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Abstract: Precision medicine is revolutionizing health care, particularly by addressing patient variabil-
ity due to different biological profiles. As traditional treatments may not always be appropriate for
certain patient subsets, the rise of biomarker-stratified clinical trials has driven the need for innova-
tive methods. We introduced a Bayesian sequential scheme to evaluate therapeutic interventions in
an intensive care unit setting, focusing on complex endpoints characterized by an excess of zeros and
right truncation. By using a zero-inflated truncated Poisson model, we efficiently addressed this data
complexity. The posterior distribution of rankings and the surface under the cumulative ranking curve
(SUCRA) approach provided a comprehensive ranking of the subgroups studied. Different subsets
of subgroups were evaluated depending on the availability of biomarker data. Interim analyses,
accounting for early stopping for efficacy, were an integral aspect of our design. The simulation study
demonstrated a high proportion of correct identification of the subgroup which is the most predictive
of the treatment effect, as well as satisfactory false positive and true positive rates. As the role of
personalized medicine grows, especially in the intensive care setting, it is critical to have designs
that can manage complicated endpoints and that can control for decision error. Our method seems
promising in this challenging context.

Keywords: personalized medicine; biomarkers; Bayesian inference; identification of subset

1. Introduction

The main aim of controlled clinical trials is to evaluate the efficacy of an experimental
treatment over a control. However, there has been a growing interest in precision medicine,
a new paradigm motivated by the possibility that patient responses to a particular treat-
ment are heterogeneous, which may be due to patient biological profiles [1]. Even though
the one-size-fits-all strategy helps establish a new standard of care for the general popu-
lation, the identified treatment might not be the best option for some subsets of patients.
Several statistical methods and clinical trial designs have been proposed to democratize the
precision medicine approach, including biomarker-stratified clinical trial designs [2-5], as
reviewed by Simon [6]. Optimal individualized treatment rules built on biomarker further
aim to identify a subgroup of patients who benefit from the experimental treatment and
aid in determining personalized treatment decisions [7-11]. Likewise, fixed or adaptive
enrichment designs use biomarkers to restrict enrollment to patients who are expected to
benefit more from the experimental treatment than the control, which magnifies the signal
and improves the power to detect the treatment effect [12-16].

Researchers have recently proposed frequentist approaches to identifying subgroups
of interest. Lipkovich et al. [17] developed a frequentist nonparametric recursive parti-
tioning method to analyze subgroup treatment effects. Another nonparametric method,
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random forests of interaction trees (RFIT), was proposed by Su et al. [18] to estimate sub-
group treatment effects. Additionally, Foster et al. [19] created the virtual twins” method,
and Altstein et al. [20] suggested a new computational method for parameter estimation
of an accelerated failure time (AFT) model with subgroups identified by a latent variable.
Bayesian designs have potential benefits over frequentist designs for prospective person-
alized randomized controlled trials (RCTs) since they naturally extend from simple [21]
to more complex but efficient models [22] while being highly flexible and thus facilitating
early decision-making via planned or unplanned interim analyses [23]. Bayesian inference
also provides the probability that a treatment is the best for a particular subgroup [24];
such probabilistic statements have a straightforward interpretation and are thus friendly
to scientific researchers with some statistical background. Bayesian adaptive designs are
naturally highly flexible and allow for direct probability computations at any trial point
while accounting for the uncertainty in the parameters of interest. Another advantage of
Bayesian analyses is the integration of prior knowledge about the treatment effect in each
subgroup. Finally, Bayesian adaptive designs can illustrate the effectiveness of a treatment
in the overall population or subpopulations with higher power when compared to that of
a fixed design of the same size [25].

This research focuses on a prospective study design aiming at defining which patient
subgroup benefits from the treatment among several subsets that have already been identi-
fied. Most proposed approaches used a binary or a continuous outcome measure, while
we focused on counting data with inflated zeros. Such data are frequently used in critical
care clinical studies of days without organ failure, including vasopressors or mechanical
ventilation [26-28]. They are commonly reported composite outcome measures in ran-
domized clinical trials conducted in intensive care patients, as ways of quantifying their
survival while accounting to their severity status, by defining “failure-free day” composite
outcomes. These outcomes are often used as primary or secondary outcomes in RCTs
or observational studies of critically ill patients, such as patients with sepsis shock [26]
or COVID-19 [29]. For instance, the vasopressor-free days in sepsis patients combines
survival and duration of vasopressors in a manner that summarizes the “net effect” of the
treatment on these two outcomes. Their values are usually nonnegative and have excessive
zeros and dispersion. Indeed, an excess of zero event-free days is usually observed due
to the high proportion of deaths in intensive care units (ICUs). In fact, a usual practice
in ICU studies is to assign zero to the count response outcome when the patient died
before a follow-up is completed [27]. Several statistical models have been proposed for
analysis to address these challenges, including zero-inflated models [30], two-part models,
and beta-binomial models [31]. A data truncation over the 28 first days is often performed,
due to the common length of stay in ICU of those patients, which should be further handled
using a Zero-Inflated Truncated model.

We developed a Bayesian sequential clinical trial design that evaluates the therapeutic
intervention and identifies the subset of patients who respond better to the experimental
therapy based on the surface under the cumulative ranking curve (SUCRA) method [32].
Although this method has been developed for network meta-analyses in order to rank
different drugs based on their estimated effects, it is useful for ranking subgroups of patients
in our context and thus for identifying the best responding and predictive subgroup of
interest. In each subpopulation and overall, the count outcome was modeled by a Bayesian
zero-inflated truncated Poisson model. The SUCRA method was then applied to the
posterior ranking distribution of subgroups according to their treatment effect.

The rest of this paper is organized as follows. In Section 2, we describe a motivating
trial for intensive care units and propose a design structure, probability model, and methods
to identify subsets in which the treatment is most effective. In Sections 3 and 4, we evaluate
the operating characteristics of the proposed design by using simulation studies. We
provide a discussion and conclusion in Sections 5 and 6.
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2. Method
2.1. Motivating Example

Rapid recognition of corticosteroid resistance or sensitive sepsis (RECORDS) is an ongoing
phase III trial study that started in February 2020 and should be completed by October
2024 (NCTO04280497) [33]. This is a multicenter pragmatic double-blinded randomized
controlled trial with broad eligibility criteria that include all patients admitted to the ICU
with a primary diagnosis of sepsis. Patients are randomly assigned to hydrocortisone with
the addition of fludrocortisone or placebo for seven days, targeting 1800 patients with
complete follow-ups up to six months.

A sequential design was used that evaluates the therapeutic intervention of targeted
therapy and identifies among several predefined subsets those responding the best to the
experimental therapy. Sequential analyses use the number of vasopressor-free days out of
28 days as the measure of efficacy and the occurrence of severe adverse events within the
first 28 days as the measure of toxicity.

2.2. Design Structure

Motivated by the RECORDS study, we considered a group sequential clinical trial with
K analyses. Patients are individually randomized to experimental or control treatments.
Our design sequentially enrolls a maximum of N patients by cohorts of size ny, ..., ng with

N =Yg
L—1 M-
Let us consider a set of m biomarkers of interest that may or may not be measured for
each patient at study entry. For patient i, X,,; = [0,1, NA] is the measurement of biomarker

m, where 0 and 1 denote the absence and presence of the characteristic m, respectively,
whereas NA denotes a missing value. The biomarker, denoted as X, divides the sample
into two subgroups of patients. These subgroups can overlap, as a patient may have multi-
ple biomarkers measured. To define subsets of patients based on biomarker measurements,
we can partition the set of all enrolled patients () into | partitions. Let S; denote the subset
of patients corresponding to a specific combination of biomarker values, and it may contain
patients for whom some were not measured. We have | = 3" — 1 possible partitions, each
corresponding to a distinct combination of biomarker values, and the partition correspond-
ing to none of the biomarkers being measured is empty. By analyzing treatment effects for
each subset separately, we can investigate whether treatment efficacy varies across patient
subgroups based on the available biomarker measurements.

The trial begins by enrolling patients, whichever their subset, up to the interim sample
size of ny patients randomly allocated to experimental or control treatments with equal
probabilities. For each interim analysis k = 1,...,K — 1, performed when 7, patients
have been enrolled and their outcomes are available, the superiority of the experimental
treatment against the control is evaluated marginally, and for each subset, by using all
accumulated data. The subsets are then ranked from the one benefiting the most from the
experimental treatment to the one for which it is the least likely to be efficient. If there is
some evidence that the experiment is superior to control for the global trial population,
the trial is terminated with the conclusion of the benefit of experimental treatment in the
whole population. Otherwise, if the maximum sample size N is not reached, the next cohort
of patients 1y is recruited. If the trial is not stopped early at an interim analysis, a final
analysis is performed with the maximum sample size N when the last patient outcome has
been evaluated.

2.3. Probability Model

For each patient i, let Y; be the number of event-free days out of G. Thus, the outcome is
continuous with an upper bound of G and depends on the biomarker statuses, the treatment,
and the interaction between the treatment and the biomarker profiles.

We modeled the outcome distribution, Y;, 0 < Y; < G, by using the zero-inflated
truncated Poisson (ZITP) regression model proposed by Tsai and Lin [34], with G as the
truncation parameter, where G > 0. The ZITP model assumes that two processes generate
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the count data. The first process is the truncated Poisson distribution, and the second is
a process that generates the excess zeros, that is, responses of zeros that cannot be explained
by the truncated Poisson distribution, with a zero-inflation rate ¢;. The ZITP model derived
from the zero-inflated Poisson (ZIP) regression model described by Lambert [30] can be
written as follows:

Y; ~1‘i‘fle§ P(Y; =y Ais i) = ¢ilpoy (vi) + (1 —¢i) f(vi)
_ { ¢i+(1—¢:1)f(0) ,yi=0 @
(1—¢i)f(vi) vi € [1,G]
where f is the truncated Poisson density:
AN & ARy 1
flyi) = (j,) (Z; ;) L,y (i), 2

with A;, the mean of the standard Poisson distribution, which can be modeled as a linear
combination of the covariates:

m m
log(A;) = o+ ), Bx; Xji + prTi + ) Binter, XjiTi 3)
i=1 =1

where By is the baseline log number of event-free days, X; is the vector of m biomarkers, T;
is the treatment indicator, with Bx, Br, their associated vector of coefficients, respectively,
and Bjyz.r represents the interactions between the treatment and the biomarkers.

The probability that the outcome of patient i is generated by the excess zero mecha-
nism ¢; is assumed to be independent of the treatment, the biomarker statuses, and their
interactions (that s, ¢; = ¢), although one can model it according to some chosen covariates.
Thus, the zero-inflation rate ¢ was defined from a logistic regression model as follows:

logit<1 f ¢> =7 (4)

Here, ¢ is the baseline log odds of excess zeros.

2.4. Decisions Rules

Early stopping rules can be incorporated based on the probability of relevant clinical
events (e.g., [35]), for instance, if there is sufficient information to declare that one treatment
is more efficacious than the other. Let At be the ZITP A parameters estimated from the
whole sample in the treatment arm T, where T = 1 denotes the experimental arm and
T = 0 denotes the control arm. For such estimations, we placed ourselves in a Bayesian
framework, using noninformative priors with large variances to let most of the information
arise from the data. This further allowed us to define probabilistic statements regarding
treatment effects overall and in subsets from which stopping rules were derived. We
considered the efficacy stopping rule from Thall and Simon [35], thus stopping the trial
for efficacy if there is enough evidence of a meaningful difference in efficacy in favor of
the experimental treatment, based on the posterior probability Pr(Ar—; — Ar—g > é|Data).
The clinically relevant threshold § and the decision threshold e were optimized based
on a desired false-positive rate close to 5-10% through a grid search with the maximum
sample size.

Action triggers for decision-making were derived from Harrell [36], Ohwada [37],
and Morita [38]:

e If Pr(Ar—1 — Ar—o > 6|Data) > e, the experimental treatment is reported to be
superior and stop the trial.
e  If the trial has not yet reached its maximum sample size, it continues.
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3. Simulation Study

The statistical performances of the proposed design were evaluated through a series
of simulations.

3.1. Data Generation

Our simulations involved a maximum of 1800 patients, equally randomized to receive
either the control or the experimental treatment denoted as T; = {0,1}, where T; = 1
denotes the experimental group.

We considered two binary biomarkers, x; and x,, which take the value 0 (negative) or
1 (positive) and are independently generated from a Bernoulli distribution B(0.5). To em-
ulate real-world scenarios in clinical trials where not all biomarkers are always measured,
we introduced a missing data mechanism that is missing completely at random (MCAR).
Specifically, we randomly distinguished three equal-sized groups (terciles), one group with
both x; and x, measured, a second group with only x; measured, and a third group with only
x measured. This approach allowed us to create a realistic dataset reflecting the different
scenarios of biomarker measurements in clinical trials. Given the different possible states of
the biomarkers (positive, negative, or missing) and considering that at least one biomarker is
measured in each individual, the study population may be divided into 3> — 1 = 8 different
subsets based on the x; and x, values, allowing a detailed analysis of the different patient
subgroups. These subsets were further categorized into “unmissed” and “missed” groups
to enhance the analysis. The “unmissed” groups represent the four combinations of the
biomarkers when both are measured (i.e., ++, +—, —+ and ——), while the “missed” groups
refer to the four scenarios where only one biomarker is measured (i.e., +?, —?, ?+, and ?—).

Responses Y; were generated from a zero-inflated truncated Poisson model. To this
end, for each patient i, we first generated a random variable W; from a traditional Poisson
(A;) distribution. Then, let R; be a random variable following a truncated Poisson distri-
bution with an upper bound G computed for each patient as R; = min{W;, G}. For each
patient i, W; was generated from a Poisson distribution with parameter A; computed with
Equation (5). Finally, to mimic zero inflation in the motivating example data, we generated
a proportion ¢ of zero inflation with an auxiliary random variable U; ~ Uniform [0, 1]. If
O<U;<¢, thenY; =0;if ¢ <U; <1, then Y; = R;. ¢ was fixed at 30% for all scenarios,
as observed in previous studies in sepsis [39].

log (A, x1, X2i, Ti) = Bo + B1x1i + B2x2i + BrTi + Binter, Tix1i + Binter, Tixai 5)

with B1 and By, being set to 0 if xq is missing and B, and B¢, being set to 0 if x;
is missing.

3.2. Data Analysis

One interim analysis was planned to occur when the 500th patient outcome was
recorded, with the final analysis performed after the last patient was enrolled and their
outcome was measured.

For each analysis, we considered only individuals with non-missing biomarker data,
either both x; and x,, only x; and only x, separately. Zero-inflated Truncated Poisson models
were fitted. In the case of all the patients having measurements of both biomarkers, the model
included both x1 and x; as well as the interaction term. In the case of missing data on either
biomarker, two situations were considered: either estimating the treatment effect in patients
with measures of x1, then of xy, separately, or estimating the treatment effect once in the subset
of patients with both measures of x1 and x;. In each of these three analyses, the difference in
the treatment effect was estimated, based on a Bayesian approach, with noninformative normal
priors with mean 0 and large standard deviation (10*) for all regression coefficients. Posterior
distributions were computed by using a Markov chain Monte Carlo (MCMC) sampling
method. Three chains were implemented, with an initial burn-in of 10,000 samples followed
by an additional 30,000 samples retained for computing posterior distributions.
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Following on, the overall treatment effect was derived by computing a weighted
average of these three estimates, weighted by the observed prevalence of each case. The
stopping rule described above was then computed at the interim analysis.

Last, at the time of decision to stop (either at the time of interim analysis if the
stopping rule was fulfilled or at the time of terminal analysis), we applied the surface
under the cumulative ranking curve (SUCRA) approach, proposed by Salanti et al. [32].
It is a Bayesian approach that ranks treatment groups from a network meta-analysis
based on their estimated measure of efficacy. Instead of ranking treatments, we applied
SUCRA to rank the subgroups defined by their biomarker values based on their predictive
treatment effects.

We first considered all patients by ranking the subsets according to each biomarker
x1 or xp separately (whichever the other was measured or not). Next, we only considered
the complete subset of patients who had both measurements (that is, one-third of the
whole sample).

3.3. Scenarios

We assessed the performance of the design under several distinct scenarios. These
scenarios were chosen to represent a range of potential real-world situations, from no
association between the biomarker and outcome to complex interactions, as described
in Table 1.

Table 1. Simulation scenarios: True model parameters.

Scenario ﬂO ,31 ,32 ﬁT ﬁinten ,Binterz
1: Null 260 000 0.00 014 0.00 0.00
2: Prognostic effect 260 020 0.00 014 0.00 0.00
3: Predictive effect 260 000 0.00 014 0.00 0.10
4: Both prognostic and predictive effect 260 010 010 0.14 0.05 0.10

5: Qualitative and quantitative interactions 260 010 0.15 014 -0.25 0.05
6: Qualitative and quantitative interactionsII 2.60 0.10 0.15 020 —0.25 0.05

Scenario 1 represents the null scenario with no prognostic value of biomarker and
no treatment-by-subset interaction. Scenario 2 indicates a prognostic value of biomarker
x1 (B1 # 0). Scenario 3 demonstrates a predictive value of biomarker x2 (Bjuter, 7 0). In
Scenario 4, both biomarkers, x; and x;, show similar prognostic values and significant
interactions with the treatment. This suggests that the treatment is more effective in patients
with positivity for either biomarker x; or biomarker x;, as indicated by nonzero coefficients
(ﬁinterz 7& 0and ,Binterl 7é 0).

In scenario 5, both biomarkers have prognostic values, with a clear qualitative treatment-
by-subset interaction observed for biomarkers x;: Treatment proves detrimental for patients
testing positive for biomarkers x; but proves beneficial for those testing negative. A quan-
titative treatment-by-subset interaction is observed for biomarkers x> (Biuter, > 0 and
Binter, > 0). Comparatively, scenario 6 mirrors the conditions and outcomes observed in
scenario 5 but shows an increased treatment effect.

3.4. Outputs

In the study, we investigated the operating characteristics of the design in each trial
through 1000 independent replications. The clinically relevant threshold § was set at
a difference of 2 days without vasopressors out of 28 days. To control the false-positive
rate (that is, the proportion of simulations concluding in efficacy under the null Scenario 1)
between 5% and 10%, the decision threshold € was set to 0.995 after a grid search.

Among the 1000 replications, to consider the performances of the proposed approach
as satisfactory, we computed the false positive rate and the true positive rate related to
treatment effect, regardless of the biomarker statuses under the null scenario or alternative,
respectively. We first considered the correct decisions regarding the treatment effect in
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the whole sample, as measured by the type I error of the test (defined as the rate of false
positive conclusions to a treatment effect under the null) and the power (defined as the rate
of true positive decisions of a treatment effect under the alternative). We then considered
the availability of the design to detect the subset of patients (as defined by their biomarker
values) who benefit the best from the treatment. This was measured on the proportion of
correct identification of the most predictive biomarker subset. We also reported the early
stopping rate with a conclusion of treatment efficacy and the average sample size. Following
that, based on the SUCRA obtained from each sample, we computed the distribution of
ranks of each subset.

Sensitivity analyses were finally conducted to assess the robustness of the approach
regarding the prevalence of x, positivity (while that of x; was set to 0.5). Five prevalence
rates for the positivity of the biomarker x, (0.2, 0.4, 0.5, 0.6, 0.8) were used in those patients
with available measurements of x».

All analyses were performed by using R version 4.0.1 [40]. The R2jags package was
used for MCMC [41]. All codes are available upon request.

4. Results

Table 2 reports the results of the approach regarding the overall treatment effect at
the time of treatment stopping in the different scenarios, for varying values of biomarker
positivity x;.

Table 2. Operating characteristics of the design.

Prevalence of Average False/True Early
Positive x; Sample Size Positive Rate Stopping Rate

Scenario 1: 02 1754 0.066 0.035

No prognostic and 0.4 1738 0.082 0.048

predictive value of 0.5 1728 0.088 0.055

biomarker 0.6 1734 0.096 0.051

0.8 1730 0.087 0.054

Scenario 2: 0.2 1692 0.212 0.083

Only prognostic 04 1687 0.206 0.087

value of 0.5 1686 0.204 0.088

biomarker x; 0.6 1676 0.206 0.095

0.8 1690 0.183 0.085

Scenario 3: 0.2 1579 0.437 0.172

Only predictive 0.4 1384 0.693 0.328

value of 0.5 1176 0.862 0.485

biomarker x, 0.6 1072 0.989 0.561

0.8 734 0.999 0.824

Scenario 4: 0.2 1237 0.888 0.433

Prognostic value of both 0.4 932 0.994 0.668

and quantitative 0.5 774 0.998 0.789

interaction with x; and x, 0.6 669 0.999 0.870

0.8 551 1.000 0.961

Scenario 5: 0.2 1799 0.001 0.001

Qualitative and 04 1800 0.000 0.000

quantitative interaction 82 1288 8888 8888
i h bi k : . .

in both biomarker 08 1799 0.001 0,001

Scenario 6: 02 1786 0.015 0.011

Qualitative and 0.4 1771 0.047 0.022

quantitative interaction 0.5 1738 0.088 0.048

0.6 1701 0.147 0.076

. h bi I
in both biomarker 0.8 1622 0.334 0.137
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In null scenario 1, regardless of the prevalence of the positive biomarker x;, the false-
positive rate was below 10% with an average sample size of approximately 1730 patients
and an early stopping rate of approximately 5%, as expected. In scenario 2, the true positive
rate increased to approximately 20% regardless of the prevalence of the positive biomarker
x2. Indeed, the true positive rate did not vary between the different prevalence of the
positive biomarker x; as there is only an effect of the positive biomarker x; and therefore
had no impact on the results.

In both scenarios 3 and 4, the true positive rate was affected by the prevalence of
biomarkers x;. In scenario 3, due to the significant predictive power of the x, biomarker,
the true positive rate increased from 0.437 to 0.999 as the prevalence of this biomarker
increased from 0.2 to 0.8, respectively. In scenario 4, even at a lower prevalence of 0.2 of
X2, the true positive rate was remarkably high at 0.888, underscoring the combined power
of both prognostic and predictive effects in determining outcomes. The average sample
size decreased over time in these scenarios, which is consistent with the increased early
discontinuation rate.

In Scenario 5, due to a pronounced qualitative interaction against biomarker x;, it
consistently pushes the overall treatment effect below the predetermined clinical threshold
of 2. This effectively suppresses the potential positive effect of treatment across varying
prevalence of biomarkers xp. Consequently, regardless of the prevalence dynamics of
biomarkers x,, the true positive rate remains stubbornly close to zero, suggesting that the
treatment effect is significantly influenced by the negative interaction with biomarkers x;.

In scenario 6, an increase in the prevalence of biomarker x, leads to a rise in the true
positive rate, shifting from 0.015 to 0.334 with a prevalence of 0.2 and 0.8, respectively.
This was parallel to a growth in the early stopping rate, ranging from 0.011 to 0.137,
indicating quicker trial conclusions with higher prevalence. Moreover, the average sample
size decreased as the prevalence of biomarkers x; escalated, revealing heightened trial
efficiency under these conditions. Thus, scenario 6 highlights the positive impact of higher
biomarker x;, prevalence on treatment success and trial efficacy.

Figure 1 displays the delineation of the predictive efficacy observed across different
subgroups, using the SUCRA approach. It stacks for each subset the estimated probability of
being ranked at the 1st, 2nd, 3rd, and 4th place by the SUCRA approach, in several situations
regarding the availability of both biomarker values. Actually, in Figure 1a, the four patient
subgroups were formed by only taking into account one biomarker, separately. Conversely,
the ranking probabilities displayed in Figure 1b were computed on the subset of patients
for which both biomarkers were measured. Thus, the four patient subgroups were formed
by taking into account the status of both biomarkers simultaneously.

Figure 1a shows a uniform distribution of rankings among subgroups in Scenario 1,
where each subgroup has an approximately 25% chance of achieving any given rank.
This distribution highlights the marginal influence of the biomarker in this context. In
Scenario 2, while there is a slight prognostic effect toward biomarker x, the distribution
largely resembles that of Scenario 1. Scenario 3 highlights the dominance of the positive
xp subgroup, which has a significant 96% chance of securing the top rank. In Scenario 4,
the data emphasize the superior predictive ability of the positive x, subgroup, which
has a 70% probability of obtaining the highest rank. At the same time, the positive x;
subgroup is competitive, with a 50% probability of achieving the subsequent rank. Sce-
nario 5 illustrates the significant predictability of the x, positive subgroup, which boasts
an impressive 96.7% probability of reaching the highest rank. Meanwhile, the x; positive
subgroup is more likely to occupy the lowest rank, indicating its comparatively reduced
predictive ability. The patterns identified in Scenario 6 closely mirror those in Scenario 5,
demonstrating comparable predictive patterns in both scenarios.
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(b) Ranking derived from combined biomarker analysis.

Figure 1. Comparative predictive rankings of patient subgroups using the SUCRA Approach.
(a) presents the ranking of patient subgroups for each biomarker, whether or not the other biomarker
was measured, based on separate modelling incorporating either biomarker. (b) examines the ranking

of subgroups in the subsample of patients with both measured biomarkers in a complete case analysis.

Figure 1b emphasizes the importance of considering both biomarkers measured.
In scenario 3, both the subgroup with both biomarker positivity and the subgroup with
x1 negativity and x; positivity share the first two ranks, each having a probability of 50%.
Additionally, the remaining two subgroups also share the last two ranks with a probability
close to 50%. In scenario 4, the subgroup that has two positive biomarkers has a 63.3%
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chance of being ranked first. In Scenario 5, the subgroup that has been identified with
anegative x1 and a positive x, biomarker showcases a 93.8% probability of securing the first
position. Conversely, the subgroup that displays positive biomarkers generally receives
a moderate rank, securing third place with a 76.8% probability, which indicates its fair
predictive capabilities. The patterns observed in Scenario 6 are consistent with those in
Scenario 5.

5. Discussion

In this paper, we introduce a new method for assessing experimental therapies and
for identifying effective patient subsets in the field of precision medicine. The suggested
Bayesian sequential design combines the advantages of the zero-inflated truncated Poisson
(ZITP) regression model with the surface under the cumulative ranking curve (SUCRA)
technique. The pressing need for establishing specialized techniques that identify effective
patient subgroups within a precision medicine context propelled this work [42,43]. There-
fore, there is an urgent need for effective methods to fully utilize the vast biomarker data
available. However, biomarker information measurement in current controlled clinical
trials occurs only occasionally, due to a host of factors. This inconsistency can lead to
conclusions that may misrepresent the identification of truly effective subgroups. Our
findings illustrate the numerous benefits of using the Bayesian sequential design in this
context. In particular, the ZITP regression model is effective in managing overdispersion in
count outcomes stemming from an excess of zero responses and truncation on the right
end of the data, ensuring precise and reliable results.

These results reveal the intricate roles that biomarkers play in predictive and prog-
nostic situations, particularly in terms of affecting true positive rates. As our research
delved deeper into more intricate scenarios, increasing the number of measured biomarkers
introduced unintended complexities. This increase inevitably resulted in smaller sample
sizes for the resulting “unmissed” subsets, which runs the risk of a higher false-negative
rate. Balancing precision in identifying effective subsets with the robustness of the findings
is essential.

The SUCRA method expertly identifies and categorizes populations into distinct sub-
sets based on the predictive effect. Importantly, SUCRA calculates the posterior probability
of ranking by directly accounting for uncertainty. As a result, it offers a perspective that
goes beyond a simple point estimate, providing a clear and intuitive classification of sub-
groups. This clarity is instrumental in precision medicine, where diverse patient subgroups
may react differently to the same treatments.

Several other methods have been proposed to identify patient subpopulations,
including decision tree algorithms, clustering, and regression-based methods. Decision
tree algorithms, such as the Bayesian additive regression tree (BART), identify subgroups
with differential treatment effects [44,45]. Although the BART approach can handle
multiple variable types of complex models and data, it requires more computational
resources and may be less easy to interpret for people unfamiliar with machine learning
techniques. Clustering methods, such as K-means and hierarchical clustering, are used
to group patients according to their similarities in covariates [46]. These methods can
be useful for identifying subgroups with similar characteristics but do not provide
any information on the treatment effect for each subgroup. Regression-based methods,
such as logistic and linear regression, are used to model the relationship between the
response variable and a set of predictor variables [38]. These methods can provide
useful information about the treatment effect for each subgroup. However, they may
be well suited to identifying subgroups with differential treatment effects only if the
predictor variables are carefully chosen. In comparison, the SUCRA method had the
advantage of being model agnostic. It may be used with any regression model to assess
the treatment effect, rendering this approach versatile for identifying subgroups with
differential treatment effects.
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However, some limitations of the study should be noted. First, we placed ourselves in
a clinical trial setting dealing with low size effects, requiring a large number of patients.
This was motivated by a real clinical trial conducted in ICU patients where mild treatment
effects are expected, but these could easily be adapted to larger effects in small trial samples.
Second, the lack of information provided by unmeasured biomarkers impacted the results,
and the proposed approach unveils its true potential when all predictive biomarkers are
accounted for in the analysis. Otherwise, it is more challenging to identify subgroups with
differential treatment effects, as shown by the results obtained in the simulation study.
However, the current biomarker measurements in the ICU lack consistency, which may
limit the ability to draw meaningful conclusions from the analysis. We placed ourselves in
a Bayesian framework for estimation purposes, but this could be performed in a frequentist
one. This would modify the computation of decision rules and the ranking of subsets
through the SUCRA, though the P-score, its frequentist version, has been proposed [47].
These limitations highlighted the importance of having all relevant information available,
including high-quality biomarker data, to achieve the most precise results when using the
SUCRA method for identifying subsets.

6. Conclusions

In conclusion, the proposed Bayesian sequential design offers various benefits for
assessing experimental treatments and identifying effective patient subgroups in precision
medicine. These benefits make the method potentially useful for researchers and practition-
ers. However, it is critical to note that the applicability of these results to broader clinical
or real-world scenarios is uncertain. Each study, including ours, has a unique context,
and findings from one context may not directly apply to another. This underscores the
significance of context when interpreting results and identifies potential opportunities for
future research.

Further research is necessary to validate our findings and to explore broader applica-
tions. This involves creating strong and expandable techniques for handling missing or
incomplete data and incorporating previous knowledge into statistical models. Given the
nuanced nature of clinical scenarios and the ever-evolving landscape of precision medicine,
ongoing exploration and refinement of methodologies are crucial.

Author Contributions: Conceptualization, V.V. and S.C.; methodology, V.V. and S.C.; software, V.V,;
validation, V.V. and S.C.; formal analysis, V.V. and S.C.; investigation, V.V. and S.C.; resources, V.V,;
data curation, V.V.; writing—original draft preparation, V.V,, D.A. and S.C.; writing—review and
editing, V.V,, D.A. and S.C.; visualization, V.V,; supervision, S.C. All authors have read and agreed to
the published version of the manuscript.

Funding: Programme d’'Investissements d”Avenir (PIA), reference ANR-18-RHUS-0004; iRECORDS
project, funded by ERA PerMed (JTC_2021) to D.A. (ANR-21-PERM-0005).

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.


http://www.ncbi.nlm.nih.gov/pubmed/34084309
http://doi.org/10.1080/10543400902802458
http://www.ncbi.nlm.nih.gov/pubmed/19384694
http://dx.doi.org/10.1200/JCO.2009.22.3701
http://www.ncbi.nlm.nih.gov/pubmed/19597023
http://dx.doi.org/10.1200/JCO.2016.68.2864
http://www.ncbi.nlm.nih.gov/pubmed/28045624

J. Pers. Med. 2023, 13, 1560 12 of 13

10.

11.

12.

13.
14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

Hu, C.; Dignam, ].J. Biomarker-driven oncology clinical trials: Key design elements, types, features, and practical considerations.
JCO Precis. Oncol. 2019, 3, PO.19.00086. [CrossRef] [PubMed]

Simon, R. Review of Statistical Methods for Biomarker-Driven Clinical Trials. JCO Precis. Oncol. 2019, 3, 1-9. [CrossRef]
Freidlin, B.; Simon, R. Adaptive signature design: An adaptive clinical trial design for generating and prospectively testing
a gene expression signature for sensitive patients. Clin. Cancer Res. 2005, 11, 7872-7878. [CrossRef]

Zhang, Z.; Li, M.; Lin, M,; Soon, G.; Greene, T.; Shen, C. Subgroup selection in adaptive signature designs of confirmatory clinical
trials. J. R. Stat. Soc. Ser. C (Appl. Stat.) 2017, 66, 345-361. [CrossRef]

Pan, Y.; Zhao, Y.Q. Improved doubly robust estimation in learning optimal individualized treatment rules. . Am. Stat. Assoc.
2021, 116, 283-294. [CrossRef]

Guo, W.; Zhou, X.H.; Ma, S. Estimation of optimal individualized treatment rules using a covariate-specific treatment effect curve
with high-dimensional covariates. J. Am. Stat. Assoc. 2021, 116, 309-321. [CrossRef]

Qiu, H.; Carone, M.; Sadikova, E.; Petukhova, M.; Kessler, R.C.; Luedtke, A. Optimal individualized decision rules using
instrumental variable methods. J. Am. Stat. Assoc. 2021, 116, 174-191. [CrossRef] [PubMed]

Park, Y; Liu, S.; Thall, PF; Yuan, Y. Bayesian group sequential enrichment designs based on adaptive regression of response and
survival time on baseline biomarkers. Biometrics 2022, 78, 60-71. [CrossRef] [PubMed]

Thall, PF. Adaptive enrichment designs in clinical trials. Annu. Rev. Stat. Its Appl. 2021, 8, 393-411. [CrossRef] [PubMed]
Nguyen Duc, A.; Heinzmann, D.; Berge, C.; Wolbers, M. A pragmatic adaptive enrichment design for selecting the right target
population for cancer immunotherapies. Pharm. Stat. 2021, 20, 202-211. [CrossRef]

Joshi, N.; Nguyen, C.; Ivanova, A. Multi-stage adaptive enrichment trial design with subgroup estimation. J. Biopharm. Stat. 2020,
30, 1038-1049. [CrossRef]

Vinnat, V.; Chevret, S. Enrichment Bayesian design for randomized clinical trials using categorical biomarkers and a binary
outcome. BMC Med. Res. Methodol. 2022, 22, 54. [CrossRef]

Lipkovich, I.; Dmitrienko, A.; Denne, J.; Enas, G. Subgroup identification based on differential effect search—A recursive
partitioning method for establishing response to treatment in patient subpopulations. Stat. Med. 2011, 30, 2601-2621. [CrossRef]
Su, X.; Pefia, A.T; Liu, L.; Levine, R.A. Random forests of interaction trees for estimating individualized treatment effects in
randomized trials. Stat. Med. 2018, 37, 2547-2560. [CrossRef]

Foster, ].C.; Taylor, ].M.; Ruberg, S.J. Subgroup identification from randomized clinical trial data. Stat. Med. 2011, 30, 2867-2880.
[CrossRef]

Altstein, L.L.; Li, G.; Elashoff, RM. A method to estimate treatment efficacy among latent subgroups of a randomized clinical
trial. Stat. Med. 2011, 30, 709-717. [CrossRef]

Almirall, D.; Compton, S.N.; Gunlicks-Stoessel, M.; Duan, N.; Murphy, S.A. Designing a pilot sequential multiple assignment
randomized trial for developing an adaptive treatment strategy. Stat. Med. 2012, 31, 1887-1902. [CrossRef] [PubMed]

Bayman, E.O.; Chaloner, K.; Cowles, M.K. Detecting qualitative interaction: A Bayesian approach. Stat. Med. 2010, 29, 455-463.
[CrossRef] [PubMed]

Wang, S.J.; Hung, H.]. Adaptive enrichment with subpopulation selection at interim: Methodologies, applications and design
considerations. Contemp. Clin. Trials 2013, 36, 673-681. [CrossRef] [PubMed]

Gajewski, B.J.; Berry, S.M.; Barsan, W.G; Silbergleit, R.; Meurer, W.J.; Martin, R.; Rockswold, G.L. Hyperbaric oxygen brain injury
treatment (HOBIT) trial: A multifactor design with response adaptive randomization and longitudinal modeling. Pharm. Stat.
2016, 15, 396-404. [CrossRef] [PubMed]

Berry, S.M.; Broglio, K.R.; Groshen, S.; Berry, D.A. Bayesian hierarchical modeling of patient subpopulations: Efficient designs of
phase II oncology clinical trials. Clin. Trials 2013, 10, 720-734. [CrossRef]

Annane, D.; Renault, A.; Brun-Buisson, C.; Megarbane, B.; Quenot, ].P.; Siami, S.; Cariou, A.; Forceville, X.; Schwebel, C.; Martin,
C.; et al. Hydrocortisone plus fludrocortisone for adults with septic shock. N. Engl. |. Med. 2018, 378, 809-818. [CrossRef]
Laterre, P.F.; Berry, SM.; Blemings, A.; Carlsen, J.E.; Frangois, B.; Graves, T.; Jacobsen, K.; Lewis, R.J.; Opal, S.M.; Perner,
A.; et al. Effect of selepressin vs placebo on ventilator-and vasopressor-free days in patients with septic shock: The SEPSIS-ACT
randomized clinical trial. JAMA 2019, 322, 1476-1485. [CrossRef]

Modrykamien, A.M.; Killian, L.; Walters, R.W. Liberal manipulation of ventilator settings and its impact on tracheostomy rate
and ventilator-free days. Respir. Care 2016, 61, 30-35. [CrossRef]

Botta, M.; Tsonas, A.M.; Pillay, J.; Boers, L.S.; Algera, A.G.; Bos, L.D.; Dongelmans, D.A.; Hollmann, M.W.; Horn, J.; Vlaar,
A.P; et al. Ventilation management and clinical outcomes in invasively ventilated patients with COVID-19 (PRoVENT-COVID):
A national, multicentre, observational cohort study. Lancet Respir. Med. 2021, 9, 139-148. [CrossRef]

Lambert, D. Zero-inflated Poisson regression, with an application to defects in manufacturing. Technometrics 1992, 34, 1-14.
[CrossRef]

Auriemma, C.L.; Taylor, S.P; Harhay, M.O.; Courtright, K.R.; Halpern, S.D. Hospital-free days: A pragmatic and patient-centered
outcome for trials among critically and seriously ill patients. Am. ]. Respir. Crit. Care Med. 2021, 204, 902-909. [CrossRef]
[PubMed]

Salanti, G.; Ades, A.; Ioannidis, J.P. Graphical methods and numerical summaries for presenting results from multiple-treatment
meta-analysis: An overview and tutorial. J. Clin. Epidemiol. 2011, 64, 163-171. [CrossRef] [PubMed]


http://dx.doi.org/10.1200/PO.19.00086
http://www.ncbi.nlm.nih.gov/pubmed/32923854
http://dx.doi.org/10.1200/PO.18.00407
http://dx.doi.org/10.1158/1078-0432.CCR-05-0605
http://dx.doi.org/10.1111/rssc.12175
http://dx.doi.org/10.1080/01621459.2020.1725522
http://dx.doi.org/10.1080/01621459.2020.1865167
http://dx.doi.org/10.1080/01621459.2020.1745814
http://www.ncbi.nlm.nih.gov/pubmed/33731969
http://dx.doi.org/10.1111/biom.13421
http://www.ncbi.nlm.nih.gov/pubmed/33438761
http://dx.doi.org/10.1146/annurev-statistics-040720-032818
http://www.ncbi.nlm.nih.gov/pubmed/36212769
http://dx.doi.org/10.1002/pst.2066
http://dx.doi.org/10.1080/10543406.2020.1832109
http://dx.doi.org/10.1186/s12874-022-01513-z
http://dx.doi.org/10.1002/sim.4289
http://dx.doi.org/10.1002/sim.7660
http://dx.doi.org/10.1002/sim.4322
http://dx.doi.org/10.1002/sim.4131
http://dx.doi.org/10.1002/sim.4512
http://www.ncbi.nlm.nih.gov/pubmed/22438190
http://dx.doi.org/10.1002/sim.3787
http://www.ncbi.nlm.nih.gov/pubmed/19950107
http://dx.doi.org/10.1016/j.cct.2013.09.008
http://www.ncbi.nlm.nih.gov/pubmed/24076485
http://dx.doi.org/10.1002/pst.1755
http://www.ncbi.nlm.nih.gov/pubmed/27306921
http://dx.doi.org/10.1177/1740774513497539
http://dx.doi.org/10.1056/NEJMoa1705716
http://dx.doi.org/10.1001/jama.2019.14607
http://dx.doi.org/10.4187/respcare.03887
http://dx.doi.org/10.1016/S2213-2600(20)30459-8
http://dx.doi.org/10.2307/1269547
http://dx.doi.org/10.1164/rccm.202104-1063PP
http://www.ncbi.nlm.nih.gov/pubmed/34319848
http://dx.doi.org/10.1016/j.jclinepi.2010.03.016
http://www.ncbi.nlm.nih.gov/pubmed/20688472

J. Pers. Med. 2023, 13, 1560 13 of 13

33.

34.

35.
36.

37.

38.

39.

40.
41.

42.

43.

44.

45.

46.

47.

Fleuriet, ].; Heming, N.; Meziani, F; Reignier, J.; Declerq, P.L.; Mercier, E.; Muller, G.; Colin, G.; Monnet, X.; Robine, A.; et al. Rapid
rEcognition of COrticosteRoiD resistant or sensitive Sepsis (RECORDS): Study protocol for a multicentre, placebo-controlled,
biomarker-guided, adaptive Bayesian design basket trial. BM] Open 2023, 13, e066496. [CrossRef] [PubMed]

Tsai, M.H.; Lin, T.H. Modeling data with a truncated and inflated Poisson distribution. Stat. Methods Appl. 2017, 26, 383-401.
[CrossRef]

Thall, PF; Simon, R. Practical Bayesian guidelines for phase IIB clinical trials. Biometrics 1994, 50, 337-349. [CrossRef]

Harrell, F; Lindsell, C. Statistical Design and Analysis Plan for Sequential Parallel-Group RCT for COVID-19. Available online:
http:/ /hbiostat.org/proj/covid19 /bayesplan.html (accessed on 10 September 2023).

Ohwada, S.; Morita, S. Bayesian adaptive patient enrollment restriction to identify a sensitive subpopulation using a continuous
biomarker in a randomized phase 2 trial. Pharm. Stat. 2016, 15, 420-429. [CrossRef]

Morita, S.; Yamamoto, H.; Sugitani, Y. Biomarker-based Bayesian randomized phase II clinical trial design to identify a sensitive
patient subpopulation. Stat. Med. 2014, 33, 4008—4016. [CrossRef]

WHO. Improving the Prevention, Diagnosis and Clinical Management of Sepsis. Available online: https://www.who.int/
activities /improving-the-prevention-diagnosis-and-clinical-management-of-sepsis (accessed on 10 September 2023).

R Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing: Vienna, Austria, 2020.
Su, Y.S.; Yajima, M. R2jags: Using R to Run JAGS’. R Package Version 0.7-1. 2021. Available online: https://CRAN.R-project.
org/package=R2jags (accessed on 3 August 2023).

Saad, E.D.; Paoletti, X.; Burzykowski, T.; Buyse, M. Precision medicine needs randomized clinical trials. Nat. Rev. Clin. Oncol.
2017, 14, 317-323. [CrossRef]

Janiaud, P; Serghiou, S.; Ioannidis, J.P. New clinical trial designs in the era of precision medicine: An overview of definitions,
strengths, weaknesses, and current use in oncology. Cancer Treat. Rev. 2019, 73, 20-30. [CrossRef]

Morita, S.; Miiller, P. Bayesian population finding with biomarkers in a randomized clinical trial. Biometrics 2017, 73, 1355-1365.
[CrossRef]

Guo, W.; Ji, Y.; Catenacci, D.V. A subgroup cluster-based Bayesian adaptive design for precision medicine. Biometrics 2017,
73,367-377. [CrossRef] [PubMed]

Lopez, C.; Tucker, S.; Salameh, T.; Tucker, C. An unsupervised machine learning method for discovering patient clusters based on
genetic signatures. J. Biomed. Inform. 2018, 85, 30-39. [CrossRef] [PubMed]

Riicker, G.; Schwarzer, G. Ranking treatments in frequentist network meta-analysis works without resampling methods. BMC
Med. Res. Methodol. 2015, 15, 58. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://dx.doi.org/10.1136/bmjopen-2022-066496
http://www.ncbi.nlm.nih.gov/pubmed/36898751
http://dx.doi.org/10.1007/s10260-017-0377-z
http://dx.doi.org/10.2307/2533377
http://hbiostat.org/proj/covid19/bayesplan.html
http://dx.doi.org/10.1002/pst.1761
http://dx.doi.org/10.1002/sim.6209
https://www.who.int/activities/improving-the-prevention-diagnosis-and-clinical-management-of-sepsis 
https://www.who.int/activities/improving-the-prevention-diagnosis-and-clinical-management-of-sepsis 
https://CRAN.R-project.org/package=R2jags
https://CRAN.R-project.org/package=R2jags
http://dx.doi.org/10.1038/nrclinonc.2017.8
http://dx.doi.org/10.1016/j.ctrv.2018.12.003
http://dx.doi.org/10.1111/biom.12677
http://dx.doi.org/10.1111/biom.12613
http://www.ncbi.nlm.nih.gov/pubmed/27775814
http://dx.doi.org/10.1016/j.jbi.2018.07.004
http://www.ncbi.nlm.nih.gov/pubmed/30016722
http://dx.doi.org/10.1186/s12874-015-0060-8
http://www.ncbi.nlm.nih.gov/pubmed/26227148

	Introduction
	Method
	Motivating Example
	Design Structure
	Probability Model
	Decisions Rules

	Simulation Study
	Data Generation
	Data Analysis
	Scenarios
	Outputs

	Results
	Discussion
	Conclusions
	References

