [77, 79] and others note the distinctions between biomarker discovery, iden-
tification, validation, and subsequent use of a validated biomarker for individualized
treatment selection. Different designs are appropriate for each of these steps, and in
particular the identification/validation steps may be iterative, as described below. The
“targeted designs” described by Maitournam and Simon [63] led to a class of designs aimed
at testing the effectiveness of biomarker-guided personalized therapies. In these clinical
trials eligibility is restricted to patients who are predicted to respond to the therapy being
tested by using genomic technologies. In [77] they are compared with traditional
randomized designs having broader eligibility criteria, with regard to the number of patients
required for randomization and for screening. Simon [79] described the design of validation
studies for comparing a biomarker-based treatment strategy to “standard of care” (a
somewhat indefinite strategy making no use of the biomarkers to select treatment), noting
the inefficiency of the straightforward randomized comparison of patients receiving
treatments based on their biomarkers to those whose treatment selection does not depend on
the biomarkers, due to the overlap of treatments actually received by the two groups (Fig. 1
of [79]). Following Freidlin et al. [34], such designs are now commonly called “biomarker-
strategy designs.” (An example of a biomarker-strategy design trial, comparing a biomarker-
directed chemotherapy versus physicians’ choice in patients with recurrent platinum-
resistant ovarian cancer, is given in [21].)

Simon proposed a design (Fig. 2 of [79]) which excludes patients for whom the biomarker-
guided and standard of care treatment choices agree and then randomizes the patients for
whom the two strategies make different recommendations to the respective treatments. Such
designs are now called “enrichment designs” [34, 64, 80], and presumably offer greater
efficiency than biomarker-strategy designs, as long as one can identify in advance of
randomization the treatment that will be offered by the standard of care. Another design,
called “biomarker-stratified design” in [34] and “all-comers design” in [64], randomizes
patients to the treatments themselves, treating the biomarker status as a baseline
stratification factor rather than a determinant of treatment, but the analysis plan focuses on
the dependence of the treatment effects on the biomarker status.

Traditional designs require large sample sizes for these clinical trials; moreover, they cannot
adapt to evolving knowledge about biomarkers. Innovative clinical trial design, “which
allows researchers to avoid being locked into a single, static protocol of the trial,” can “yield
breakthroughs, but must be handled with care” to ensure that “the risk of reaching a false
positive conclusion” is not inflated, as pointed out in the recent editorial in Nature (April
2010, vol. 464), in which two clinical trials of biomarker-guided personalized therapies,
BATTLE and I-SPY2, are reported [56].

The clinical trials BATTLE [57, 102] and I-SPY2 [6] use Bayesian adaptive randomization
designs and perform Bayesian inference from the posterior distributions, although the
frequentist operating characteristics of the Bayes tests are also assessed by simulation
studies under certain assumed models. “The approach has been controversial, but is catching
on with both researchers and regulators as companies struggle to combat the nearly 50%
failure rate of (cancer) drugs in large, late-stage trials,” says Ledford [56]. The Bayesian
designs are indeed more efficient than conventional randomized clinical trials under the
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model assumptions and accepting the Bayesian inferences, and it is hoped “to drive down
the cost of clinical trials 50-fold” for the development of personalized medicine, otherwise
“drug companies (won’t) be interested in taking the risk of developing a drug for these small
numbers of patients,” as mentioned in Ledford’s article. Since the posterior distributions can
be defined irrespective of whether the observations are generated adaptively or by
independent sampling from some population, Bayesian inference can be carried out in the
same way for sequential/adaptive samples as in the conventional fixed samples. The
controversy lies in whether the frequentist type | error rate is inflated and in the assumptions
of prior distributions and parametric models in the Bayesian approach. Moreover, the
complexity of the design requires computationally intensive Markov chain Monte Carlo
methods to implement the Bayesian approach.

We are currently working with our medical colleagues on clinical trial designs for the
development and validation of biomarker-based personalized therapies. One such trial being
planned involves personalized therapies for treating patients with recurrent, platinum-
resistant ovarian cancers. Standard chemotherapy drugs (liposomal doxorubicin, abbreviated
LD; topotecan, or Top; docetaxel, or DxI) have modest activity (15-20% rates of remission
within one year) in this clinical setting. These drugs have diverse targets (TOPO2A for LD,
TOPOL for Top, and TUBB3 for DxI), and several potential genomic biomarkers related to
drug mechanisms of action and resistance (e.g., ABCB1 for resistance to DxI) have been
identified but not clinically validated for these agents. Tumor tissue is available from the
initial staging and de-bulking surgery of the patients, and confirmatory tumor specimens are
also available in a large fraction of patients at relapse. Published data on expression of these
genes in ovarian cancers, extensive laboratory data from our collaborators, and a recent
study by Tothill et al. [90] have identified four genes, ABCB1, TOPO2A, TOPQO1, and
TUBB3, and thresholds for their expression levels to predict resistance or sensitivity to the
three drugs. This suggests a personalized therapy that classifies patients into six predictive
subgroups based on their biomarker data (sensitive to one drug only, or to two of the three
drugs) besides a subgroup for which the biomarkers cannot make a recommendation for or
against any of the three treatments. The sensitivity or resistance is based on the targets of the
drugs and the expression levels of these genomic biomarkers. Our approach is to use
generalized likelihood ratio tests for concurrent testing of a “strategy null hypothesis” which
is associated with the biomarker-based personalized therapy and its validation, and an
“intersection null hypothesis” whose rejection demonstrates the efficacy of some biomarker-
based therapy, not necessarily the one being considered but still using the same biomarker-
classified patient subgroups.

There is a growing literature on the issues of randomized clinical trial designs to develop
and test personalized therapies; see [21, 34, 58, 79, 80], and [64]. There is also tension
between the adaptive Bayesian approach, as in BATTLE and I-SPY2, and more traditional
frequentist approaches to development and validation in this literature. We are working
toward an innovative design that can be viewed as a hybrid of both approaches, capturing
their individual strengths and resolving the controversies between them.
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3.3 Seamless Phase Il-lll Randomized Clinical Trials

Ellenberg and Eisenberger [30] pointed out the dilemma that although most clinical
investigators are aware of the “unreliability of data” from small single-arm Phase Il cancer
trials, they cannot commit the resources needed for comparative controlled trials that are
thought to require much larger sample sizes, until the new treatment has some promising
results. Being able to include the Phase Il study as an internal pilot of the confirmatory
Phase I11 trial may be the only way that a randomized Phase 11 cancer trial with substantially
larger sample size than currently used in single-arm Phase |1 trials can be conducted. In
standard clinical trial designs, the sample size is determined by the power at a given
alternative, and an obvious method to determine a realistic alternative on which sample size
calculation can be based is to carry out a preliminary pilot study. Noting that the results from
a small pilot study are often difficult to interpret and apply, Wittes and Brittain [98]
proposed to use an adaptive design, whose first stage serves as an internal pilot from which
the overall sample size of the study can be estimated. Bartroff and Lai [7] focus on tumor
response as the primary endpoint so that Phase I1-111 designs for this endpoint can be
embedded into group sequential designs, with the first group representing the Phase Il
component. Instead of a conventional group sequential design, they use an adaptive design
which allows stopping early for efficacy, in addition to futility, in Phase Il as an internal
pilot, and which also adaptively chooses the next group size based on the observed data.
Despite the data-dependent sample size and the inherent complexity of the adaptive design,
the usual generalized likelihood ratio (GLR) statistics can still be used to test for differences
in the response rates of the two treatments, as the Markov property can be used to compute
error probabilities in group sequential or adaptive designs; see [48] and [7, 8].

As noted in Sect. 2.2, although tumor response is an unequivocally important treatment
outcome and most targeted therapies are designed to generate the response, time to event is
usually the clinically definitive endpoint in Phase 111 cancer trials. Because of the long
latency of the clinical failure-time endpoints, the patients treated in a randomized Phase 11
trial carry the most mature definitive outcomes if they are also followed in the Phase Il trial.
Seamless Phase 1111 trials with bivariate endpoints consisting of tumor response and time
to event are therefore an attractive idea. Inoue et al. [40] and Huang et al. [38] have
introduced a Bayesian approach to the design of Phase 11-I11 trials. The approach is based on
a parametric mixture model that relates survival to response. Let J; denote the treatment
indicator (0 = control, 1 = experimental), T; denote survival time, and Z; denote the binary
response for patient i. Assume that the responses Z; are independent Bernoulli variables and
that the survival time T; given Z; follows an exponential distribution, denoted Exp(4), in
which 1/2 is the mean:
Zi|Ji=j . Bernoulli(m;),
Ti[{Z=2, Ji=j} =" Bxp();).

Then the conditional distribution of T; given Jj is a mixture of exponentials:

ii.d.

T Ji=j "~ miExp(Aj1)+(1-7;)Exp(Aj0)-
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Let yj = E(Tj | Jj = j) denote the mean survival time in treatment group j . Inoue’s et al. Phase
I1-111 design is based on the parametric model above and assumes independent prior gamma
distributions for 40 and 41 (j = 0, 1) and beta prior distributions for 7 and 7. Each
interim analysis involves updating the posterior probability p = P(u; > (g | data) and
checking whether p éxceeds a prescribed upper bound py or falls below a prescribed lower
bound p;, which is less than py . If p >py (or p <p.), then the trial is terminated, rejecting
(accepting) the null hypothesis that the experimental treatment is not better than the standard
treatment; otherwise the study continues until the next interim analysis or until the scheduled
end of the study. The posterior probabilities are computed by Markov chain Monte Carlo,
and simulation studies of the frequentist operating characteristics under different scenarios
are used to determine the maximum sample size, study duration and the thresholds p, and
pu - Huang et al. [38] recently introduced a more elaborate design that uses the posterior
probability p after an interim analysis for outcome-adaptive random allocation of patients to
treatment arms until the next interim analysis.

Although the mixture model nicely captures the response-survival relationship, the Bayesian
framework in the preceding section assumes restrictive parametric survival models and
precludes one from using standard methods in cancer biostatistics to analyze survival data
semiparametrically and GLR tests for sample proportions. Moreover, the posterior
probability p that is central to the Bayesian stopping and terminal decision rules is targeted
toward comparing mean survival times instead of the commonly used hazard ratios.
Furthermore, semiparametric methods such as Cox regression are usually preferred to
parametric exponential models for reproducibility considerations and because of the
relatively large sample sizes in Phase 111 studies. We have recently developed an alternative
seamless Phase I1-111 design that uses a semiparametric model to relate survival to response.
It is targeted toward frequentist testing with generalized likelihood ratio (GLR) or partial
likelihood ratio statistics, using the ideas of Gu and Lai [35] and Lai and Shih [48] for
sequential logrank and GLR tests with modified Haybittle—Peto boundaries. The details and
a software package using R for the design and analysis are available at the website http://
med.stanford.edu/biostatistics/Clinical TrialMethodology.html. We are exploring with our
medical colleagues how these seamless Phase I1-I11 trials can address some long-standing
difficulties in designing confirmatory clinical trials.

4 New Clinical Trial Design Methods for CER Studies

4.1 Equipoise-Stratified Randomization

We describe this innovative randomization method in the context of the NIMH Sequenced
Alternatives to Relieve Depression (STAR*D), which was a multisite, prospective,
randomized, multistep clinical trial of outpatients with nonpsychotic major depressive
disorder [75]. The study compared seven treatment options in patients who did not attain a
satisfactory response with citalopram, a selective serotonin re-uptake inhibitor
antidepressant. After receiving citalopram participants without sufficient symptomatic
benefit were eligible for randomization among four switch options (sertraline, bupropion,
venlafaxine, cognitive therapy) and three citalopram augment options (bupropion,
buspirone, cognitive therapy). It was clear to the study designers that few patients would be
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willing to be randomized among all seven options, so other design options were considered.
One possibility was to randomize patients between two overall strategies: “switch” or
“augment”, allowing physician choice to determine which specific option would be
implemented. A prototype for this kind of design was the NHLBI AFFIRM study which
contrasted broad options of “rhythm control” versus “rate control” in patients with atrial
fibrillation, with physician’s choice of specific method (e.g., sotalol or amiodarone for
rhythm control). But for various reasons this design was discarded (a lucky choice, given the
outcomes). Instead, the designers chose to ascertain before randomization the set of options
that the patient-clinician dyad considered to be equally reasonable, given the patient’s
preferences, and his or her state after a trial of citalopram. This set of options characterizes
the patient’s Equipoise Stratum (ES). A total of 1429 patients were randomized under this
scheme. The largest ES were the “Medication Switch Only” group, allowing randomization
among the three medications (40%) and the “Medication Augmentation Only”, allowing
randomization between two options (29%). The “Any Augmentation” (10%) and “Any
Switch” (7%) were the next largest, and only 5% of patients were randomized among
options that contrasted a switch and augment condition. In retrospect, it became clear that
patients (and their clinicians) were sorted into two groups, roughly, those who obtained
partial benefit from citalopram and therefore were interested in augmentation, and those who
obtained no benefit and were interested only in switching. Thus, the ES design allowed the
study to self-design in assigning patients to the parts of the experiment that were relevant to
current practice and to patient preferences.

4.2 Sequential Multiple-Assignment Randomization (SMAR)

The STAR*D project had subsequent randomization levels, to attempt to improve outcomes
in patients who were not brought to full remission by initial levels of treatment. Thus it can
be regarded as an approximation to a Sequential Multiple Assignment Randomized Trial
(SMART). Such trials have been proposed and conducted [52, 61, 66, 68, 86, 87, 99] to
study adaptive treatment strategies, which are rules for adapting the current treatment to the
patient’s history of past treatments and responses to those treatments. This clinical usage of
the word “adaptive” should not be confused with adaptation of assignment or other methods
in trials; here it is the treatment that is adapting.

Implicit or informal adaptive treatment strategies arise naturally in the management of
patients whose disease has a chronic dimension, neither acutely fatal nor completely curable.
They are usually cobbled together from disparate sources of information. For example, the
choice of drugs for the initial treatment of newly diagnosed hypertension or bipolar manic
disorder may be well-informed by carefully controlled trials conducted as part of the
registration process or comparative effectiveness studies. However, the choice of a second-
line drug if the first drug fails to bring the hypertension or mania under control may not have
such a strong evidence base, and as the patient experiences multiple failures of disease
control, the basis for making such decisions may thin out completely. Furthermore, the best
way to start treating the disease may depend on the downstream options. If a highly effective
but risky treatment can be deployed successfully as a salvage treatment after failure of a less
effective but non-toxic treatment, then it may produce an overall better long-term benefit to
use it in that way. But if the progression of disease makes the riskier treatment less effective
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in the salvage role, the conclusion may be reversed. In other words, the “myopic” outcomes
over the short term after a treatment is used may not be a good guide to the role it would
play in an adaptive treatment strategy.

A simple two-stage example is the Habermann et al. [36] study of induction and
maintenance rituximab on survival in diffuse large B-cell lymphoma. In this study, patients
were randomized to induction by standard chemotherapy (CHOP) or chemotherapy with the
addition of rituximab (R-CHOP). Those who developed a remission were again randomized
to standard maintenance treatment or rituximab maintenance. The results in all patients were
analyzed to contrast the survival rates on each of the four strategies defined by induction and
maintenance choices. Wahed and Tsiatis [96] had devised optimal estimators for survival
outcomes in two-stage trials of this type.

The SMAR design offered the ability to distinguish between short-term (“myopic”) outcome
differences (on rates of remission, by initial induction option) and long-term survival
differences. The use of SMAR designs is crucial when the long-term, clinically important
outcome is not simply determined by the myopic results. For example, it was considered
possible that even if R-CHOP was more successful as an induction, rituximab maintenance
in remitters on R-CHOP might do less well than rituximab maintenance in remitters on
CHOP, enough so that the overall strategy of waiting to use rituximab in maintenance would
prove superior, despite its initial myopic deficit. The idea goes back to Bellman’s principle
of dynamic programming, which has been mentioned in Sect. 3.1. In the event, it turned out
that the initial treatment with the best “myopic” outcome (R-CHOP) was also the right way
to start the optimal strategy (which then added rituximab maintenance).

Thall et al. [87] describe a two-stage randomized trial of a total of 12 different strategies of
first-line and second-line treatments for androgen-independent prostate cancer. After
randomization to one of four treatments, patients who responded were continued on the
initial treatment, and those who did not were randomized among the other three treatments
not assigned initially. The intent of this Phase Il SMART design was to select a candidate
treatment for evaluation in a Phase 111 trial. The treatment with the best initial success rate
was the combination TEC (weekly paclitaxel, estramjustine, and carboplatin), and the
authors proposed that it be taken forward to Phase 111 testing. In a companion piece,
Bembom and van der Laan [12] reviewed methods for analyzing such SMAR methods, and
found that the best overall strategy seemed to be CVD (cyclophosphamide, vincristine, and
dexamethasone) followed by TEC if CVD did not achieve success. The small study sample
size and some problems of dropout prevent a definitive conclusion about the strategy
comparisons, but the results illustrate an apparent instance of the phenomenon described
above: the myopically best initial treatment does not necessarily initiate an optimal strategy.

Another example concerns the use of compliance enhancements. In clinical practice, patients
often fail to comply adequately with treatment recommendations. The clinician may
consider switching treatments, or instead adding a “treatment compliance” component,
which might mean another treatment to reduce a side effect or a behavioral intervention.
When combined with the choice of initial treatment, the result is a multi-stage adaptive
treatment, with at least two options at each stage.
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Thus, when there are multiple stages of treatment (e.g., in chronic disease management), the
right way to start may depend on the way that subsequent options deal with the state of the
patients after the initial treatments. In addition to the methods for comparing strategies
described above, Zhao et al. [101] used Q-learning methods to discover optimal treatments
from data arising from a SMART design. As medical care for cancer, AIDS, and other life-
threatening diseases evolves, they become chronic diseases that require adaptive treatment
strategies. Therefore, we can expect to encounter questions about the value of an entire
adaptive treatment strategy more often in the future, leading to the greater use of SMAR
designs. There has been considerable recent development in the statistical underpinnings
(design and analysis) of SMAR trials, and growing use by clinical investigators [17, 22, 23,
44, 50, 51, 53-55, 60, 65-67, 69, 82, 92, 95].

4.3 Embedded Experiments to Close the Knowledge-Action Gap

Eight decades ago, Thompson [89] proposed to randomize patients to a treatment with
probability equal to the current posterior probability that the treatment was superior to the
alternative. His proposal was motivated by ethical considerations, and sought to minimize
the number of patients exposed to the inferior treatment during the trial. Since then, the
Bayesian approach to outcome-adaptive randomization has been further developed,
especially by Berry [13], Berry and Eick [15], and Cheng and Berry [19]. But there is
another advantage (noted by Berry) to point-of-care randomization: it tends to automatically
close the gap between knowledge and implementation, at least at the institutions that
participate in a trial. That is, if one treatment is better, the randomization is biased more and
more toward that treatment, as the posterior probability tends to 1.

The “implementation gap,” as it is now called in discussions of CER and evidence-based
medicine, refers to the undeniable fact that there is a systematic failure to obtain full value
from comparative trials because of the low rate of uptake in clinical practice. The pilot’s
checklist entered aviation in 1935, after the fatal crash of the B-17 prototype, and is still in
wide use today. Similar checklists for surgery, infection control, and critical care have been
tested over the past 40 years, with nearly universal positive results. Yet their implementation
into routine practice has been painfully slow. There is now a branch of CER called
“implementation science,” which studies the effectiveness of methods for disseminating and
putting into practice new or old knowledge that improves care. An embedded clinical trial
with outcome-adaptive randomization can bring the benefits of automatic, statistically valid
learning to the participating health care systems, and improve care without having to mount
a separate implementation strategy.

Such automatic learning may be crucial to taking full advantage of comparative
effectiveness research. The US Department of Veteran’s Affairs is capitalizing on its
superior informatics to launch an effort directed at fostering embedded clinical trials, in
which the option to randomize is offered as part of the automated system of guidelines and
computer-aided ordering of treatments; see [32]. The first trial in this program began
enrollment in 2010 and aims at defining the optimal insulin dosing strategy for hospitalized
diabetic patients. By combining automatic assessment of endpoints from the electronic
health record, the randomization can adapt to the outcomes, as Thompson proposed in 1933.
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Statistical issues raised by this approach include the desire to make valid frequentist
inference while using Bayesian or other methodology to adapt the randomization, and our
current research aims at developing methods to address these issues.

Challenges to the validity of the adaptive randomization scheme have been raised; see, e.g.,
[43]. In the presence of substantial drift in the characteristics of the patient sample over time,
it may be subject to bias. It is also less efficient than fixed equal randomization, and has a
chance of converging on the wrong treatment. Two of these issues (drift bias and
inefficiency) can be addressed by a combination of statistical analysis and limitation on the
extremes to which the randomization can be tilted, and the third by adjusting the usual error
rates for adaptive randomization, using methods similar to those of Lai and Shih [48],
Bartroff and Lai [7, 8] and Lai et al. [49]. The jury is still out on the value of adaptive
randomization, and much more practical experience is needed in particular circumstances.
All perturbations away from the fixed-sample, equal-randomization, double-blind, placebo-
controlled trial come with some defect. But this argument can “make the best the enemy of
the good.” Much of the proposed research agenda for CER begins with the premise that the
“pure” RCT relevant to an effectiveness question will be either too expensive, insufficiently
generalizable, or too time-consuming to be of much use, and thus sweeps away any serious
use of experiment in the process. The alternative then becomes observational data analysis,
which is vulnerable to the well-known biases of selection. Furthermore, the use of adaptive
randomization in the embedded clinical trial may provide crucial help in closing the
“implementation gap,” as discussed below. This benefit may justify increased resources
devoted to preventing the problems described above.

The clearest motivation for embedded clinical trials comes from the somewhat disappointing
history of standard CER, in which closing the implementation gap is not considered part of
the research itself. There are many reasons that closing the gap is hard (sometimes harder
than doing the research). They include resistance by clinicians who do not see the research
as applying to their patients, and efforts by interested parties in deflecting implementation.
The latter is particularly troublesome in the US, and we have learned to our dismay that
CER often leads to a result whose implementation would threaten the livelihood of some
organized group (a company, or a group of clinicians), and this often evokes considerable
(and successful) opposition. That opposition is not confined to scientific discourse, but plays
out in lobbying government, attacks in the media, and even worse. Embedded clinical trials
offer a way to keep some of the implementation process under the control of clinicians
interested in improving care and their home institutions. Eventually, it is hoped that health
care systems that engage in such statistically valid learning will have a competitive
advantage in an outcome-based reimbursement system, and patients will come to understand
that advantage as well. The VA is uniquely positioned (in the US) to lead in this area, but
other systems around the world with similar or better infrastructure may also take note.

5 Discussion

It is widely believed by CER practitioners that standard randomized clinical trial designs
cannot meet the challenges of new developments and emerging trends in clinical medicine
and health care in the 21st century. While the premise may be true if the emphasis is on the
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word “standard,” it has led many to reject randomization in favor of observational methods.
We believe that such a limited view of randomization will often lead to inappropriate
reliance on statistical adjustment for selection effects instead of robust experimental
methods. We have outlined above some innovative designs and novel design methods to
address the challenges. These designs can resolve the dilemma between individual ethics
(for each patient being treated in the trial) and collective ethics (for future patients), adapt to
accruing information on treatment effects during the course of the trial, find the trial that fits
the patient by using equipoise-stratified randomization, extend to adaptive treatment
strategies via sequential multiple-assignment randomization, and close the knowledge-action
gap by embedded experiments.

Luce et al. [60] have argued for transformational change in randomized clinical trials as they
are “the most rigorous method of generating comparative effectiveness evidence and will
necessarily occupy a central role in an expanded national CER agenda,” but “as currently
designed and conducted, are ill-suited to meet the evidentiary needs implicit in the IOM
definition of CER.” They also point out the usefulness of adaptive approaches, but that
“with traditional trials and analytical methods, it is difficult to make optimal use of relevant
existing, ancillary or new evidence as it arises during a trial.” Although they, and Berry [14]
earlier, argue that Bayesian designs and analyses should be used in conjunction with
adaptation, we want to point out that frequentist methods are also available to implement
such adaptation. In our opinion, many modern developments in statistical methodology,
such as resampling, likelihood theory and martingales, generalized linear mixed models,
censored survival data and semiparametric inference, and boundary-crossing probabilities
for Markov chains can all be incorporated in the adaptive and sequential approaches, as
shown recently by Bartroff and Lai [7, 8], Lai et al. [49], Lai and Li [47], and Lai and Shih
[48]. What we recommend is to make use of the advances in statistical modeling in the past
two decades, and to use the frequentist or Bayesian approach depending on which is more
appropriate for the situation.

A case in point is the pivotal Phase 1I-I11 design of a clinical trial to gain the FDA’s
approval of a new cancer drug in Sect. 3.3, or the design of a validation trial for a
biomarker-based personalized targeted therapy in Sect. 3.2. Whereas the Bayesian approach
requires precise assumptions on the data-generating mechanism besides prior distributions
on the unknown parameters, the validation trial should be free of the assumptions used to
develop the personalized therapy and a frequentist approach to confirmatory testing is the
widely accepted mode of inference, especially with regulatory agencies. It is important to
ensure that the flexible and adaptive features offered by the innovative clinical trial designs
do not inflate the probability of a false positive conclusion, i.e., the type | error of the
confirmatory test; see for example the European Medicines Agency [20] and the [33]
guidelines on adaptive trial designs. On the other hand, Bayesian modeling and decisions
can be very effective in the development of personalized therapies and in clinical
development plans that integrate different phases of drug development.

As mentioned in the last paragraph of Sect. 1, the new health care system for the 21st
century advocated by Arrow et al. [3] has the infrastructure to support the innovative study
designs mentioned above and other innovations in clinical trial designs. We envision point-
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of-care decision support for outcome-adaptive randomization, web-based “experimental
embedding” services, a portfolio of CER “open questions” and initial observational studies,
recruitment of “first adopter” provider systems, involvement of community and patient
groups in planning and oversight, consciousness-raising on the value of experiments, and
integration of experimental findings into point-of-care decision support. These innovations
in the design and conduct of experiments will make use of major advances in statistical
methodologies for their analysis, and will in turn lead to new frontiers for statistics in the
biosciences.
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