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Summary:

A new family of precision Bayesian dose optimization designs, PGen I-11, based on early efficacy,
early toxicity, and long-term time to treatment failure is proposed. A PGen I-11 design refines

a Gen I-11 design by accounting for patient heterogeneity characterized by subgroups that may

be defined by prognostic levels, disease subtypes, or biomarker categories. The design makes
subgroup-specific decisions, which may be to drop an unacceptably toxic or inefficacious dose,
randomize patients among acceptable doses, or identify a best dose in terms of treatment success
defined in terms of time to failure over long-term follow up. A piecewise exponential distribution
for failure time is assumed, including subgroup-specific effects of dose, response, and toxicity.
Latent variables are used to adaptively cluster subgroups found to have similar dose-outcome
distributions, with the model simplified to borrow strength between subgroups in the same cluster.
Guidelines and user-friendly computer software for implementing the design are provided. A
simulation study is reported that shows the PGen I-11 design is superior to similarly structured
designs that either assume patient homogeneity or conduct separate trials within subgroups.
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1. Introduction

We propose a new family of Bayesian dose-finding designs, based on early toxicity and
efficacy and also a long-term outcome, that accounts for patient heterogeneity characterized
by prespecified subgroups. The design, which we call precision generalized phase I-11 (PGen
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I-11), extends the Bayesian generalized phase I-11 (Gen I-11) design of Thall et al. (2023)

by including dose-subgroup interactions in the underlying model and making subgroup-
specific decisions. Subgroups may be defined by prognostic levels, disease subtypes, or
biomarker categories. For each subgroup, a decision may be to drop an unacceptably toxic or
ineffective dose, assign a patient to an acceptable dose, or identify a best dose. The design
uses latent variables to adaptively cluster subgroups shown by interim data to have similar
dose-outcome distributions. If subgroups are clustered, the model is simplified so that dose
effect parameters are identical for all subgroups in each cluster, which improves the design’s
reliability by borrowing strength between subgroups. During the trial or at its conclusion, the
design may identify different optimal doses for different subgroups.

Most dose-finding/optimization designs are based on clinical outcomes evaluated over a
short follow up period, [0,7], chosen to accommodate one or two courses of therapy or to
evaluate biological variables, with 7, often 30 to 60 days. Most phase | designs (Babb et al.,
1998) use a short-term toxicity outcome, Y. Most phase I-11 designs (Gooley, 1994; Thall
and Russell, 1998; Thall and Cook, 2004), are based on both Y, and short term efficacy,

Y, which may be clinical response or a biological outcome. Depending on the setting, Y,
and Y, may be a binary, ordinal, or a time-to-event variable, scored either during [0,z ] or at
t,. Using early Y., = (Y, Y;) to evaluate doses is done to avoid unduly delaying accrual of
future patients to evaluate recently treated patients’ outcomes for adaptive decision making.
Denoting dose by d, a phase I-11 design uses (d, Y ) data to screen out overly toxic or
ineffective doses, and choose a best dose based on a criterion, ¢,.(d, 0), defined in terms of
a bivariate probability model p(y., | ¢, 6), where @ is the parameter vector. Given a utility
function U(y,,) elicited for all values y,, of Y., the optimality criterion may be the mean
utility ¢(d, 0) = E{U(Ysr) | d,0)} (Thall et al., 2012; Lin et al., 2020). For binary Y, and

Y, optimality criteria may be the response probability z.(d, 6) = Pr(Y; = 1| d, 6), a trade-off
function of z.(d, 6) and z,(d, 0) = Pr(Y, = 1 | d,0) used by the EffTox design (Thall and Cook,
2004), or a linear combination z.(d, 8) + Az(d, 6) with 4 < 0.

A limitation of conventional phase I-11 designs is that their decision criteria ignore long
term outcomes, such as remission duration, progression-free survival (PFS) time or overall
survival (OS) time. Let Y, denote a time-to-event variable, evaluated over a longer follow up
period [0,1,], where 1, is a time, such as 6 or 12 months, substantially larger than ¢,. Using Y,
evaluated by short follow up time ¢, to characterize dose effects relies on the assumption that
Y. IS a surrogate for Y. In practice, while Y, and Y may be related, perfect surrogacy
never holds. An undesirable consequence is that a dose optimizing criterion, ¢,..(d, ),
defined in terms of Y, evaluated over [0, 7] may lead to choosing a dose that is suboptimal
in terms of a longer term clinical success criterion, ¢,(d, 6), based on Y evaluated up to time
t,. For example, an immunotherapy may achieve a high 30-day response rate at an optimal
phase I-11 dose, but responders may have a high six-month relapse rate.

To see how Y and Y may disagree, consider doses 4, and 4, and assume that
both doses are safe, so that Y- may be ignored. Denote conditional 12-month PFS
probabilities by F(d,, y;) = Pr(Ys > 12 | d,, Yz = y,) for j= 1,2 and y, = 0, 1. Assume true
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probabilities z“(d,) = .20, 77“(d,) = .40, F"%(d,, 1) = .95, F™(d,,0) = .85, F "“(d,, 1) = .75,

—true

and F " (d,,0) = .65. Averaging over y, = 0 or 1 gives the unconditional 12-month PFS

probabilities 7"“%(d,) = .87 and F"““(d,) = .69. Thus, while response is associated with a

higher 12-month PFS probability for both doses, and 4, has twice the response rate of 4,, in
terms of unconditional 12-month PFS probabilities 4, is greatly superior to 4..

To address this problem, Thall et al. (2023) proposed the family of Bayesian Gen I-I1
designs, based on early Y. and Y, evaluated over [0, 7], and a time-to-failure outcome,

Y, evaluated over [0, 1,] for ¢, > 1,. For example, investigators may specify # = 30 days and

t, = 180 days for Y = PFS time. A Gen I-I1 design first uses a phase I-11 design to choose
doses for successive cohorts and screen out unacceptably toxic or inefficacious doses. The
optimality criterion ¢,,(d, 6), defined in terms of (d, Y, Y7), is used to identify a set & of
candiaate doses, rather than selecting one dose. Additional patients are randomized among
doses in &, all patients are followed to time ¢, to obtain Y data, and a final dose is selected
to maximize an optimality criterion ¢s(d, ) defined in terms of Y. Parametric models are
assumed for p(Ys | Yr, Y, d) and p(Y+, Y. | d), including parameters based on Y ., for the early
phase I-11 stages of the design, and effects of Y., Y, and 4 on Y for the final dose selection
criterion ¢s(d, 8). Our motivating example is the trial described by Thall et al. (2023) for the
Gen I-11 design, to optimize the dose of chimeric antigen receptor cord blood-derived CD70
natural killer (NK) cells given as immunotherapy for advanced hematologic malignancies.
The four doses are 5.0 x (10%, 107, 108, 10%) NK cells. We extend the Gen I-11 design by
constructing a PGen I-11 design that accounts for the three disease subgroups given in Table
S1 in the online supplementary materials, with the goal to choose optimal subgroup-specific
NK cell doses.

Thall et al. (2023) assumed that the distributions of Y, Y+, and Y as functions of NK

cell dose were homogeneous across disease subgroups. In the present paper, using the
CAR-NK cell trial, we extend the Gen I-11 framework to a family of PGen I-11 designs that
make subgroup-specific decisions. For the PGen I-11 design, the assumed models include
dose-subgroup interactions to facilitate subgroup-specific decisions, including safety and
efficacy monitoring, identifying a set of candidate doses, and selecting an optimal dose. A
PGen I-11 design has three stages, illustrated by Figure 1. In stage 1, an acceptable dose set
is identified for each subgroup based on early outcomes. Stage 2 identifies subgroup-specific
candidate dose sets using both early and long-term outcomes. In stage 3, an optimal dose is
determined for each subgroup based on the estimated long-term benefit criterion.

Thus, like the Gen I-11 design, the PGen I-11 design exploits data on the long term outcome
Y, to formulate a dose optimality criterion. Unlike the Gen I-11 design, the PGen I-11 design
accounts for subgroups. Many precision phase I-11 designs have been proposed that rely on
early outcomes but ignore long term treatment success (Lee et al., 2021; McGovern et al.,
2022; Park and Chang, 2024; Porter et al., 2024). Like precision phase I-11 designs, the PGen
I-11 design makes subgroup-specific decisions, but unlike them it also uses data on the long
term outcome Y. Consequently, the Gen I-11 design and precision phase I-11 designs may be
considered competitors to PGen I-11, but for different reasons.
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Dose-Outcome Model

Lety, € {0, -, L,— 1} denote ordinal efficacy (j = E) and toxicity (j = T) evaluated over
follow interval [0,,]. For example, Y. may take possible values O for progressive disease
(PD), 1 for stable disease (SD), 2 for partial response (PR), or 3 for complete response
(CR), with L. = 4. Toxicity may be defined as the most severe grade up to time 7, with
possible values 0 for no toxicity, 1 for mild, 2 for moderate, 3 for severe, and 4 for life
threatening or fatal, with L, = 5. To stabilize computations, we replace raw dose values 4;*
by the standardized values d; = log(d;**)/max,{log(d;"*)} for dose levels j =1, -, J.

Letg € {1,---,G} index pre-specified subgroups. Similarly to Lee et al. (2021), McGovern

et al. (2022), and others, we adaptively cluster similar subgroups using latent cluster
membership variables z = (z, ---, z). Fixing z, = 1, for each g > 2, if there is a subgroup
j€{1,...,g— 1} in the same cluster as g, we set z, = z,, and otherwise z, = max,c ., 11z + 1.
If z, = z, for g # g, subgroups g and g’ are combined in the same cluster, and the model is
simplified so that dose effect parameters in subgroups g and g’ are identical. This improves
the design’s reliability. For example, if G = 3 and subgroups ¢ = 1 and g = 2 are combined
but g = 3 is distinct, the subgroup clusters {1,2} and {3} are identified by z = (1,1, 2), and all
subgroup-specific parameters indexed by g = 1 and g = 2 are identical.

We construct a parametric model for p(Y., Y | d, g) by applying the widely used multivariate
probit latent variable approach (Chib and Greenberg, 1998). Let X = (X, X,) be realvalued
latent variables following bivariate normal distribution N,((u(d, g), u:(d. g)), Zx), Where X is
2% 2 with variances o, 65, and covariance .. To ensure identifiability, we set 6, = 65, = 1
and constrain —1 < o1, < 1. The latent variables X are used to define observed (Y, Y;)

as follows. Given real-valued cutpoints —co =, < 7, =0 < -+ < 1,y < ., = + o0 and

—00=§(<$=0<E < <y <G = + 0o, We define

0 if o< Xg<mn 0 if {o<Xr<¢
Y, = 1 if ;< Xp<m Y, = 1 if 1<Xr<§
Leg—=1 if g1 < Xp <y Ly—1 if {po S Xp <8y

Denoting the pdf of X by fy(x: x| d, g), the induced distribution of (Y., Y) is

”(J’E vl d 8, 91:1)—de/ Pr(Yb =y Yr=yrld,g 951')

yg +
/ / Fx(xg, xr | d, g)dxgdxr,

@

for all outcomes (y,, y;), where 6, denotes the model parameters.

For efficacy, we assume a flexible Emax model,
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4%

G
) f+ds

E(Xgp|d.g) = lla(d, g] =+

with all parameters real-valued, and denote e, = (ay,, o1 ., . ., @ ;) AN @ = (aty, -+, AXG).
This model includes the case where ,(d, g) as a function of 4 increases to a

plateau, which may arise if an administered dose reaches a maximum biological
effectiveness due to saturation of the metabolized agent in the patient’s body. For
toxicity, we assume E(X; | d,g) = u(d, g) = po, + B1..d, With f, , real-valued and g, , > 0
to ensure that u,(d, g) increases with 4, and denote g, = (6, 5..) and B = (B,, ---, B)-

Denote the i patient’s dose by dy; and subgroup by g. The dataset of early outcomes
and doses for the first » patients is 25, = {(Ye,, Yridi, g):i = 1, -+, n}, with likelihood

3(9;‘? | 9ET) = H[n= 1717(YE,,7)’T,,'| di, & GET)u where 6, = (0'12, a B, -1 "’»é‘erl)-

The time to failure, Y, over follow-up period [0,#,] may be PFS time, OS time, or remission
duration among responders. For simplicity, henceforth we will use PFS time for v. If

[Y= = 0] = PD, then treatment has failed by time . Since following a patient beyond ¢, to
evaluate Y is only meaningful clinically if the patient is alive without PD at 7, we define
Ys = (Ys—t,)I(Y: > 0) as the treatment failure time starting from #,. If Y, = 0, we define

Ys = 0. Given 0 < 1, < t,, we define the long-term dose optimality criterion to be

¢s(d.g) =Pr(Ys>1,|d,g) =Pr(Ys>t,—1, | d, g)

e
= Y P(Yp=y|dg) P(Ys>t—1]dgYe=y).
y=1

Given Y > 0, we denote the observed time to failure or right censoring, starting from #,, by
Y, with 6 = 1(Ys = Y¥). For robustness, we assume that Y follows a piecewise exponential

(PE) distribution, defined as follows. For sample size », denote T, = max{Yy,,i = 1,---,n} and

12
KK

m, observed failure times as cutpoints to partition the observed failure time domain [0, T,]
into K subintervals, [0, c)),[c:, ¢)), -+, [ex 1> ck], Where ¢, = T,. Thus, the PE interval cutpoints
¢ = (¢, -, c) are sample statistics that may change as the (Y, 6 data accumulate during
the trial. Writing Y7 to represent values of Y, > 0 (no PD) and Y3, = (Y3, Y7), the PE hazard
function of Yy is

m, = Y1 _ 16, the number of observed failures. We use the % quantiles of the

K

hs(t | Y: Yr.d,g, es) = Z Ad(c-1 <1 <¢)
k=1

J

YEvhe T Yrvpe T Z yva»gI(d = dj)
i=1

X exp

for + > 0. Thus, 4, is the baseline PE hazard on the k" subinterval, and we denote
A = (4, -, A). Any fixed value A, may be assumed for ¢ > T, since no Y values
are observed beyond T,. Assuming K = 3,4, or 5 intervals should work well for most
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applications. In the gth subgroup, .., is the effect of [V} = r], ..., is the effect of [v; = k],
and y, ;, is the effect of [d = 4;] on the hazard of Y. To ensure identifiability of the PE
model, for each g, we set vz, , = rro, = ¥p.1., = 0. We denote vz, = (Y26 = ¥r.15-1.¢) With
Ye=Yer = ¥e6)s Yo = (e = Yror—1) With yp = (e o vr.6), @ ¥o, = (Y20 > Vp.0.0)s
with y, = (yp.1, -+, ¥n.c)- The parameter vector for the PE hazard function kg then can be
written as 0s = (4, vz, ¥ ¥p)-

Let 25 = {(Ys.. 6.4y, g):i = 1,--,n} denote the time-to-event, dose, and subgroup data for
the first » patients, so that the entire dataset is 2" = 9, u 2%. Denoting the conditional pdf
and survival function of Yy by fo(- | Y%, Yy, d,g,05) and Fy(- | YE, Yo, d, g, 65), respectively, the
likelihood is

n

2" 16) = L @er | 06 [ L1/ s(Y20 1 Yer o di 20 09)) P Fo(Y S, | Yir s iy 2. 65))
i=1

_6‘

We use the latent cluster membership vector z to adaptively cluster similar subgroups by
representing each possible configuration of z as a model, and index the models determined
by zby v=1, -, M. For example, if G = 3 there are M = 5 possible models, indexed by v =1
ifz=(1,1,1),v=2ifz=(1,1,2),v=3ifz=(1,2,1),v=4if z = (1,2,2), v=5if z = (1,2,3).
Assuming a discrete uniform prior on the set of models, in this example Pr(v = k) = 1/5

for each k = 1, ---,5. The model dimension may change with z and hence v. For example,

if v =1 then all subgroup-specific parameters are identical. If v = 2 then all subgroup-
specific parameters indexed by g = 1 and g = 2 are identical, while the parameters indexed
by g = 3 are different. Specifically, if z, = z, for g # g/, then the following parameters

for subgroups g and g’ are identical: a, = a,, B, = Be» Ye.c = Yig» Yre = V1o ¥p.s = Yo
Conditional on z, for k = 1, -, max(z,) let (&, B, ¥i... ¥7.s ¥5.x) denote the unique values of
(@ Ber Yeoor V1o ¥o.0) AN i 2, = k then (a, B, Yeor V1o Yo.0) = (06, BL, Ve ¥roto ¥ii). WWE dENOLE

a* = (@, -+, Tnasog) B = (Bl s Bae)s Vo = (P s Yima(eg) 15 = (V10 -+ ¥ ms(zg)s ¥ = @D
(VDo Vbumas(zg)» Ok = (mz, a*, Bt G, ---,CLr—n)

05 = (4. vz vs. vp)- The overall model parameter vector is 6 = (z, 65, 65), abusing notation
slightly since the dimensions of 6;, and 65 may change with z. To accommodate different
dimensions, we use reversible-jump Markov chain Monte Carlo (RIMCMC) to compute
posteriors (Green, 1995).

For each subgroup g, the early and long-term dose optimality criteria are estimated,
respectively, by their posterior means,

rerld.g | D) = / Ber(d. g | Or 20002, | D) A0y d,

and
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bs(d.g| 2") = f bs(d. g1 6)p(0] 2")do,

where p(6;:, z, | %) is the posterior based on the early outcome data and p(6 | 2") is the
posterior based on the data from all outcomes. Given a fixed lower bound ¢ on ¢4(d;, g), the

posterior predictive probability that the long-term optimality criterion for dose 4 in subgroup
g is greater than ¢ _is

Pr{ps(d.g) > ¢, | 2"} = / Pr{¢s(d. g) > ¢, | 0}p(0 | 2") d6.

If subgroup g belongs to a cluster with one or more other subgroups, then the above criteria
for g are computed using the data from all subgroups in that cluster. These criteria will be
used by the PGen I-11 design to construct subgroup-specific futility rules.

To specify a prior on 6, we assume that the correlation ¢,,~Unif[ — 1, 1]. For the interval

cut-offs of the latent variables (X, X;), we define x;, =#n.—#n,_, fork =2,.-, L, — 1 and
indep

kro=Co— G fork =2, Ly — 1, and assume all «; , U(O, oo). To establish priors on

the remaining parameters in 8, one may elicit probabilities of observable outcomes from
the clinical investigators and apply the pseudo-sampling method of Thall et al. (2012).
In the simulations reported below, where elicited probabilities are not available, weakly-
informative priors are used. Details are given in the Supplementary Materials.

3. A Utility-Based PGen I-ll Design

We illustrate the PGen I-11 design for ordinal Y and Y7 using the following phase I-11
design. The design uses the subgroup-specific mean utility as the early outcome optimality
criterion, and the PFS probability at follow up time ¢, as the long-term optimality criterion.
For j = E, T and each (d, g), denote the L,-vector of marginal early outcome probabilities

n(d,g0) = (x(01d,g6),7(11d.g0,),,7(L;—1|d,g,86)),

where 6, and 6, are the marginal model parameter vectors for efficacy and toxicity,
respectively. Given current data 9%, @ dose d is acceptable for subgroup g if

Pr{b;Z”E(da 8 08) > 7| 9"”} > pg and Pr{bfﬂr(d, 8 0r) <7r| 9MET} > Pr»

@

where b, and b, are design parameter vectors with all entries 0 or 1, and =, and 7,

are prespecified fixed limits. In our illustration, we use the simple criteria based on

the best efficacy outcome Y, = L, — 1, and worst toxicity outcome Y, = L, — 1, SO we set
b:=(0,-,0,1),,and b, = (0, ---, 0, 1),,. Alternatively, for example, if the efficacy levels are
PD, SD, PR, and CR, and the efficacy monitoring criterion is based on PR or CR, then
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bz = (0,0,1,1)". The decision cutoffs p, and p, should be calibrated by simulation, with values
in the range .05 to .20 working well in most settings.

Given an elicited utility U(y,, y,;) for all possible pairs (y;, y;), the early outcome optimality
criterion for dose 4 in subgroup g is the mean utility

¢ET(d’ 8> Zg» 92‘1‘) = Z ”(J’E, yrld. g,z 921')U(YE, )’T)a
Yes V1

Where GZ‘T = (0'125 (X*, ﬁ*9 N5 Meg-15 Clv RRE) é/LTf l)- DenOting 0= (Zg’ QET, 9;)! the Iong_term

outcome optimality criterion is defined to be

¢5(d,g,0) = Pr(Ys> 1, —1, | d, g.6).

For example, if 7, = 1 month and 7, = 6 months, then ¢4(d, g, 6) is the probability that PFS,
starting at the time when Y is evaluated, is at least 5 months.

A PGen I-11 design has three stages, illustrated by Figure 1. For stage s = 1,2, 3 the sample
size is n,, with overall sample size N = n, + n, + n;. We denote the sample size of the gth
subgroup in stage s by », , and the sample size of dose 4, by n,(d;). In stage 1, due to

limited within-subgroup sample sizes, it is not feasible to identify an acceptable dose set

for each subgroup. Consequently, the PGen I-11 design temporarily ignores subgroups in
stage 1. The version of the PGen I-11 design that we consider here uses the BOIN12 design
(Lin et al., 2020) to assign doses and determine an acceptable dose set for all subgroups
combined in stage 1. To normalize the utilities, which range from 0 to 100, we divide them
by 100, so the domain of ¢.(d, g, z, 0)/100 is the interval [0, 1]. The BOIN12 design treats
¢rr(d. &, 2, 0:7)/100 like a quasi-probability and uses a quasi-binomial model to compute

its approximate posterior. The posterior means of ¢.(d, g, z,, 6;r)/100 are used to select
successive doses in stage 1, temporarliy ignring the subgroup g. When the maximum overall
stage 1 sample size n, has been reached, a stage 1 acceptable dose set < satisfying the
requirements in Equation (2) while ignoring subgroups is identified. Although subgroups are
ignored by the decision rules in stage 1, subgroup information and the time-to-failure data
are recorded for subsequent analyses.

Starting in stage 2, the PGen I-11 design accounts for subgroups. For each subgroup

g, m,, additional patients are randomized fairly among the acceptable doses in <. Denote
the combined sample size of subgroup g from Stages 1 and 2 by ny,, = n, , + n, ,, the per-
dose combined sample size from Stages 1 and 2 by n,(d)) = n,(d;) + n,(d;), and the overall
combined sample size by n,, = n, + n,. The data collected in Stage 2 includes both early
outcomes (Y, Y7) up to time ¢, and observed (Y%, 5) values up to a prespecified intermediate
follow up time ¢, where 1, < 7, < t,. At the end of Stage 2, for each g, a subgroup-specific
acceptable dose set o+, is determined using the criteria in (2), and the acceptable dose set
in subgroup g is defined as
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sy ={d € A Pr{ps(d.g) > | D"} > ps.i}.

The posterior futility criterion, which uses a fixed decision cut-off such as ps, = .10 or
possibly a larger value, is included to avoid choosing a dose that has a small probability of
achieving at least the minimal PFS criterion ¢ in any subgroup. For each subgroup ¢ and
dose d € o/%+.,, RIMCMC is used to approximate the posterior distribution and obtain an
estimator $ET(d, 8. z,, 0;7) Of the phase I-11 optimality criterion. The maximum over the set of
acceptable doses for subgroup g is denoted by

Gprg=  max ¢Er(dpg | 9n12)~
12

d; € At 4

A candidate dose set for subgroup g then is defined as

~~max }

%;]2 = {d/ € Wflvl,‘zg:qbn(djag | 9””) 2 pder.g

The parameter 0 < p < 1 quantifies how close $Er(dj,g | 2™2) must be to the empirically
optimal dose to be included in the candidate set for subgroup g. To obtain a design with
good operating characteristics (OCs), p may be chosen from the range .50 to .90, based on
preliminary simulations.

In stage 3, for each subgroup g, n; , additional patients are randomized among the doses
in . and followed to time t,. Denote ny,; , = n, , + m,, +n;,and N = Zng 1 M3 Given
final data 2" from all three stages, the candidate dose set for each subgroup g is updated
from ©," to &7 Since all patients are followed to time &, the efficacy requirement in (2)
is replaced by the minimal long-term success probability requirement. Thus, doses in the
updated candidate dose set €.’ must satisfy both the toxicity requirement in (2) and the
minimal long-term success probability requirement,

Gy =1d; e %glz:Pr{b}nT(dj, 8 0r) < 7r| 9N} > pg.r..and Pr{¢s(d;, g) > ¢ | 9N} > pgysyl_} .

In our simulated design, described below, we used p; -, = .10 and p, 5, = .50, based on
preliminary simulations that showed these gave good design OCs. If the final candidate dose
set &, for subgroup g contains at least one dose, then the optimal dose for that subgroup is
the acceptable dose that maximizes the estimated long-term benefit criterion,
doP 8 = argmaxN as(d,-,g | S’ZN).
d; € G,

©)
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4. Guidelines for Establishing Design Parameters

Given the large number of design parameters and prior hyperparameters that must be
specified, in practice they may be determined as follows. First, G and N should be chosen
so that the trial is feasible to conduct. Since specifying even G = 2 subgroups may be
extremely useful compared to assuming homogeneity, whether a given G is too large may be
decided by determining a value of N that is feasible, estimating the subgroup propensities,
p. = (pi, -, ps), and computing the expected within-subgroup sample sizes, p,N, -+, p;N.
These may be used in preliminary simulations of the design. The ability of the PGen

I11 design to cluster subgroups may mitigate difficulties presented by a large number of
prespecified subgroups, such as G = 5 or 6.

The definitions of Y, and Y, determine ¢,, and ¢, should provide a clinically meaningful
long-term follow up time for evaluating how Y may depend on 4 in each subgroup. The
fixed limits z, for the early efficacy futility rule, 7, for the toxicity safety rule, and ¢ for
the long term success probability futility rule all are elicited from the clinical investigators.
A numerical utility function may be elicited as described by Thall et al. (2023), Section 4,
by first specifying U(y., y;) = 0 for the worst possible outcome and U(y,, y;) = 100 for the
best possible outcome, and then eliciting utilities of all intermediate outcomes. In practice,
this process is straightforward, since investigators readily understand utility functions, and
provide numerical utilities based on their clinical experiences. The utility function used for
the trial in the simulations reported here corresponds to binary Y and three-level ordinal Y,
and is given in Table S.2 in the online supplementary materials.

Parameters that may be determined by preliminary simulations include the number of
subintervals in the PE model, which usually should be 3 to 5, the fixed decision cutoffs

p, and p, used in (5), the parameter p used to define the candidate dose set after 2 stages, and
the decision cut-offs p, ., for the toxicity probability rule and p, ., for the long term success
probability decision rule used to define the candidate dose sets &7} for g = 1, ---, G. Prior
hyperparameters may be determined using either of the methods discussed above. Details
are provided in the Supplementary Materials. Given G and N, the stage-specific subsample
Sizes ny, my, n; Must satisfy N = n, + n, + n,. FOr a cohort size ¢ = 2,3, 4, or 5, each », should be
a multiple of ¢. Given n,, n, n;, the subgroup-specific sample sizes », ,, n, ., n; . for each g are
determined based on estimates of the subgroup propensities p,, -+, pe.

5. Simulation Study

In this section, we describe a simulation study to evaluate the OCs of the PGen I-II
design, and three competing designs. The simulations were designed to reflect the NK
cell trial. We assumed three non-ordered subgroups (G = 3) corresponding to the disease
groups in Table 1, four dose levels (J = 4), a binary toxicity indicator Y, =0or 1, (L; = 2)
and a three-level ordinal efficacy outcome Y, = 0 for PD, 1 for SD, or 2 for PR or

CR (L = 3). The standardized doses were (0.69, 0.79, 0.90, 1.00). We generated patient
subgroups indexed by g = 1,,2,3 from a trinomial distribution with probability vector

p. = (0.3,0.3,0.4). Based on follow up times #, = 1 for (Y, Yy),t, = 3, and ¢, = 6 months for
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Y, we considered an array of scenarios having different patterns of cluster membership

variables z/™¢ = (z,, z,, z,)"™¢, early outcome optimality criteria ¢(d, g), long term outcome
optimality criteria ¢*(d, g) = Pr(Ys > 5 | d,g), and true outcome distributions.

To specify simulation scenarios, we first fixed the marginal early outcome probabilities
(0| d, g), z5(1 | d,g), and z(2 | d, g) for each (d, g). We used a latent bivariate normal
distribution with ¢}; = 0.2 to obtain joint probabilities z'"%¢(y,, y, | d, g) for y, = 0,1 and

ye =0, 1,2, and computed the resulting ¢;(d, g). Given Y. > 0, we generated failure time Y
following , from a Weibull distribution with conditional hazard function

J
Vevhet Yrors+ D Yol(d =d)
=1

w, — 1
hs(t | YE, Yr,d, g) = ﬂ(i) f o exp
We\We j=

©

for ¢ > 0. To ensure identifiability, we fixed y;,, = 0, 1., = 0 and y,, , = 0. We determined
true values o™, wi™, v, yr'is, yoii to obtain specified values of ¢5“(d, g). The dose
acceptability criteria were determined by b. = (0,0, 1), z, = 0.50, b, = (0, 1) and z, = 0.30 in
Equation (2), with lower limit ¢ = 0.40 on ¢5*(d, g), and p = 0.7. The simulation scenarios

are illustrated in Figure S.1, showing that both z7*“(y; | d, g) and z5“(y; | d, g) increased with
dose, but we allowed ¢3*(d;, g) to be either increasing or non-monotone in dose, with this
pattern differing between subgroups. Using cohort size 3 throughout, stage 1 had 10 cohorts,
stage 2 had 30 cohorts, and stage 3 had 10 cohorts. The resulting sample size N = 150 is 2.5
times the maximum sample size of 60 considered by Thall et al. (2023), since the PGen I-11
design accounts for three subgroups. An accrual rate of 3 patients per month was assumed.
Simulation results for eight scenarios are presented in Tables 1-4, based on 1000 simulated
trials for each design under each scenario.

The simulation scenarios included three configurations of the subgroup clustering variables
z!™e, Scenarios 1 and 4 had z""“¢ = (1, 1, 1), corresponding to complete homogeneity,
Scenarios 2, 3, 5, 6, and 7 had z'"“¢ = (1,2, 1), corresponding to clusters {1, 3} and {2},

and Scenario 8 had z = (1,2, 3), corresponding to complete heterogeneity. We compared the
PGen I-11 design to three competing designs. PGen I-11-Comb behaves like the original Gen
I-11 design by ignoring patient subgroups. PGen I-11-ET is a utility-based phase I-11 design
that ignores Y and selects an optimal dose in each subgroup based on U(Y., Y;). PGen
I-11-Sep conducts a separate trial within each subgroup. The OCs include dose selection
percentages and the mean number of patients treated at each dose for each subgroup.

In Scenario 1, no dose is acceptable for any subgroup due to excessive toxicity probabilities
or unacceptably low values of ¢5*(d, g). The PGen I-11 design terminates the trial early
93.2%, 92.5%, and 94.3% of the time for the three subgroups, which are much larger

than the early stopping probabilities for the PGen I-I11-ET and PGen I-11-Sep designs, and
slightly smaller than the value 97.0 for the PGen I-11-Comb design. In Scenario 2, no dose
is acceptable for subgroups 1 and 3, while d, is optimal for subgroup 2. Table 1 shows
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that the PGen I-11 design performs far better than the PGen I-1I-Comb and PGen I-II-ET
designs. Compared to the PGen I-11-Sep design, the PGen I-11 design performs better for
subgroups 1 and 3, but worse for subgroup 2. This is not unexpected, since subgroups 1 and
3 form a cluster, and the PGen I-11 design shares information between them by identifying
the cluster. In Scenario 3, 4, is optimal for subgroups 1 and 3, while no dose is acceptable for
subgroup 2. Similarly to Scenario 2, the PGen I-I1 design performs significantly better than
both the PGen I-11-Comb and PGen I-11-ET designs. Compared to the PGen I-11-Sep design,
the PGen I-11 design performs better for subgroups 1 and 3, but worse for subgroup 2.

In Scenarios 4 and 7, d, is optimal for all three subgroups. In scenario 4, the three subgroups
are homogeneous and form a single cluster. In Scenario 7, the subgroups form two clusters,
{1, 3} and {2}. In both scenarios 4 and 7, the PGen I-I1 design has significantly superior
performance compared to the PGen I-11-ET and PGen I-11-Sep designs. Since the optimal
dose for all three subgroups is the same, the PGen I-11 design shows slightly less effective
performance compared to the PGen I-11-Comb design, which makes the correct assumption.
In Scenarios 5 and 6, there are two clusters, {1, 3} and {2}, but with different optimal doses.
In scenarios 5 and 6, the PGen I-11 design performs significantly better than both the PGen
I-11-Comb and PGen I-11-ET designs. Compared to the PGen I-11-Sep design, the PGen

I-11 design performs better for the cluster (1, 3) and slightly worse for {23}, In Scenario 8,
each subgroup is a singleton cluster, with different optimal doses for each subgroup. In this
scenario, the PGen I-11-Sep design performs best, while the PGen I-11 design shows slightly
less effective performance. However, PGen I-11 has greatly superior performance compared
to the PGen I-11-Comb and PGen I-11-ET designs.

In summary, across the eight scenarios, the PGen I-11 design outperforms each of the other
three designs, often by a wide margin. Compared to the PGen I-11-Sep design, due to
adaptive clustering the PGen I-11 design has much better OCs when some subgroups are
truly identical. If there are no clusters, PGen I-11 has slightly worse OCs than PGen I-11-Sep,
as expected. In general, PGen I-11 is far superior to both the PGen I-11-Comb design, which
ignores subgroups, and the PGen I-1I-ET design, which ignores Y.

Five additional sets of simulations were conducted to assess the PGen I-11 design’s
sensitivity to (1) values of the interim follow up time ¢,, (2) the parameter p used to
determine the candidate dose set, (3) the data-generating distribution for Y7, (4) the
maximum sample size N, and (5) the assumed distribution of Y. The results are summarized
in Tables S.3 to S.7 in the online supplementary materials. Table S.3 shows that both
selection percentages and numbers of patients treated were insensitive to the different values
of ¢,. Table S.4 shows that values of the closeness parameter p had no substantive effect on
any of the OCs in nearly all scenarios, with a drop of about 4% seen in correct dose selection
percentage for subgroups ¢ = 1 and g = 3 for p = 0.9 in scenario 6. Table S.5 shows that,
while in general the PGen Il design had high probabilities of correctly selecting no dose

in Scenarios 1 and 2 where no doses are acceptable, these probabilities were roughly 6%

to 7% smaller under a Weibull distribution compared to a lognormal. For Scenarios 3 — 8,
where there were some acceptable doses for each subgroup, the correct subgroup-specific
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dose selection probabilities were similar for a Weibull distribution compared to a log-normal
or gamma.

Overall, the simulation results in Table S.6 for the case studied, with three subgroups and
four doses, are quite striking. They show that decreasing the maximum sample size N

from 150 to 120 or 90 substantively decreases subgroup-specific probabilities of correctly
selecting no dose in scenarios 1 and 2, and of correctly selecting optimal doses in scenarios
3 — 8. Thus, running the trial with the smaller values N = 120 or 90 gives a design that is
far less reliable. For example, when N is decreased from 150 to 90, in Scenario 6 correct
selection probabilities drop by as much as 17% for some subgroups, and in Scenario 4 by as
much as 25%. These results show that, if one wishes to use the PGen I-11 design to select
personalized doses, it is extremely important to enroll an adequate overall sample size. The
results in Table S.7 show that, when the data are generated from a Weibull distribution, the
PE distribution-based design performs comparably to the Weibull distribution-based design.
However, in scenarios with greater heterogeneity, such as Scenario 8, the PE distribution-
based design outperforms the Weibull-based design, which shows the advantage of using a
PE distribution.

6. Discussion

Both a clinically and scientifically, it is highly desirable for a clinical trial design to

make personalized treatment decisions that account for treatment-subgroup interactions. Our
simulations show that, across a wide array of scenarios, the PGen I-I1 design is greatly
superior to similarly structured designs that either ignore subgroups or conduct separate
trials within subgroups.

The PGen I-11 design is complex. This is because, in addition to incorporating the
outcomes and decision making structure of the Gen I-11 design, PGen I-11 accounts for
subgroup effects and does adaptive subgroup clustering. To implement the design, practical
requirements include eliciting many prior parameters, specifying a nontrivial number of
design parameters, specifying a set of fairly complex simulation scenarios, and doing
computer simulations to calibrate prior hyperparameters and establish the design’s OCs.
Given the great advantages provided by the PGen I-11 design, however, this effort seems
worthwhile.

The PGen I-11 design provides an attractive an alternative to conducting G separate trials,
one in each subgroup. Given that the Gen I-11 design presented by Thall et al. (2023),

which assumed homogeneity, had N = 60, extending it to a precision design accommodating
three subgroups with N = 150 rather than 180 seems worthwhile. Moreover, the PGen I-11
paradigm is not limited to dose optimization, and may be applied in trials with the goal to
optimize subgroup-specific schedules, dose-schedule combinations, or different treatments.
In such cases, however, it would be necessary to modify the underlying model accordingly.

While we have used PFS time as the long-term endpoint, the PGen I-11 design can
accommodate other endpoints, such as remission duration or Y,s = overall survival time. For
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example, since Y = 0 due to PD occurring prior to ¢, does not imply that Y, < #,, a model
for Y, can be specified without the need to define Y, as done for PFS.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1:

Schematic for the PGen I-11 design with three subgroups. N = n, + n, + n, is the overall

sample size for the whole trial.

Biometrics. Author manuscript; available in PMC 2025 July 31.

DATA

Whole population
Subgroup 1

Subgroup 2

Subgroup 3 D%lT

L X4 [

Page 15




Zhao et al. Page 16

Table 1:
Selection % and mean number of patients treated at each dose level under the PGen I-Il, PGen I-11-Comb,

PGen I-II-ET and PGen I-11-Sep designs. Boldface indicates results for the true optimal decision under each
subgroup. The number under d, is the percentage of trials terminated early for the specific subgroup with no
dose is selected.

1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Scenario 1
Subgroup g=1 g=2 g=3
2 1 1 1
Dose(d) do d, d, d; d, do d d, d; d, do d d, d; d,
;ﬁ,"e(l | d, g) 012 022 036 0.0 012 0.22 036 0.50 0.12 022 036 050
ﬂ—‘E‘“e(] | d, g) 035 030 0.20 0.15 035 030 0.20 0.15 035 030 020 0.15
”’E'“°(2 | d, g) 045 0.60 0.75 0.80 0.45 0.60 0.75 0.80 045 060 0.75 0.80
¢Z;“(d, g) 62.7 695 729 701 62.7 695 729 701 62.7 695 729 701
¢fg’“f(d, g) 0.10 0.20 0.30 0.45 0.10 0.20 0.30 045 0.10 020 0.30 045
PGen I-11 Selection % 932 0.1 0.0 1.6 51 925 0.1 0.0 15 59 943 00 0.0 1.4 43
Patients 125 118 105 37 127 119 106 3.8 172 159 136 43
PGen I-lI- Selection % 97.0 0.0 0.0 15 15 970 00 0.0 15 15 970 00 0.0 15 15
Comb
Patients 124 116 100 27 127 117 100 28 173 158 130 36
PGen I-1I- Selection % 72 269 394 229 36 69 262 402 235 32 68 282 390 233 27
ET
Patients 151 151 102 27 152 151 103 28 20.7 206 133 35
PGen I-lI- Selection % 848 23 1.2 6.0 57 865 16 0.9 44 66 882 0.7 0.4 4.6 6.1
Se
P Patients 138 144 116 3.0 139 142 115 31 182 179 147 38
Scenario 2
Subgroup g=1 g=2 g=3
Zg 1 2 1
Dose(d) dy d, d, d; d, do d d, d, d, do d, d, d; d,
ﬂ;f”e(l | d, g) 010 0.14 018 0.24 0.10 0.12 014 0.16 010 014 018 0.24
7;‘5“‘3(1 | d, g) 035 035 035 0.30 030 030 020 0.15 035 035 035 0.30
”‘E'“°(2 | d, g) 0.45 0.50 050 0.60 035 050 070 0.80 045 050 050 0.60
Z.‘,‘F(d’ g) 63.3 659 647 688 540 651 769 825 63.3 659 64.7 688
d)gf“(d, g) 0.10 020 0.25 0.30 0.20 030 070 0.40 010 020 025 0.30
PGen I-11 Selection % 839 18 0.6 6.1 76 223 21 23 705 28 861 11 0.8 4.6 7.4
Patients 89 104 117 101 106 128 147 104 12.2 137 156 137
PGen I-lI- Selection % 644 0.1 05 310 40 644 01 05 310 40 644 01 05 310 40
Comb
Patients 86 101 135 98 8.8 99 136 9.8 119 134 184 131
PGen I-11- Selection % 26 185 194 195 400 32 139 209 195 425 28 183 179 193 417
ET
Patients 105 120 116 97 101 121 120 9.8 144 160 156 131
PGen I-11- Selection % 723 4.1 35 65 136 158 2.7 30 769 16 785 30 25 46 114
Se
P Patients 95 114 117 105 106 126 133 9.8 12.7 147 156 140
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Table 2:
(Continued).
Scenario 3
Subgroup g=1 g=2 g=3
Z 1 2 1
Dose(d) do d, d, d; d, dy d d, d; d, do d d, d; d,
”‘T"‘e(l | d, g) 010 0.12 0.14 0.16 010 0.14 018 0.24 010 0.12 0.14 0.16
7[?‘5(1 | d, g) 030 030 0.20 015 035 035 035 0.30 030 030 0.20 015
”‘E"‘e(z | d, g) 035 050 0.70 0.80 0.45 050 0.50 0.60 035 050 0.70 0.80
’F_’;“(CL g) 540 651 769 825 633 659 647 688 540 651 769 825
fs’““(d, g) 0.20 030 0.40 0.60 0.05 0.10 015 0.20 020 030 0.40 0.60
PGenl-ll  Selection% 222 18 27 55 678 913 13 04 06 64 229 10 19 55 687
Patients 89 111 127 123 8.6 94 113 114 121 144 173 162
PGen I-11- Selection % 344 02 0.6 21 627 344 02 0.6 21 627 344 02 0.6 21 627
Comb
Patients 8.1 98 119 130 8.4 97 123 132 11.3 127 161 171
PGen I-11- Selection % 2.7 3.2 70 180 691 25 5.6 83 203 633 25 3.6 6.7 179 693
ET
Patients 91 112 126 110 101 111 126 110 126 148 170 145
PGen I-1I- Selection % 222 65 8.6 82 545 961 06 0.7 0.4 22 218 31 6.3 72 616
Se
P Patients 95 116 129 1138 8.6 94 112 110 127 151 176 157
Scenario 4
Subgroup g=1 g=2 g=3
Zy 1 1
Dose(d) do d, d, d; d, dy d d, d; d, dy d d, d; d,
”‘T"‘e(] | d, g) 010 0.12 014 0.6 010 0.12 014 0.16 010 012 014 0.16
”g“c(l | d, g) 030 030 020 0.15 030 030 020 0.15 030 030 020 0.15
”‘E"‘e(z | d, g) 035 050 070 0.80 035 050 070 0.80 035 050 070 0.80
’E"‘T‘?(d, g) 540 651 769 825 540 651 769 825 540 651 769 825
fs’““(d, g) 0.40 050 070 0.60 0.40 050 070 0.60 040 050 070 0.60
PGen I-11 Selection % 23 4.1 64 788 84 21 3.6 47 811 85 2.2 4.5 44 814 75
Patients 81 111 136 115 85 111 135 115 11.0 145 181 152
PGen I-11- Selection % 2.2 2.2 55 812 89 2.2 2.2 55 812 89 2.2 2.2 55 812 89
Comb
Patients 77 113 137 116 80 112 138 115 106 147 183 153
PGen I-11- Selection % 2.0 1.2 45 141 782 20 1.0 45 142 783 19 1.6 42 137 786
ET
Patients 81 112 135 116 84 111 135 115 11.0 144 179 154
PGen I-11- Selection % 23 117 173 588 99 25 144 176 563 9.2 21 114 153 619 93
Sep
Patients 83 111 134 115 86 11.0 135 113 112 146 179 152
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Table 3:
(Continued).
Scenario 5
Subgroup g=1 g=2 g=3
Z 1 2 1
Dose(d) dy d, d, d; d, d d d, d; d d 4 d, d; d,
,,#“e(] | d, g) 0.10 012 014 0.16 0.08 0.08 010 0.10 0.10 012 014 0.16
nz"e(l | d, g) 030 030 020 0.15 040 040 040 035 030 030 020 0.15
ﬂ‘E"’e(Z | d, g) 0.35 050 0.70 0.80 0.55 055 055 060 0.35 050 070 0.80
’Ff;f(d’ g) 540 651 769 825 733 733 726 750 540 651 769 825
’s’““(d, g) 040 050 0.70 0.60 020 035 050 075 040 050 070 0.60
PGen I-11 Selection % 24 77 103 673 123 53 22 47 240 638 23 77 101 671 128
Patients 95 116 128 106 95 114 131 108 12,7 152 173 141
PGen I-11- Selection % 40 20 40 640 260 40 20 40 640 260 40 20 40 640 260
Comb
Patients 91 124 122 106 95 121 128 109 116 155 16.7 146
PGen I-1I-ET Selection % 17 43 54 188 698 10 109 86 184 611 15 38 58 185 704
Patients 95 116 128 10.6 103 115 126 106 127 151 173 141
PGen I-11-Sep Selection % 21 135 149 595 100 6.1 3.0 41 187 681 24 116 159 618 83
Patients 96 116 127 106 94 114 131 109 128 151 174 141
Scenario 6
Subgroup g=1 g=2 g=3
Z 1 2 1
Dose(d) dy d, d, d; d, d, d d, d; d d, d d, d; d,
7[;“6(1 | d, g) 0.10 012 014 0.16 0.08 0.08 010 0.10 0.10 012 014 0.16
ﬂ‘bf“e(l | d, g) 0.30 020 0.45 0.10 040 040 040 0.35 030 020 0.5 0.10
7[‘[;{“6(2 | d, g) 050 070 0.80 0.90 055 055 055 0.60 050 0.70 0.80 0.90
¢'E’“T“(d, g) 65.7 777 832 888 733 733 726 750 65.7 777 832 888
’Sf“e(d’ g) 040 070 0.60 0.50 020 035 050 0.75 040 070 0.60 0.50
PGen I-11 Selection % 05 39 808 132 16 82 45 124 290 459 04 30 830 126 10
Patients 11.7 141 121 7.2 109 139 123 74 158 187 160 95
PGen I-11- Selection % 07 24 593 254 122 07 24 593 254 122 07 24 593 254 122
Comb
Patients 112 144 121 7.2 112 141 123 73 153 188 162 96
PGen I-1I-ET Selection % 0.2 108 140 288 462 04 167 141 276 412 02 109 140 287 462
Patients 11.7 141 119 7.2 119 137 120 7.1 16.0 186 158 9.6
PGen I-11-Sep Selection % 04 122 706 157 11 92 55 87 278 488 05 72 792 122 09
Patients 118 142 120 7.2 109 139 124 75 16.0 187 158 943
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Table 4:
(Continued).
Scenario 7
Subgroup g=1 g=2 g=3
Z 1 2 1
Dose(d) do d, d, d; d, do d, d, d; d, do d, d, d; d,
”‘T"‘e(l | d, g) 010 0.12 014 0.16 0.08 0.08 010 0.10 0.10 012 014 0.16
ﬂg“(l | d, g) 030 030 020 0.15 040 040 040 035 030 030 020 0.15
”‘g‘e(z | d, g) 035 050 070 0.80 055 055 055 0.60 0.35 050 070 0.80
’F_’;E(CL g) 540 651 769 825 540 651 769 825 540 651 769 825
'S’““(d, g) 040 050 070 0.60 020 0.35 060 0.40 040 050 070 0.60
PGen I-11 Selection % 2.3 7.3 98 705 101 6.9 4.4 82 693 112 21 6.7 115 712 85
Patients 95 117 128 106 95 115 130 107 126 152 174 141
PGen I-11- Selection % 2.4 2.6 65 802 83 24 2.6 65 802 83 24 2.6 65 802 83
Comb
Patients 92 116 129 107 93 115 131 108 125 154 174 141
PGen I-11- Selection % 1.7 4.3 54 188 698 10 109 86 184 611 15 3.8 58 185 704
ET
Patients 95 116 128 106 10.3 115 126 10.6 12,7 151 173 141
PGen I-11- Selection % 22 123 163 584 108 7.3 4.4 90 682 111 26 107 158 616 93
Se|
P Patients 95 115 128 107 94 114 132 108 128 151 173 141
Scenario 8
Subgroup g=1 g=2 g=3
Zy 2 3
Dose(d) do d d, d; d, d, d, d, d; d, do d, d, d; d,
”‘Tf“e(l | d, g) 010 0.12 014 016 016 020 026 0.30 0.08 0.08 0.10 0.10
”g“(l | d, g) 020 020 020 0.15 035 030 030 0.30 030 030 025 020
”‘E"‘e(z | d, g) 040 045 055 0.65 055 0.65 0.65 0.65 0.30 045 0.60 0.70
’E’“Te(d, g) 549 582 653 709 69.2 740 720 70.6 50.7 624 720 784
'S’““(d’ g) 030 040 070 0.40 030 0.60 040 0.35 020 030 035 075
PGen I-11 Selection % 120 25 96 700 59 144 50 642 111 53 183 08 2.7 57 725
Patients 94 113 123 107 96 11.8 120 108 115 142 163 166
PGen I-11- Selection % 8.7 08 148 418 339 87 08 148 418 339 87 08 148 418 339
Comb
Patients 85 113 126 111 86 111 128 113 117 151 168 152
PGen I-11- Selection % 28 101 118 143 610 31 214 159 164 432 43 53 140 138 626
ET
Patients 97 111 119 110 100 111 120 109 122 149 164 153
PGen I-11- Selection % 105 32 88 761 14 123 48 695 111 23 184 09 15 37 755
Se|
P Patients 96 113 123 107 9.7 119 121 106 115 140 162 167
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