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Abstract

Immunotherapy has transformed cancer treatment, providing durable responses and long-term survival
benefitsacrossabroad spectrum of malignancies. However, designing clinical trials forimmunotherapeutic
agents presents unique challenges distinct from those encountered with conventional chemotherapy and
radiotherapy. These include atypical and delayed response patterns, low rates of dose-limiting toxicities,
immune-related adverse events, and the critical role of immune biomarkers. As a result, traditional trial
designs and endpoints may fall short in accurately evaluating immunotherapy. In response, a range of
innovative trial designs have emerged to better capture the complex dynamics of immunotherapeutic
agents. This review summarizes the evolving landscape of early-phase clinical trial design in immune-
oncology, with a focus on toxicity assessment, endpoint selection, dose optimization, and biomarker
integration. By addressing key methodological challenges and highlighting recent advances, we aim to
guide researchers, clinicians, and trialists in the development of more efficient and informative trials that
accelerate the safe and effective translation of immunotherapies into clinical practice. We conclude by
discussing current limitations and outlining future directions for advancing immunotherapy trial design.

Keywords: Bayesian adaptive design; Biomarker; Immune response; Immunotherapy; Low-grade
toxicities; Progression-free survival

Introduction

The advent of immunotherapy has revolutionized oncology, offering durable responses
and long-term survival for patients with various malignancies once considered intractable
[1,2]. Unlike cytotoxic therapies that directly target tumor cells, immunotherapies harness
the patient’s own immune system to recognize and eliminate cancer, with the potential
for sustained control even after treatment ends. Approaches such as immune checkpoint
inhibitors, adoptive cell therapies, and cancer vaccines have delivered outcomes rarely
achieved with traditional cytotoxic therapies, reshaping the landscape of cancer care and
accelerating the development of novel immunotherapeutic agents [3,4]. Despite these
advances, the clinical evaluation of immunotherapy poses unique methodological and
operational challenges. In contrast to chemotherapy, where Dose-Limiting Toxicities (DLTs)
are common and serve as a primary guide for dose escalation and selection, immunotherapy
typically induces Low-Grade Toxicities (LGTs), while DLTs are relatively rare [5]. As a result,
traditional phase I trial designs that rely solely on DLTs and ignore LGTs may be ill-suited
for determining appropriate dosing in this context. Moreover, the assumption that both
efficacy and toxicity increase monotonically with dose, which underlies many traditional
designs, often does not hold for immunotherapy [6]. Beyond a certain threshold, higher doses
may not yield additional clinical benefit and may even increase the risk of adverse events.
Accordingly, dose-finding efforts in immune-oncology increasingly focus on identifying the
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Optimal Biological Dose (OBD), the dose that achieves a favourable
balance between clinical efficacy and safety, rather than simply the
Maximum Tolerated Dose (MTD).

Adding to the complexity, immunotherapy often produces
delayed and heterogeneous treatment effects. This heterogeneity
is influenced by differences in tumor biology, immune
microenvironment, and biomarker status (e.g.,, PD-L1 expression,
tumor mutational burden, or other predictive signatures), which
can markedly affect both efficacy and toxicity outcomes. Failure
to account for such variability may obscure meaningful treatment
effects in biomarker-defined subgroups and complicate dose
selection. Unlike chemotherapeutics that typically produce rapid
tumor shrinkage, immunotherapies often work by delaying disease
progression and extending survival. Some patients may achieve
long-term durable responses even in the absence of an immediate
reduction in tumor burden [7,8]. As such, traditional endpoints like
Objective Response Rate (ORR) may be insufficient for early-phase
evaluation, and alternative endpoints, such as Progression-Free
Survival (PFS) or immune-related response criteria, may offer a

more accurate assessment of clinical benefit [9,10].

A further defining feature of immunotherapy is its ability to
elicit specific immune responses that reflect the biological activity
of the agent. Immune responses such as CD8+ and CD4+ T-cell
proliferation or cytokine production can be measured early in
treatment and are often predictive of downstream clinical outcomes
[11-13]. In addition to these established correlates, emerging
biomarkers may also provide valuable information for guiding safe
and effective translation into clinical practice. For example, Sirtuin
1 (SIRT1) has been implicated in immune regulation, inflammation,
and cell survival, with potential relevance to autoimmune and
inflammatory disorders. Early evaluation of plasma SIRT1 levels
may help anticipate treatment-related toxicities and adverse
immune reactions, given its role in pathways associated with
programmed cell death [14-16]. Incorporating both established
immune responses and biomarkers into dose-finding strategies
could enhance the precision of dose selection and support the
development of more effective regimens.

Taken together, these unique characteristics challenge the
applicability of traditional trial designs and endpoints, highlighting
the need for innovative approaches tailored to the distinct
properties of immunotherapy. In response, a variety of novel
designs have been developed, emphasizing adaptive, flexible, and
biomarker-driven strategies that can more effectively capture the
complex therapeutic dynamics of immunotherapeutic agents. This
review provides an overview of the evolving landscape of clinical
trial designs in immune-oncology, with a primary focus on early-
phase and exploratory designs where methodological innovation is
most urgently needed. We examine phase I designs focused solely
on toxicity, phase Il designs centered on efficacy, phase I/1I designs
that jointly evaluate both toxicity and efficacy, designs spanning
multiple indications, and marker-strategy designs for evaluating
predictive biomarkers. By synthesizing recent methodological
advances and identifying persistent gaps, this review aims to

inform future directions in the design and implementation of
immunotherapy trials.

A Phase I Trial Design for Inmunotherapies

Traditional phase I trial designs that rely solely on DLTs are
often inadequate for immunotherapies, which frequently induce
LGTs and rarely result in DLTs. To address this limitation, Jiang et al.
[17] proposed the MC-Keyboard design, which incorporates both
DLT and LGT information through multiple toxicity constraints
to guide dose escalation, de-escalation, and MTD determination.
Extending the original Keyboard design by Yan, Mandrekar, and
Yuan [18], which was based solely on DLTs, the MC-Keyboard
design framework integrates LGTs into its decision-making process
to provide a more comprehensive safety assessment. At the end of
the trial, the MTD is defined as the lower of two candidate doses:
One with a DLT rate estimate closest to the prespecified target DLT
rate, and the other with an LGT rate estimate closest to the target
LGT rate. This conservative approach ensures that both severe
and moderate toxicities are considered in dose selection, which is
especially important for immunotherapies where LGTs may have
clinical significance. As a model-assisted design, MC-Keyboard
retains the simplicity and transparency of algorithm-based methods
while incorporating the flexibility and superior performance of
model-based inference. A key practical advantage is that it provides
pretabulated, rule-based decision tables that can be fully specified
before the trial begins. These tables link observed toxicity outcomes
to dose escalation or de-escalation decisions, eliminating the need
for complex real-time modeling during the trial and facilitating
regulatory review, protocol writing, and on-site implementation.
One limitation of phase I trial designs for immunotherapy is that
they do not incorporate efficacy or immune response data, which
are often critical for identifying the OBD in immunotherapy. As a
result, the selected MTD may not reflect the most therapeutically
beneficial dose, especially in cases where efficacy does not increase
monotonically with dose.

Phase II Trial Designs for Imnmunotherapies

Conventional phase II trial designs that rely on a single, rapidly
ascertainable binary endpoint, such as OR, are often inadequate for
immunotherapy, where treatment responses are typically delayed
and multiple endpoints may be clinically justified. To address these
challenges, Lin, Coleman, and Yuan [19] proposed the Time-to-Event
Bayesian Optimal Phase II (TOP) design, which accommodates both
simple and complex endpoints within a unified, flexible framework.
The TOP design enables real-time “go/no-go” interim decisions
by incorporating all available patient data, including partial and
pending outcomes due to late-onset responses. It is statistically
efficient, maximizing power to detect truly effective treatments
while maintaining strict control of the type I error rate. The
authors illustrate the versatility of the TOP design through three
immunotherapy trial examples: (1) delayed binary response (e.g.,
OR), (2) co-primary efficacy endpoints (e.g, OR and PFS), and
(3) joint modeling of efficacy and toxicity endpoints. Simulation
studies demonstrate that, compared to other Bayesian designs, the
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TOP design can shorten trial duration by 4-10 months and increase
power to detect effective treatments to as high as 90%.

Incorporating immune response into phase Il evaluation is
also critical in immune-oncology, where early immune responses
may predict long-term benefit. The BLITE design [20] introduces
a Bayesian phase II framework that jointly models longitudinal
immune response and time-to-event efficacy outcomes. Recognizing
that a subset of patients may achieve durable benefit, the design
incorporates a cure fraction into its modeling. Longitudinal
immune responses are captured via hierarchical nonlinear mixed-
effects models, with separate trajectory specifications for the
cured and susceptible patients. For patients in the susceptible
group, time-to-event efficacy outcomes are modelled conditional
on the immune response trajectory via a time-dependent Cox-
type regression model [21]. Treatment desirability is quantified
through a physician-elicited utility function that integrates both
immune response and clinical outcomes. A two-stage adaptive
design is used to guide treatment allocation and decision-making.
Simulation studies demonstrate that BLITE achieves favorable
operating characteristics and outperforms alternative designs that
do not incorporate immune response information, particularly in
identifying effective treatments with durable benefit.

Despite important advances, these phase II designs for
immunotherapy face several limitations. They prioritize the
detection of efficacy signals but often overlook the trade-off
between efficacy and toxicity, which is crucial for identifying the
OBD rather than merely demonstrating activity. As a result, they
may promote doses that are effective in the short term but poorly
tolerated or inadequate for achieving sustained clinical benefit.
Moreover, they typically fail to account for patient heterogeneity
by biomarker status, potentially obscuring meaningful treatment
effects within specific subgroups.

Phase I/II Trial Designs for Inmunotherapy

Unlike phase I designs that focus exclusively on toxicity and
phase II designs that primarily assess efficacy, phase I/Il designs
simultaneously evaluate both outcomes to better inform dose
selection. The BOIN12 design [22] is a phase I/Il approach
developed to identify the OBD by maximizing the risk-benefit trade-
off. This design employs a utility-based framework, where utility
scores quantify the clinical desirability of each possible toxicity-
efficacy outcome. In the simplest case with binary toxicity and
efficacy endpoints, there are four possible outcomes: no toxicity
and efficacy; no toxicity and no efficacy; toxicity and efficacy;
and toxicity and no efficacy. A utility score of 100 is assigned
to the most desirable outcome (no toxicity and efficacy) and 0
to the least desirable outcome (toxicity and no efficacy). These
two anchor points guide the elicitation of utility scores for the
remaining intermediate outcomes. Based on these scores and the
estimated probabilities of each outcome, the mean utility of each
dose is calculated. The OBD is then defined as the dose with the
highest mean utility, provided it also meets acceptable toxicity
and efficacy criteria. During the trial, BOIN12 adaptively assigns
patients to the dose with the most favorable utility-to-risk profile.
Like the MC-Keyboard design, the decision rules for dose escalation

and de-escalation in BOIN12 are pre-specified and can be fully
incorporated into the trial protocol.

The TSNP design [23] is a two-stage nonparametric phase I/
II design to identify the OBD for immunotherapy. This design
addresses two major limitations that have hindered the practical
use of many existing designs. First, most existing designs rely on
complex Bayesian modeling frameworks, which are often viewed as
nontrans-parent or difficult to interpret by the clinical community.
Second, many of these designs are based on parametric models that
require strong assumptions about the dose-response relationship
and the joint distribution of toxicity and efficacy. In the context of
early-phase trials, where sample sizes are typically small, these
assumptions are difficult to validate and may lead to unreliable
results. The TSNP design overcomes these challenges by adopting
a fully nonparametric strategy, providing closed-form estimates of
joint toxicity-efficacy probabilities and a simple, transparent dose-
finding algorithm. User-friendly software is available to facilitate
simulations and real-time implementation.

The SCI design [24] is tailored for immunotherapy trials that
jointly considers DLT and PFS. It aims to address two key challenges
in such trials. First, disease progression often leads to treatment
discontinuation, precluding further toxicity observation, a semi-
competing risks scenario where progression precludes toxicity
but not vice versa. Second, PFS is typically a late-onset outcome
requiring long follow-up. The SCI design tackles these complexities
by factorizing the joint toxicity-efficacy probability into marginal
and conditional components and re-constructing the likelihood
function based on each patient’s actual follow-up time. A curve-free
dose-finding algorithm is then applied to identify the OBD using a
toxicity-efficacy trade-off function, without relying on parametric
dose-response relationships.

To leverage immune response data, several phase 1/II designs
have been developed to determine the OBD by jointly accounting
for immune response, toxicity, and efficacy. Liu & Yuan [25]
employed an Emax model to characterize the marginal distribution
of the immune response, and, conditional on this response, used
a latent variable approach to jointly model binary toxicity and
ordinal efficacy. The model incorporates a mechanistic assumption
that severe immune-related toxicities occur only when the immune
response exceeds a predefined threshold. The OBD is defined as
the dose that maximizes a desirability function reflecting the risk-
benefit trade-off. Building on this framework, the SPIRIT design
[26] extends the framework to accommodate PFS as the efficacy
endpoint. In SPIRIT, the OBD is defined based on the restricted mean
survival time, with PFS serving as the primary endpoint for dose
selection and the immune response used as an auxiliary marker
to rapidly eliminate ineffective doses. Toxicity is continuously
monitored throughout the trial to ensure patient safety.

A common limitation of the aforementioned designs is the
assumption of a homogeneous patient population, following a “one-
dose-fits-all” approach to dose assignment and OBD selection. This
assumption is often unrealistic, as patient heterogeneity is common
in clinical settings. For example, numerous studies have shown
that PD-L1 expression is a predictive biomarker for response to
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checkpoint inhibitor-based immunotherapy. Patients with PD-
L1-positive tumors tend to experience higher response rates and
improved progression-free and overall survival compared to PD-
L1-negative patients [27-32]. To address this, Guo & Zang [33,34]
developed phase [/II designs to identify subgroup-specific OBDs.
These models are deliberately parsimonious yet sufficiently flexible
to supportinformation borrowingacross both outcomes and patient
subgroups, an important consideration given the limited sample
sizes typical of early-phase trials. More recently, Guo et al. [35] and
Lin et al. [36] extended these designs to evaluate immunotherapy in
combination with radiotherapy.

Despite their advantages, most current phase I/II designs for
immunotherapy rely on simplified assumptions about the joint
distribution of toxicity and efficacy or adopt fixed utility structures
that may not generalize across different therapeutic contexts
or patient populations. The elicitation of utility scores, while
conceptually appealing, can be subjective and may not fully capture
the nuances of clinical judgment.

Designs for Immunotherapy Trials with Multiple
Indications

Traditional clinical trials are typically designed to assess the
safety and efficacy of an investigational drug within a single disease
indication. In contrast, some immunotherapy trials now enrol
patients across multiple indications simultaneously, reflecting a
shift toward biomarker-driven, tissue-agnostic approaches. For
instance, pembrolizumab, an anti-PD-1 therapy, has been approved
by the U.S. Food and Drug Administration (FDA) for the treatment of
unresectable or metastatic solid tumors that exhibit DNA mismatch
repair deficiency or microsatellite instability-high, regardless of
tumor origin. Similarly, larotrectinib received FDA approval for
the treatment of patients with NTRK gene fusion-positive cancers,
spanning a wide range of tumor types (Drilon et al., 2018).

The “shotgun” design [37] offers an efficient framework for
such multi-indication trials. It begins with an all-comer dose-
finding phase to identify the MTD or recommended phase II dose,
followed seamlessly by indication-specific cohort expansions.
Patients enrolled in the dose-finding phase are rolled over into
the appropriate expansion cohorts, enhancing efficiency by
contributing both safety and preliminary efficacy data. Meanwhile,
patients enrolled into the cohort expansions continue to inform
the evolving safety and tolerability profile. Interim analyses are
conducted within each cohort to allow for early termination of
indications with insufficient efficacy or unacceptable toxicity. To
improve the efficiency and robustness of these interim decisions, a
clustered Bayesian hierarchical model is used to adaptively borrow
information across indications while preserving the integrity of
indication-specific evaluations. This is achieved by first clustering
indications into subgroups, then borrowing information within
each subgroup to minimize potential bias and control type I error
inflation.

Building on this framework, the “shotgun-2” design [38]
introduces a utility-based, two-stage Bayesian basket trial design
that targets identification of the OBD rather than the MTD. Unlike

the original shotgun design, shotgun-2 allows for indication-specific
dose optimization by constructing a utility function that balances
efficacy and safety, guiding dose-finding and OBD selection within
each indication. This approach enables more personalized and
efficient dose selection across heterogeneous disease types, while
retaining the flexibility to adapt to differing efficacy and toxicity
profiles across indications.

While multi-indication trials offer increased efficiency and
broaden patient access, they introduce statistical and logistical
complexities. These may include controlling type I error across
multiple cohorts, ensuring adequate power for each indication, and
addressing the challenges of rare biomarker-defined subgroups,
which often have limited sample sizes and high uncertainty.

Marker-Strategy Designs

Immunotherapy often benefits only a subset of patients,
underscoring the importance of identifying predictive biomarkers,
biological features that can indicate which individuals are more
likely to respond to treatment [39,40]. For example, pembrolizumab
has been approved by the FDA for the treatment of advanced
melanoma and metastatic squamous and non-squamous non-
small cell lung cancer, but only for patients whose tumors express
programmed death ligand-1 (PD-L1), that is, PD-L1-positive
patients. It is important to distinguish predictive biomarkers,
which indicate treatment response, from prognostic biomarkers,
which are associated with overall disease outcomes regardless of
therapy. Only predictive biomarkers can guide treatment selection,
making their evaluation critical in personalized immunotherapy.
The Marker-Strategy Design (MSD) is a classical trial framework
for evaluating and validating predictive biomarkers [41]. In MSD,
patients are randomized to one of two treatment strategies: A
marker-based strategy, where treatment assignment depends on
the patient’s biomarker status (e.g., biomarker-positive patients
receive the experimental therapy, biomarker-negative patients
receive the control), or a non-marker-based strategy, where
treatment is assigned regardless of biomarker status, mimicking
a standard randomized clinical trial. The effectiveness of the
marker is typically assessed by comparing clinical outcomes (such
as response rates or survival) between these two strategies.
This approach allows investigators to assess whether using the
biomarker to guide treatment leads to better patient outcomes than
treating all patients the same way.

However, Zang & Yuan [42] demonstrated that this between-
strategy comparison often suffers from low statistical power to
detect a true predictive effect and is only valid under the restrictive
condition that the treatment allocation within the non-marker-
based strategy mirrors the biomarker prevalence in the population.
To address this limitation, they proposed an alternative wald test
thatisvalid under general conditions and achieves greater statistical
power. They further developed an optimal MSD that selects the best
randomization ratios between strategies and treatment arms to
maximize power for detecting a predictive biomarker effect. Han et
al. [43] further argued that the between-strategy effect estimated
in MSD does not necessarily reflect the true predictive effect of the
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biomarker and can be misleading if used for that purpose. To better
evaluate the predictive utility of a biomarker, they introduced novel
testing procedures tailored specifically to this goal: One for binary
response endpoints and another for time-to-event outcomes.
Simulation studies showed that these tests are both statistically
valid and substantially more powerful than traditional between-
strategy comparisons. MSDs, especially when paired with improved
statistical testing procedures, provide a valuable framework
for evaluating the clinical utility of predictive biomarkers in
immunotherapy. However, MSDs also present practical and ethical
challenges. Randomizing patients to the non-marker-based strategy
may assign some biomarker-positive individuals to treatments that
are likely to be ineffective, raising ethical concerns, particularly
when there is already strong preliminary evidence supporting the
biomarker’s predictive role. In addition, MSDs can be logistically
complex and require large sample sizes to achieve adequate power,
especially when the biomarker is rare or when treatment effects
differ only modestly across biomarker-defined subgroups. As
such, MSDs are most appropriate in the early stages of biomarker
validation, before a biomarker is fully established for treatment
selection.

Conclusion

The rapid evolution of immunotherapy has catalyzed a parallel
transformation in the design of early-phase oncology trials. Unlike
conventional cytotoxic agents, immunotherapies exhibit delayed
and variable responses, immune-related toxicities, and complex
mechanisms of action, all of which challenge traditional trial designs.
In response, numerous innovative designs have been proposed to
better accommodate these unique features. These novel frameworks
aim to improve the precision, efficiency, and ethical rigor of early-
phase trials by leveraging modern statistical methods and clinical
insights. This review highlights a range of such designs, including
those for dose-finding, efficacy evaluation, biomarker validation,
and multi-indication trials. However, due to space constraints,
many other promising approaches could not be covered in depth.
Still, the examples discussed reflect key directions in the evolving
landscape of immune-oncology trial methodology. Despite recent
advances, several important limitations and challenges remain.
First, many novel trial designs are built upon complex Bayesian
or hierarchical modeling frameworks. While these methods offer
considerable statistical flexibility, greater efficiency, and the ability
to incorporate prior knowledge, they are often perceived as opaque
or nontransparent by clinical investigators and decision-makers.
This perception can hinder interdisciplinary communication and
slow clinical adoption. Additionally, regulatory agencies may be
less familiar or comfortable with these methods, particularly when
adaptive decisions are driven by partially observed or time-to-
event outcomes.

Second, most existing designs assume a homogeneous
patient population, relying on a “one-dose-fits-all” strategy. This
approach neglects substantial inter-patient heterogeneity in
drug metabolism, immune status, tumor biology, and genetic or
molecular characteristics, factors that are especially relevant
in immune-oncology. Such assumptions can lead to suboptimal

dosing or treatment strategies for certain subgroups. To address
this, future designs should explore stratified or personalized trial
frameworks that allow for covariate-adjusted dose finding or
subgroup-specific efficacy evaluations. Incorporating baseline
biomarkers, immune profiling, or genomic data could enable more
individualized treatment approaches, enhancing both efficacy and
safety. Third, many designs that incorporate immune response
assume thatitis a valid surrogate for long-term clinical benefit, such
as progression-free or overall survival. However, this assumption
may not always hold. Immune response can show early activity
without translating into durable benefit, and some patients with
minimal initial immune response may later achieve meaningful
outcomes. Relying too heavily on immune endpoints may thus yield
misleading conclusions about treatment efficacy. To mitigate this
risk, validation studies should be conducted to assess the strength
and consistency of associations between immune responses and
long-term outcomes. Trial designs can also include both immune
and clinical endpoints, either as co-primary endpoints or within a
hierarchical testing framework, to better capture treatment effects.

Fourth, while biomarker-driven dose-finding is a promising
direction, its application remains limited and faces substantial
practical hurdles. Biomarkers are often assumed to have strong,
stable associations with clinical efficacy or toxicity, yet in practice,
they can be noisy, platform-dependent, and highly context-specific.
This variability raises concerns about reproducibility and external
validity, particularly across different cancer types or trial settings.
Addressing this challenge requires rigorous biomarker validation
across multiple platforms and independent cohorts. Despite these
challenges, several promising opportunities exist to enhance the
design, implementation, and impact of early-phase immunotherapy
trials. First, there is an increasing demand for transparent, user-
friendly software platforms to support the implementation of
innovative trial designs. When paired with clear documentation
and visual aids, these tools can bridge the gap between
methodological innovation and clinical adoption by making
advanced statistical methods accessible to investigators without
extensive programming or modeling expertise. Integration with
electronic data capture systems and trial management platforms
could further streamline adoption in real-world trial settings.
Second, the development of subgroup-specific OBD identification
strategies represents a critical step toward more personalized
immunotherapy. While most existing designs rely on a “one-size-
fits-all” approach, emerging methods based on parsimonious
Bayesian models or covariate-adjusted utility functions offer a way
to tailor dose recommendations to patient-specific characteristics.
Incorporating machine learning algorithms or dynamic treatment
regimens into the dose-finding process may further refine these
efforts by learning and adapting to individual patient responses
over time, thereby improving both efficacy and tolerability.

Finally, the integration of Real-World Data (RWD) into
early-phase immunotherapy trial design presents an emerging
opportunity to enhance both efficiency and generalizability. RWD
sources, such as electronic health records, patient registries, and
claims databases, can be leveraged to inform prior distributions,
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refine patient eligibility criteria, and validate surrogate endpoints
in a broader clinical context. When combined with adaptive and
Bayesian designs, RWD can also help recalibrate interim decision
rules or provide external control arms, especially in rare or
heterogeneous indications. While regulatory and methodological
challenges remain, careful use of RWD has the potential to
complement traditional trials and accelerate the evaluation of
promising immunotherapeutic strategies. In conclusion, the
field of immuno-oncology trial design has made significant
strides in adapting to the unique properties of immunotherapy.
However, continued innovation is needed to address limitations
in model complexity, patient heterogeneity, endpoint selection,
and biomarker integration. By fostering collaboration between
statisticians, clinicians, and regulators, future designs can become
both scientifically rigorous and practically feasible, ultimately
accelerating the safe and effective translation of immunotherapies
into clinical care.

Acknowledgement

This work was supported by the American cancer society (RSG-
22-030-01-CTPS), Louisiana Board of Regents (BoR) Research and
Development (R&D) research competitiveness subprogram.

References

1. Sharma P, Allison JP (2015) The future of immune checkpoint therapy.
Science 348(6230): 56-61.

2. Ribas A, Wolchok JD (2018) Cancer immunotherapy using checkpoint
blockade. Science 359(6382): 1350-1355.

3. Jennifer CF (2013) Breakthrough of the year 2013. Cancer
immunotherapy. Science 342(6165): 1432-1433.

4. Waldman AD, Fritz JM, Lenardo M] (2020) A guide to cancer
immunotherapy: From T cell basic science to clinical practice. Nat Rev
Immunol 20(11): 651-668.

5. Vinay SP, Aspeslagh S, Lanoy E, Robert C, Marabelle A, et al. (2016)
Challenges of phase 1 clinical trials evaluating immune checkpoint-
targeted antibodies. Ann Oncol 27(2): 214-224.

6. Yan ], Sherwin KBS (2024) Utility and impact of quantitative
pharmacology on dose selection and clinical development of immuno-
oncology therapy. Cancer Chemother Pharmacol 93(4): 273-293.

7. Topalian SL, Weiner GJ, Pardoll DM (2011) Cancer immunotherapy
comes of age. ] Clin Oncol 29(36): 4828-4836.

8. Wolchok]D, Axel H, Steven OD, Weber JS, Lebbé C, et al. (2009) Guidelines
for the evaluation of immune therapy activity in solid tumors: Immune-
related response criteria. Clin Cancer Res 15(23): 7412-7420.

9. HodiFS,LyonsB, Smith D, GreegF,Chen DS, etal. (2018) Immune-modified
response evaluation criteria in solid tumors (imRECIST): Refining
guidelines to assess the clinical benefit of cancer immunotherapy. ] Clin
Oncol 36(9): 850-858.

10. Nishino M, Anita GH, Maria G, Suda M, Hodi FS, et al. (2013) Developing
a common language for tumor response to immunotherapy: Immune-
related response criteria using unidimensional measurements. Clin
Cancer Res 19(14): 3936-3943.

11. Galon ], Anne C, Fatima SC, Amos K, Wind P, et al. (2006) Type, density,
and location of immune cells within human colorectal tumors predict
clinical outcome. Science 313(5795): 1960-1964.

12. Zuiverloon TC, Vékony H, Wim JK, Chris HB, Ellen CZ, etal. (2012) Markers
predicting response to bacillus calmette-guérin immunotherapy in high-

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

risk bladder cancer patients: A systematic review. Eur Urol 61(1): 128-
145.

Pardoll DM (2012) The blockade of immune checkpoints in cancer
immunotherapy. Nat Rev Cancer 12(4): 252-264.

Martins I (2016) Anti-aging genes improve appetite regulation and
reverse cell senescence and apoptosis in global populations. Advances
in Aging Research 5(1): 9-26.

Martins IJ (2017) Single gene inactivation with implications to diabetes
and multiple organ dysfunction syndrome. Journal of Clinical Epigenetics
3(3):1-8.

Martins IJ, (2018) Sirtuin 1, a diagnostic protein marker and its relevance
to chronic disease and therapeutic drug interventions. EC Pharmacology
and Toxicology 6(4): 209-215.

Jiang L, Yin Z, Yuan Y, Fangrong Y (2024) MC-keyboard: A practical phase
I trial design for targeted therapies and immunotherapies integrating
multiple-grade toxicities. ] Immunother Precis Oncol 7(3): 159-167.

Yan F, Mandrekar SJ, Yuan Y (2017) Keyboard: A novel bayesian toxicity
probability interval design for phase I Clinical Trials. Clin Cancer Res
23(15): 3994-4003.

Lin R, Coleman RL, Yuan Y (2020) TOP: Time-to-event bayesian optimal
phase II trial design for cancer immunotherapy. ] Natl Cancer Inst
112(1): 38-45.

Guo B, Zang Y (2020) BILITE: A Bayesian randomized phase II design for
immunotherapy by jointly modelling the longitudinal immune response
and time-to-event efficacy. Stat Med 39(29): 4439-4451.

Cox D (1972) Regression models and life-tables. Journal of the Royal
Statistical Society: Series B (Methodological) 34(2): 187-202.

Lin R, Zhou Y, Yan F, Daniel L, Ying Y (2020) BOIN12: Bayesian optimal
interval phase I/II trial design for utility-based dose finding in
immunotherapy and targeted therapies. JCO Precis Oncol 4:

Han Y, Liu H, Cao S, Zhang C, Yong Z (2021) TSNP: A two-stage
nonparametric phase I/II clinical trial design for immunotherapy.
Pharm Stat 20(2): 282-296.

Zhang Y, Guo B, Cao S, Zhang C, Yong Z (2022) SCI: A Bayesian adaptive
phase I/l dose-finding design accounting for semi-competing risks
outcomes for immunotherapy trials. Pharm Stat 21(5): 960-973.

Liu S, Guo B, Yuan Y (2018) A bayesian phase I/II trial design for
immunotherapy. ] Am Stat Assoc 113(523): 1016-1027.

Guo B, Li D, Yuan Y (2018) SPIRIT: A seamless phase I/Il randomized
design for immunotherapy trials. Pharm Stat 17(5): 527-540.

Topalian SL, Hodi FS, Julie RB, David CS, John DP, et al. (2012) Safety,
activity, and immune correlates of anti-PD-1 antibody in cancer. N Engl ]
Med 366(26): 2443-2454.

Mahoney KM, Atkins MB (2014) Prognostic and predictive markers for
the new immunotherapies. Oncology (Williston Park) 28(Suppl 3): 39-
48.

Borghaei H, Luis PA, Horn L, Martin S, Hervé L, et al. (2015) Nivolumab
versus Docetaxel in Advanced Nonsquamous Non-small-cell lung cancer.
N Engl ] Med 373(17): 1627-1639.

Garon EB, Rizvi NA, Eder JP, Lee JS, Jin Z, et al. (2015) Pembrolizumab
for the treatment of non-small-cell lung cancer. N Engl ] Med 372(21):
2018-2028.

Larkin ], Jean JG, Cowey CL, John W, Hill A, et al. (2015) Combined
nivolumab and ipilimumab or monotherapy in untreated melanoma. N
Engl ] Med 373(1): 23-34.

Aguiar PN, Lopes IS, Hakaru T, Lima GL, Mello RA, et al. (2016) The role
of PD-L1 expression as a predictive biomarker in advanced non-small-
cell lung cancer: A network meta-analysis. Immunotherapy 8(4): 479-
488.

Open Acc Biostat Bioinform

Copyright © Beibei Guo


https://pubmed.ncbi.nlm.nih.gov/25838373/
https://pubmed.ncbi.nlm.nih.gov/25838373/
https://pubmed.ncbi.nlm.nih.gov/29567705/
https://pubmed.ncbi.nlm.nih.gov/29567705/
https://pubmed.ncbi.nlm.nih.gov/24357284/
https://pubmed.ncbi.nlm.nih.gov/24357284/
https://pubmed.ncbi.nlm.nih.gov/32433532/
https://pubmed.ncbi.nlm.nih.gov/32433532/
https://pubmed.ncbi.nlm.nih.gov/32433532/
https://pubmed.ncbi.nlm.nih.gov/26578728/
https://pubmed.ncbi.nlm.nih.gov/26578728/
https://pubmed.ncbi.nlm.nih.gov/26578728/
https://pubmed.ncbi.nlm.nih.gov/38430307/
https://pubmed.ncbi.nlm.nih.gov/38430307/
https://pubmed.ncbi.nlm.nih.gov/38430307/
https://pubmed.ncbi.nlm.nih.gov/22042955/
https://pubmed.ncbi.nlm.nih.gov/22042955/
https://pubmed.ncbi.nlm.nih.gov/19934295/
https://pubmed.ncbi.nlm.nih.gov/19934295/
https://pubmed.ncbi.nlm.nih.gov/19934295/
https://pubmed.ncbi.nlm.nih.gov/29341833/
https://pubmed.ncbi.nlm.nih.gov/29341833/
https://pubmed.ncbi.nlm.nih.gov/29341833/
https://pubmed.ncbi.nlm.nih.gov/29341833/
https://pubmed.ncbi.nlm.nih.gov/23743568/
https://pubmed.ncbi.nlm.nih.gov/23743568/
https://pubmed.ncbi.nlm.nih.gov/23743568/
https://pubmed.ncbi.nlm.nih.gov/23743568/
https://pubmed.ncbi.nlm.nih.gov/17008531/
https://pubmed.ncbi.nlm.nih.gov/17008531/
https://pubmed.ncbi.nlm.nih.gov/17008531/
https://pubmed.ncbi.nlm.nih.gov/22000498/
https://pubmed.ncbi.nlm.nih.gov/22000498/
https://pubmed.ncbi.nlm.nih.gov/22000498/
https://pubmed.ncbi.nlm.nih.gov/22000498/
https://pubmed.ncbi.nlm.nih.gov/22437870/
https://pubmed.ncbi.nlm.nih.gov/22437870/
https://ro.ecu.edu.au/ecuworkspost2013/2646/
https://ro.ecu.edu.au/ecuworkspost2013/2646/
https://ro.ecu.edu.au/ecuworkspost2013/2646/
https://www.primescholars.com/articles/single-gene-93428.html
https://www.primescholars.com/articles/single-gene-93428.html
https://www.primescholars.com/articles/single-gene-93428.html
https://ecronicon.net/assets/ecpt/pdf/ECPT-06-00155.pdf
https://ecronicon.net/assets/ecpt/pdf/ECPT-06-00155.pdf
https://ecronicon.net/assets/ecpt/pdf/ECPT-06-00155.pdf
https://pubmed.ncbi.nlm.nih.gov/39219992/
https://pubmed.ncbi.nlm.nih.gov/39219992/
https://pubmed.ncbi.nlm.nih.gov/39219992/
https://pubmed.ncbi.nlm.nih.gov/28546227/
https://pubmed.ncbi.nlm.nih.gov/28546227/
https://pubmed.ncbi.nlm.nih.gov/28546227/
https://pubmed.ncbi.nlm.nih.gov/30924863/
https://pubmed.ncbi.nlm.nih.gov/30924863/
https://pubmed.ncbi.nlm.nih.gov/30924863/
https://pubmed.ncbi.nlm.nih.gov/32854145/
https://pubmed.ncbi.nlm.nih.gov/32854145/
https://pubmed.ncbi.nlm.nih.gov/32854145/
https://rss.onlinelibrary.wiley.com/doi/10.1111/j.2517-6161.1972.tb00899.x
https://rss.onlinelibrary.wiley.com/doi/10.1111/j.2517-6161.1972.tb00899.x
https://pubmed.ncbi.nlm.nih.gov/33283133/
https://pubmed.ncbi.nlm.nih.gov/33283133/
https://pubmed.ncbi.nlm.nih.gov/33283133/
https://pubmed.ncbi.nlm.nih.gov/33025762/
https://pubmed.ncbi.nlm.nih.gov/33025762/
https://pubmed.ncbi.nlm.nih.gov/33025762/
https://pubmed.ncbi.nlm.nih.gov/35332674/
https://pubmed.ncbi.nlm.nih.gov/35332674/
https://pubmed.ncbi.nlm.nih.gov/35332674/
https://pubmed.ncbi.nlm.nih.gov/31741544/
https://pubmed.ncbi.nlm.nih.gov/31741544/
https://pubmed.ncbi.nlm.nih.gov/29882388/
https://pubmed.ncbi.nlm.nih.gov/29882388/
https://pubmed.ncbi.nlm.nih.gov/22658127/
https://pubmed.ncbi.nlm.nih.gov/22658127/
https://pubmed.ncbi.nlm.nih.gov/22658127/
https://pubmed.ncbi.nlm.nih.gov/25384886/
https://pubmed.ncbi.nlm.nih.gov/25384886/
https://pubmed.ncbi.nlm.nih.gov/25384886/
https://pubmed.ncbi.nlm.nih.gov/26412456/
https://pubmed.ncbi.nlm.nih.gov/26412456/
https://pubmed.ncbi.nlm.nih.gov/26412456/
https://pubmed.ncbi.nlm.nih.gov/25891174/
https://pubmed.ncbi.nlm.nih.gov/25891174/
https://pubmed.ncbi.nlm.nih.gov/25891174/
https://pubmed.ncbi.nlm.nih.gov/26027431/
https://pubmed.ncbi.nlm.nih.gov/26027431/
https://pubmed.ncbi.nlm.nih.gov/26027431/
https://pubmed.ncbi.nlm.nih.gov/26973128/
https://pubmed.ncbi.nlm.nih.gov/26973128/
https://pubmed.ncbi.nlm.nih.gov/26973128/
https://pubmed.ncbi.nlm.nih.gov/26973128/

0ABB.000579.4(1).2025

33.

34.

35.

36.

37.

38.

Guo B, Zang Y (2022) BIPSE: A biomarker-based phase 1/1I design for
immunotherapy trials with progression-free survival endpoint. Stat Med
41(7): 1205-1224.

Guo B, Zang Y (2022) A Bayesian phase I/Il biomarker-based design
for identifying subgroup-specific optimal dose for immunotherapy. Stat
Methods Med Res 31(6): 1104-1119.

Guo B, Zang Y, Lin LH, Rui Z (2023) A Bayesian phase I/II design
to determine subgroup-specific optimal dose for immunotherapy
sequentially combined with radiotherapy. Pharm Stat 22(1): 143-161.

Lin LH, Yan H, Rui Z, Guo B (2023) Biomarker-based precision dose
finding for immunotherapy combined with radiotherapy. Biom ] 65(7):
€2200246.

Jiang L, Li R, Yan F Timothy AY, Yuan Y (2021) Shotgun: A bayesian
seamless phase I-II design to accelerate the development of targeted
therapies and immunotherapy. Contemp Clin Trials 104: 106338.

Chen X, Zhan J, Liyun ], Yan F (2023) Shotgun-2: A bayesian phase 1/
II basket trial design to identify indication-specific optimal biological
doses. Stat Methods Med Res 32(3): 443-464.

40.

41.

42.

43.

. Mandrekar SJ, Sargent DJ (2009) Clinical trial designs for predictive

biomarker validation: Theoretical considerations
challenges. ] Clin Oncol 27(24): 4027-4034.

and practical

Freidlin B, Shane LM, Korn EL (2010) Randomized clinical trials with
biomarkers: Design issues. ] Natl Cancer Inst 102(3): 152-160.

Sargent DJ, Conley BA, Allegra C, Collette L (2005) Clinical trial designs
for predictive marker validation in cancer treatment trials. ] Clin Oncol
23(9): 2020-2027.

Zang Y, Liu S, Yuan Y (2016) Optimal marker-strategy clinical trial design
to detect predictive markers for targeted therapy. Biostatistics 17(3):
549-560.

Han Y, Yuan Y, Cao S, Li M, Zang Y (2020) On the use of marker strategy
design to detect predictive marker effect in cancer immunotherapy and
targeted therapy. Statistics in Biosciences 12: 180-195.

Open Acc Biostat Bioinform

Copyright © Beibei Guo


https://pubmed.ncbi.nlm.nih.gov/34821409/
https://pubmed.ncbi.nlm.nih.gov/34821409/
https://pubmed.ncbi.nlm.nih.gov/34821409/
https://pubmed.ncbi.nlm.nih.gov/35191780/
https://pubmed.ncbi.nlm.nih.gov/35191780/
https://pubmed.ncbi.nlm.nih.gov/35191780/
https://pubmed.ncbi.nlm.nih.gov/36161762/
https://pubmed.ncbi.nlm.nih.gov/36161762/
https://pubmed.ncbi.nlm.nih.gov/36161762/
https://pubmed.ncbi.nlm.nih.gov/37212398/
https://pubmed.ncbi.nlm.nih.gov/37212398/
https://pubmed.ncbi.nlm.nih.gov/37212398/
https://pubmed.ncbi.nlm.nih.gov/33711459/
https://pubmed.ncbi.nlm.nih.gov/33711459/
https://pubmed.ncbi.nlm.nih.gov/33711459/
https://pubmed.ncbi.nlm.nih.gov/36217826/
https://pubmed.ncbi.nlm.nih.gov/36217826/
https://pubmed.ncbi.nlm.nih.gov/36217826/
https://pubmed.ncbi.nlm.nih.gov/19597023/
https://pubmed.ncbi.nlm.nih.gov/19597023/
https://pubmed.ncbi.nlm.nih.gov/19597023/
https://pubmed.ncbi.nlm.nih.gov/20075367/
https://pubmed.ncbi.nlm.nih.gov/20075367/
https://pubmed.ncbi.nlm.nih.gov/15774793/
https://pubmed.ncbi.nlm.nih.gov/15774793/
https://pubmed.ncbi.nlm.nih.gov/15774793/
https://pubmed.ncbi.nlm.nih.gov/26951724/
https://pubmed.ncbi.nlm.nih.gov/26951724/
https://pubmed.ncbi.nlm.nih.gov/26951724/
https://link.springer.com/article/10.1007/s12561-019-09255-1
https://link.springer.com/article/10.1007/s12561-019-09255-1
https://link.springer.com/article/10.1007/s12561-019-09255-1

	Abstract
	References

