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Abstract: In the era of precision oncology, improved understanding of tumor heterogeneity, particularly
at the molecular level, has caused a shift from traditionally histology based cancer drug development to
molecularly targeted drug development. The shift to the molecular view of cancer leads to increasingly small
cancer populations for clinical trials which may be underpowered using traditional statistical designs. This
paradigm shift lead to the recent developments of innovative clinical trial designs to address the challenges
from precision oncology clinical trials. Hence, this paper reviewed and described innovative trial designs for
precision oncology. Different strategies were discussed to account patient and treatment effect heterogeneity,
including precision dose-finding designs that tailor the optimal dose to different patients at different time
points, master protocol designs that match patients’ molecular alterations with specific targeted agents, and
adaptive enrichment designs that dynamically modify eligibility criteria and enroll patients that are most
likely to benefit from the novel agents. Despite their superior performance, better understanding of practical
barriers is needed to widen their implementation for precision oncology trials. Therefore, this paper also
reviewed the practical challenges regarding the implementation of precision oncology clinical trials, along

with the strength and weakness of various approaches of precision oncology clinical trial designs.
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Introduction myeloid leukemia (1), larotrectinib for TRK fusion-positive

) o tumors across multiple histologies for adults and children (2).
Conventionally, oncology clinical development has been . . . .
4 v for distinet histolooi q These marker specific trials match investigational agents
conducted separately for distinct histologies and tumor with patients’ targetable mutations, and have shown great

locations. With the pursuit of precision medicine, there has potentials to deliver effective treatments to the patients

been a surge in scientific discovery of tumor heterogeneity, based on their molecular biomarkers. However, the

the development of novel targeted therapies, and the use increased complexity of these marker specific trials and their

of next-generation sequencing in guiding treatments for
patients. As a result, the conventional histology-focus clinical
development has been supplemented by focus on genomic
aberrations. For example, more recently oncology drugs
approved by FDA are for a genomic marker restricted
population: midostaurin for FLT-3 mutated adult acute
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often narrower inclusion criteria can lead to smaller patient
population relative to “all comers” designs. Therefore,
more effective methods are needed to detect and quantify
biomarker-driven treatment effects in precision oncology
trials.

Novel clinical trial designs have been developed to

Ann Transl Med 2022;10(18):1038 | https://dx.doi.org/10.21037/atm-22-356


mailto:Vivien.jyin@gmail.com
https://crossmark.crossref.org/dialog/?doi=10.21037/atm-22-356

Page 2 of 9

identify and incorporate patient heterogeneity in clinical
decision making, to make precision oncology trials more
efficient in trial performance characteristics, reducing
resource use and shortening trial duration and while still
maintaining high statistical rigor. In this article, we aim
to summarize recent development of novel trial designs
that utilize the rich information in the precision oncology
settings to improve trial performance, and how the novel
designs could tackle the challenges facing precision
oncology trials. The statistical designs covered in this article
include both frequentist and Bayesian frameworks.

The remainder of the paper is organized as follows.
Section “Precision dose-finding designs” describes
innovative precise dose-finding designs, including both
individualized dose-finding across treatment cycles and
subgroup-specific dose-finding designs. Section “Master
protocol designs” describes innovative master protocol
designs that evaluate multiple drugs and/or disease
populations simultaneously, including basket, umbrella, and
platform designs. Section “Adaptive enrichment designs”
describes adaptive enrichment designs that select patients
based on biomarkers and interim responses. We conclude
with a brief discussion in the last section.

Precision dose-finding designs

Phase I oncology trials are designed to identify a safe dose
with an acceptable toxicity profile [i.e., the maximum
tolerated dose (MTD)] for subsequent testing. The
traditional 3+3 design was developed for cytotoxic
chemotherapy, and has been shown to lack the efficiency
and accuracy for molecularly targeted agents in precision
oncology trials (3-5). Recent dose-finding designs have been
developed to incorporate rich data from precision oncology
trials, to account for heterogeneity within the same patient
across multiple treatment cycles (i.e., individualized dosing),
or heterogeneity across patient sub-populations (i.e.,
subgroup-specific dosing).

Individualized dosing across treatment cycles

In traditional phase I dose-finding designs, the MTD is
typically determined based on the probability of severe
toxicity observed during the first treatment cycle. For
precision oncology trials, targeted therapy often induces
manageable toxicity profiles allowing patients to undergo
prolonged treatment cycles (6). Additionally, although
dose modifications (dose escalation and reductions) are
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routinely conducted over the treatment cycles in modern
clinical trials, toxicity beyond the first cycle is rarely taken
into consideration in the study designs. Intra-patient dose
escalation can occur when there is mild or no toxicities or
when patients have built up tolerance and therefore higher
dose level can be deemed safe for patients’ subsequent
treatment cycles. Another scenario is to reduce the dose
level in the later treatment cycles due to toxicities or
quality-of-life concerns. The latter scenario is more
common as targeted agents are more likely to induce late
on-set or chronic toxicities which, if not adequately assessed,
could result in a high proportion of dose modification, dose
interruptions, and discontinuation of the drug in later phase
trials. Therefore, there is a need to develop novel designs
that can incorporate comprehensive, longitudinal toxicity
profile.

A few dose-finding designs have been proposed to
optimize patient doses over multiple cycles (7-10), assuming
some parametric models for the dose-toxicity relationship
(i.e., model-based designs). In the Lee’s design (8), a latent-
state space model was used to draw inference on the change
of toxicity states over treatment cycles. Yin et «l. (9,11,12)
and Doussau et /. (13) used mixed effect models based on
repeated measures of graded toxicities to generate per-
cycle toxicity estimates Du er 4/. (14) with a compound
symmetric covariance structure to model the within-patient
correlation. However, because of the complex nature of
these model-based designs, e.g., latent-state space and
mixed effect models, they are often viewed as “black-box” to
clinicians, which is the main stumbling block to implement
them in clinical practice. To overcome this challenge, Lyu
et al. (10) proposed and implemented a simple Bayesian
adaptive dose-cycle finding (BaSyc) design which could
tabulate decision rules at the trial outset, allowing clinicians
to visualize the dose decision rules at the trial design stage.
Because its simplicity in application and transparency,
BaSyc design has been implemented in an acute lympholytic
leukemia trial to identify the MTD sequence of ruxolitinib
(NCT03571321).

Another concern for conventional phase I dose-
finding designs is that they assume efficacy increases with
increasing dose. Although a valid assumption for cytotoxic
agents, ample evidence has shown that targeted agents
have different dose-response relationships than cytotoxic
chemotherapies (15) (i.e., patients on lower dose do not
fare worse). Recent development of dose-finding designs
has relaxed the assumption that efficacy monotonically
increase with dose, and utilized both toxicity and efficacy
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information to choose the optimal dose. Du and Yin ez a/.
has extended their repeated measures design to incorporate
biomarker data as early efficacy signals, in order to identify
the optimal dose that maximize the efficacy with acceptable
toxicity profile across multiple treatment cycles (14).

Subgroup-specific dose-finding

Conventional dose-finding designs assume that the trial
participants are homogeneous, such that the optimal dose
is the same for all participants in a phase I trial. However,
precision oncology has shifted the paradigm from the
“one-size-fit-all” rationale. More recently, targeted agents
have given rise to the need for subgroup-specific dosing,
as the dose-toxicity curves may differ between biomarker
subgroups. However, due to the small sample size for
phase I trials, conducting separate trials for different
molecular subgroups may render the trials infeasible
for genomic mutations with low prevalence. Therefore,
novel statistical methods are needed to account for the
possible heterogeneity in a single trial, where efficacy and
toxicity are dependent on subgroups with various status
of biomarkers, patient characteristics or pharmacokinetic
profiles.

Several methods exist that address the problem of patient
heterogeneity in phase I trials.

O’Quigley et al. proposed a two-sample continual
reassessment method (CRM) to find the optimal dose for
each of two possibly ordered subpopulations of patients
(16,17). Ivanova and Wang proposed a non-parametric
design with bivariate isotonic regression to address the
same problem (18). Yuan and Chappell extended the up-
and-down design, the CRM, and the isotonic design, to
deal with multiple risk subgroups with two-way isotonic
regression (19). The dose-limiting toxicity (DLT) definitions
were also extended in some approaches. Yuan proposed the
Quasi-CRM to incorporate equivalent toxicity scores (20).
A generalized Bayesian optimal interval (generalized BOIN)
design was proposed for dose-finding accounting for efficacy
and toxicity grades (21). Toxicity tumor burden design
was proposed by Bekele and Thall to account for toxicity
grades (22). All of these approaches assume that the
subgroups can be ordered according to their probability
of toxicity. Morita et /. addressed this by generalizing the
CRM method based on a hierarchical Bayesian dose-toxicity
model (23) that borrows strength between subgroups;
however, their methods assumed exchangeability between
subgroups. Chapple and Thall (24) extended Salter’s
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methods (25,26) based on the TITE-CRM to handle more
than two subgroups, and relaxed two assumptions in their
design: it doesn’t require a priori ordering of subgroups by
toxicity rates or the assumption of exchangeability as in a
hierarchical model. Specifically, they utilized an adaptive
Bayesian clustering approach based on spike-and-slab prior.
A spike and slab prior is a generative model, in which the
random variable either attains some fixed value, called the
spike, or is drawn some other prior slab. In this method,
subgroups are collapsed and separated from one MCMC
iteration to the next, allowing borrowing when appropriate
but accommodating heterogeneous scenarios by not forcing
borrowing. Also, their method allows for clinician-specified
priors for each subgroup, unlike hierarchical models which
can only use a single dose-toxicity prior determining the
prior probability of experiencing DLT for all subgroups.

Master protocol designs

Different from the traditional “one indication at a time”
approach in clinical testing that only tests one drug, or
one histology in a clinical trial, master protocols evaluate
multiple drugs, multiple histologies, and/or multiple
molecular subtypes in parallel under a single clinical trial
infrastructure, aiming for enhanced efficiency in small
patient subpopulations for precision oncology trials (27).
Such trials allow logistic efficiency (centralized screening,
biomarker profiling, collection of tissue or blood, and
etc.) and potentially accelerated clinical development than
separate studies. There are three types of master protocol
trials: basket trials, umbrella trials, and platform trials (28).

Innovative basket trial designs

A basket trial is designed to test one investigational drug or
drug combination in multiple cancers or cancer subtypes
with a common biomarker linked to the therapeutic target
of the drug (29). The underlying hypothesis is that response
to the targeted therapy is determined by the biomarker
and independent of tumor histology [e.g., larotrectinib
was approved for TRK fusion-positive cancers in adults
and children (30)]. They are usually exploratory in nature,
using single-arm designs with overall response rate as the
primary endpoint for each sub-study (“the basket”). Benefits
of basket trials are that they are accessible for patients with
rare tumors with the respective molecular signature where
individual tumor types cannot be adequately powered.
Challenges are that molecular variant(s) may not be the only
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driver of tumor response and unpredicted heterogenous
treatment effect may exist across tumor types [e.g.,
vemurafenib works in BRAF mutated melanoma but not in
BRAF mutated colorectal cancer (31,32)].

Conventional basket trial designs use either pooled
analysis across tumor types or independent tests for each
tumor types. The former approach (pooled analysis) ignores
potential treatment effect heterogeneity; and one negative
indication can lead to a failed study for all indications in
a basket trial. The latter approach (independent analysis)
ignores potential correlated responses to the same agent
that targets the same mutation; and for rare tumors, it
could be infeasible to enroll patients to each of the sub-
studies. Several innovative basket designs have emerged to
tackle these challenges. Simon et al proposed a Bayesian
basket design which considered two possible scenarios: sub-
studies are either all independent from each other or they
are homogeneous in terms of the treatment effects (33).
Cunanan et al developed an adaptive basket trial design in
which the interim analysis would assess the heterogeneity
and determine whether the subsequent analysis should be
conducted separate for each tumor type or pooled across
all tumor types (34). Chu and Yuan (35) proposed Bayesian
latent subgroup design to control for potential treatment
effect heterogeneity, which used a latent grouping
indicator to indicate whether each sub-study belongs to
the treatment sensitive or insensitive subgroup. Psioda
et al. proposed an adaptive basket design using model
averaging (36).

Bayesian hierarchical models were also proposed in
a basket trial setting to allow information borrowing
across tumor types to increase power. Berry (37) &
Krajewska (38) proposed hierarchical models to cluster
patient population in the basket trials. However, these
models have been showed to yield inflated type I error
in case of heterogeneous treatment effect (39,40). If the
hierarchical model assumes homogeneous treatment
effects across the treatment arms, it’s important to check
whether the observed treatment effect is consistent with the
homogeneous assumptions. Otherwise, models accounting
for heterogeneous treatment effects across groups should
be used. To better control the type 1 error in Bayesian
hierarchical models for heterogeneous effects, Liu er a/. (41)
proposed Bayesian mixture clustering models where sub-
studies with similar response to treatment were clustered
and hierarchical modeling was used to allow information
sharing only within the clusters. Chu and Yuan (42)
proposed a calibrated Bayesian hierarchical model for
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basket trials in which the shrinkage parameter is defined
as a function of a treatment effect similarity measure.
Neuenschwander ez 4l. (43) proposed a robust approach for
Bayesian hierarchical models in which the exchangeability
assumption does not need to hold for every subpopulation,
thus allowing some subpopulations to have similar treatment
effects and some to have unique treatment effects. Hobbs
and Landin (44) also propose a Bayesian hierarchical model
basket trial design that evaluates pair-wise exchangeability
among the sub-studies (i.e., multi-source exchangeability
models).

Innovative umbrella and platform trial designs

An umbrella trial is designed to test multiple investigational
drugs or drug combinations in a single disease (single
tumor type or histology) with different molecular subtypes
(sub-studies) (29). A platform trial also tests multiple
investigational drugs in a single disease, but with the
flexibility of adding or dropping arms (29). Each sub-trial
is either single-arm or randomized. Randomization to a
common control can make more sense in the context of
an umbrella or platform trial because it studies a single
disease population. Strength of umbrella trials is that they
can make more meaningful statements specific to a given
single disease population, which could result in support
of a therapeutic confirmatory result (28). In addition,
if randomization to treatment arms within a subgroup
takes place, predictive and prognostic biomarkers can be
distinguished (28). The major difficulty of an umbrella
trial is that it may have difficult enrolling patients for rare
molecular subtypes in a single tumor, as it decreases the
sample size by stratifying on molecular targets. In practice,
a very specific molecular target requirement can often lead
to slow patient enrollment. Therefore, existing statistical
methods focus on information borrowing across sub-studies
or from historical studies to increase trial efficiency while
controlling for multiplicity.

Bayesian hierarchical models were proposed in umbrella
and platform trial settings as well for information borrowing
across sub-studies. Kaizer et al. proposed a platform design
with adaptive randomization and information borrowing
through Bayesian hierarchical modeling with a multi-
source exchangeability method, and illustrated their design
using the PREVAIL II Ebola trial (45). Normington er a/.
proposed a Bayesian adaptive-randomization platform
trial design with time-to-event endpoints and a common
control arm, with control information borrowing through
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a commensurate prior method (46). Jiao et al. evaluated
various strategies of sharing control arms and information
from historical data, and proposed a procedure for shared
controls in a platform trial setting (47). Li et al. (48)
developed a phase I/II platform trial design of targeted
cancer therapies which combined the CRM methods
for estimating the MTD and the Bayesian hierarchical
modeling for estimating efficacy. Kang et a/. (49) developed
the Hierarchical Bayesian Clustering Design of Multiple
Biomarker Subgroups (HCOMBS) design for multi-arm
genetic screening trials, which is a 2-stage umbrella phase II
design with effect size clustering and information borrowing
across arms with similar response to treatment.

Another advantage of umbrella trials for screening is that
it is possible to cycle quickly through ineffective treatments.
And strategies such as response adaptive randomization
in the Bayesian setting have been used to ethically enroll
more patients into more promising treatments (50). For
example, the BATTLE (Biomarker-integrated Approaches
to Targeted Therapy for Lung Cancer Elimination)
study (an umbrella trial with five sub-studies of lung
cancer) utilized the Bayesian hierarchical model with
response-adaptive randomization (51). The GBM AGILE
(Glioblastoma adaptive, global, innovative learning
environment) trial (NCT03970447) implements a seamless
phase II/IIT response-adaptive platform design (52). In this
trial, treatment arms that show success in the first part of
the trial can graduate to the next stage for confirmation
through the interim analysis. Additionally, the adaptive
adjustment of randomization probabilities at the interims
allows the trial resource to be focused on the sub-studies
with more promising results, thus accelerates the testing of
new precision oncology treatments. Gajewski et a/. further
investigated Bayesian response-adaptive designs in the
context of multi-arm trials and found that they perform
favorably compared with other Bayesian adaptive and fixed
randomization designs (53).

Additional statistical methods aim to increase flexibility
in a platform trial with mid-trial adaptations, such as
seamlessly adding new treatments as they emerge and
dropping poorly performing treatments with frequent
interim looks, while maintaining strong type I error control.
For example, Hobbs ez 4l. developed a Bayesian platform
trial design that accepts new arms throughout the trial,
facilitates a shared control arm, and allows for frequent
interim looks for futility based on Bayesian predictive
probabilities (54). RAMPART (55) is a multi-arm mult-
stage adaptive platform trial that investigates the addition
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of checkpoint inhibitors in renal cell carcinoma. In addition
to the three arms originally started in the trial, it allows the
adaptive decision to open a new experimental arm during
the course of the trial based on interim results. Another
adaptive feature of RAMPART is that the control arm can
be altered if new standard of care emerges.

Adaptive enrichment designs

Adaptive enrichment designs allow the eligibility criteria
of a trial to be adaptively updated during the trial. The
identification and confirmation of subgroups of patients
where a treatment is (most) effective is one of the most
important consideration in designing a clinical trial. The
specification of the optimal target population is usually
first evaluated in a phase II trial, before being employed
in a confirmatory phase III trial through the inclusion and
exclusion criteria. For precision oncology trials, there is a
higher uncertainty regarding the optimal target population,
because of the complex nature of treatment and biomarker
interactions [e.g., uncertainties, with regards to the PD-
L1 protein expression level as a predictive biomarker for
immune checkpoint inhibitors (56)]. The fast pace at which
precision oncology drugs are being developed and approved
leads to more challenges in determining the optimal
target population. Therefore, there is a need for adaptive
enrichment designs for precision oncology trials, which can
select potential patient subgroups based on accumulated
data at the interim, and confirm the efficacy in selected
subgroups at the end of the trial.

FDA has published guidance on “Enrichment Strategies
for Clinical Trials to Support Approval of Human Drugs
and Biological Products”, which stresses the importance of
prospective planning and control of type I error rate. To
ensure strong type I error control for regulatory approval,
several existing designs have used a p-value combination
method to synthesize pre- and post-adaptation information,
for normally distributed endpoints (57) and time-to-event
clinical endpoints (58,59). Rosenblum and Van der Laan (60)
and Rosenblum ez 4/. (61) considered adaptive enrichment
designs in the case of a single binary biomarker; while
Magnusson and Turnbull (62) have considered a small
number of pre-specified subsets. Simon and Simon (63)
developed a block adaptive enrichment design which
includes single and multiple biomarkers of any type;
they based their design on Bayesian methods to estimate
effect size, optimize the enrichment decisions during
the trial, and characterize the target population at the
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end of the trial. They further extended their methods
to use a joint frequentist and Bayesian design in their
later work (64). Notably, these designs explicitly
factor in the possibility that the new drug might
differentially benefit distinct biomarker subgroups,
and allow data-dependent mid-course enrichment with
preservation of type I error. In terms of application,
both Rosenblum and Hanley (65) and Lai er al. (66)
have applied their adaptive enrichment designs to the
setting of stroke trials. This does not restrict its relevance of
this to deal with trial designs for precision oncology.

Discussion

Cancer is becoming largely a collection of diseases defined
by molecular subtype with low prevalence, even within
major tumor types. Enrolling enough subjects for trials in
these indications in a timely fashion is challenging. In this
review article, we conducted a comprehensive literature
review on innovative clinical trial designs due to the shift
to molecular view of cancer and the need to characterize
treatment effect heterogeneity in precision oncology trials.
These novel designs are motivated by the widespread use of
cancer biomarkers as surrogate endpoints, patient selection,
and treatment stratification criteria. Precise dose finding
designs use the combined profile of toxicities and surrogate
efficacy biomarkers to search for the better solution of the
recommended phase 2 dose. Some designs also allow for
the intra-patient dose modification of patients to allow for
a more precise dosing delivery over the treatment course.
Master protocols allow the use of a single infrastructure
to test the multiple treatment strategies in the precision
oncology setting, and innovative master protocol designs
have allowed information borrowing to further expedite
the drug development of precision oncology. Adaptive
enrichment designs use accumulated information during
an ongoing trial to enrich patients to allow for decreased
variability in estimates and increased likelihood of
responding to the treatment if truly effective.

The increased flexibility of precision oncology trials
come with increased complexity which naturally implies
some limitations. Complicated designs can be vulnerable
to concerns about reproducibility of reported findings,
control of type I error rate if the results are intended to
support regulatory approval, as well as interpretability.
Detailed documentation of parameter specification,
operating characteristics, and statistical analysis plan, and
dissemination of user-friendly software are the keys to
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make these complex designs more trustworthy. And most
importantly, complex designs involve enormous logistic
hurdles during the trial design and conduct stage. The
number of real-life trials using the innovative designs is still
limited. A better understanding of further challenges from
investigators, sponsor, and regulatory views are needed.
Despite these limitations, innovative clinical trials continue
to hold great promise to revolutionize clinical drug
development for precision oncology.

A variety of the statistical packages have been
developed in R for innovative clinical trials. CRAN (The
Comprehensive R Archive Network) maintains a list of
these R packages at https://github.com/cran-task-views/
Clinical Trials/.
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