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Abstract

The dose/exposure-efficacy analyses are often conducted separately for oncology
end points like best overall response, progression-free survival (PFS) and overall
survival (OS). Multistate models offer to bridge these dose-end point relation-
ships by describing transitions and transition times from enrollment to response,
progression, and death, and evaluating transition-specific dose effects. This study
aims to apply the multistate pharmacometric modeling and simulation framework
in a dose optimization setting of bintrafusp alfa, a fusion protein targeting TGF-§
and PD-L1. A multistate model with six states (stable disease [SD], response, pro-
gression, unknown, dropout, and death) was developed to describe the totality
of endpoints data (time to response, PFS, and OS) of 80 patients with non-small
cell lung cancer receiving 500 or 1200 mg of bintrafusp alfa. Besides dose, evalu-
ated predictor of transitions include time, demographics, premedication, disease
factors, individual clearance derived from a pharmacokinetic model, and tumor
dynamic metrics observed or derived from tumor size model. We found that prob-
abilities of progression and death upon progression decreased over time since
enrollment. Patients with metastasis at baseline had a higher probability to pro-
gress than patients without metastasis had. Despite dose failed to be statistically
significant for any individual transition, the combined effect quantified through
a model with dose-specific transition estimates was still informative. Simulations
predicted a 69.2% probability of at least 1 month longer, and, 55.6% probability of
at least 2-months longer median OS from the 1200 mg compared to the 500 mg
dose, supporting the selection of 1200 mg for future studies.
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Study Highlights

WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?

The associations between dose/exposure and oncology end points like overall
response rate, progression-free survival, and overall survival (OS) are typically
analyzed independently from each other.

WHAT QUESTION DID THIS STUDY ADDRESS?

Multistate models naturally connect multiple clinical end points by describing
the transitions and transition times from enrollment to response, progression,
and death. This study explored a scenario where transition-specific dose effects
were evaluated and jointly informed the probability of achieving clinically mean-
ingful separations of OS between two dose levels.

WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?

Trends of relatively higher probability of response, as well as lower probability of
progression and death upon progression was found in patients receiving 1200 mg
versus 500 mg bintrafusp alfa. Simulations indicated a ~70% probability of clini-
cally meaningful OS improvement from the higher tested dose compared to the
lower dose.

HOW MIGHT THIS CHANGE DRUG DISCOVERY, DEVELOPMENT,
AND/OR THERAPEUTICS?

This analysis show-cased multistate model as a powerful tool in oncology dose-
optimization setting, and potential opportunities for cross end point bridging,
patient selection for individualized therapy, and real-time predictions of state

change.

INTRODUCTION

Project Optimus, driven by the US Food and Drug admin-
istration (FDA), emphasizes the importance of a good un-
derstanding of the dose/exposure-response relationship
during the early development of anticancer drugs.' The
associations between dose/exposure and efficacy for end
points like best overall response (BOR), progression-free
survival (PFS), and overall survival (OS) are most of the
times estimated separately using logistic regression for
BOR and Cox proportional hazards models for PFS and
OS. However, these classic analyses suffer from static and
compartmentalized views. In particular, logistic regres-
sion analysis for BOR overlooks longitudinal information,
such as the time to response, duration of response, and
time of progression, which hinders its connection to pa-
tient clinical benefit in PFS and OS. Similarly, it is difficult
to link dose effect on PFS to OS when estimated separately.
The potential inconsistencies in the results make it chal-
lenging to gain a reliable and integrated understanding of
the underlying dose/exposure-efficacy relationship.

To overcome these limitations, this study used a mul-
tistate model, which describes the transitions and transi-
tion times from enrollment to response, progression, and
death. This approach naturally integrates multiple clinical
end points within one modeling framework, leveraging

the totality of longitudinal clinical outcome data (time to
response, PFS, and OS).3’4 Moreover, the assumption of
proportionality in the Cox model for OS analysis, where
the hazard ratio of death between doses remains constant
overtime, may not hold true. This could lead to biased es-
timates of dose/exposure effects, as intermediate events
of response and progression can substantially change the
risk of death and associated drug effects. With a multistate
model, transition-specific drug effects can be investigated,
providing a granular evaluation of dose/exposure—-efficacy
relationships. Such an approach enables the deriva-
tion and comparison of expected patient benefits from
different dose levels via simulations in support of dose-
optimization decisions.

Another problem encountered in oncology exposure-
response analyses is immortal time bias, which arises
when relating predictors measured post-baseline to time-
to-event end points.” Examples of such predictors include
drug clearance and exposure, or maximal reduction of
a biomarker like tumor size. The multistate modeling
framework protected the reliability of conclusion from
immortal time bias by testing predictors in a prospective
manner: only information before a state observation was
used to predict the transition out of the state or staying
within the same state at the next observation(s). An appli-
cation example was published by Krishnan et al.,* where
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the past change in tumor size from baseline derived from
a longitudinal tumor growth inhibition (TGI) model was
used to forecast the transition from SD to response.

Bintrafusp alfa is an investigational first-in-class bi-
functional fusion protein with a molecular structure com-
posed of the extracellular domain of the TGF-BRII receptor
designed to function as a transforming growth factor beta
(TGF-B) “trap” fused to a human IgG1 antibody blocking
programmed death-ligand 1 (PD-L1). Two randomized
doses (500mg vs. 1200mg) were tested in an expansion
cohort of a phase I study, which enrolled 80 patients with
non-small cell lung cancer (NSCLC) receiving monotherapy
bintrafusp alfa as second-line (2L) treatment.® A previous
analysis found that initial bintrafusp alfa clearance had a
inversed correlation with efficacy (BOR/PES).” This trend
has also been observed for multiple approved PD-1/PDL-1
inhibitors,'° for which clearance was found to decrease
over time with extent inversely correlated with treatment
response.’’'* A potential explanation is that clearance is
affected by the underlying physiological state that parallels
the disease severity.14 For example, patients with cancer ca-
chexia suffer from a negative energy balance with high pro-
teolytic clearance, and have reduced treatment benefit and/
or shorter survival.'>*® These phenomena makes clearance
a potential predictor of tumor response and survival, and at
the same time challenges the evaluation of causal exposure-
efficacy relationship."**'” The apparent concentration-
response relationship would be a combination of the causal
concentration-response relationship and the clearance-
response relationship, making its interpretation very chal-
lenging. Therefore, dose instead of concentration was tested
as predictor of efficacy in this analysis.

The objectives of this analysis were to develop a mul-
tistate modeling and simulation framework to describe
the phase I clinical end points data originating from the
above-described study of two randomized doses in pa-
tients with NSCLC, and to evaluate potential dose-efficacy
relationship. Besides dose, evaluated predictors of mul-
tistate transition rates include: (i) time, (ii) baseline co-
variates, (iii) individual systemic clearance (CL) derived
from a population pharmacokinetic (PK) model, and (iv)
observed and derived tumor dynamic metrics from a TGI
model.

MATERIALS AND METHODS
Patients and data

The 2L NSCLC expansion cohort of the phase I trial (Clini
calTrials.gov Identifier: NCT02517398) enrolled patients
(n=80) with advanced NSCLC, randomized 1:1 to re-
ceive 500 or 1200 mg of bintrafusp alfa every 2 weeks until

investigator-assessed disease progression, unacceptable
toxicity, or trial withdrawal. The trial was conducted fol-
lowing the International Good Clinical Practice Standards
consistent with the International Conference on
Harmonization (ICH) Topic E6 GCP and the Declaration
of Helsinki. Informed consent was retrieved from all
patients.

The PK sampling schedule is provided in Table S1.
Tumor evaluations were scheduled at screening (base-
line), during treatment (every 6weeks in the first year
and thereafter every 12weeks), and at post-treatment
follow-ups. Tumor lesion sizes and response categories
were determined by the local investigator, followed by
an Independent Endpoint Review Committee (IRC), ac-
cording to Response Evaluation Criteria in Solid Tumors
(RECIST) version 1.1."® Once progressive disease (PD) was
observed for one patient, following observation of SD or
response were treated as continued progression.

Baseline covariates prespecified for analysis included
age, body weight, race, sex, smoking, Eastern Cooperative
Oncology Group (ECOG) status, metastases, liver metas-
tases, CRP, LDH, neutrophil-to-lymphocyte ratio, PD-L1
expression in tumor cells, TGF-f1 plasma concentration,
number of nontarget lesions, histology, previous medica-
tion with biologics and previous medication with antibiot-
ics, and concomitant corticosteroids.

Development of PK and TGI model

For details refer to the Appendix S1. In summary, a pub-
lished PK model" was adapted to describe the plasma
concentrations of bintrafusp alfa available from the 2L
NSCLC expansion cohort. The potential time-varying
CL was evaluated by testing the empirical model of CL
change over time”™ or by including observed tumor size
as time-varying covariate. The longitudinal measure-
ments of tumor size (sum of longest diameters [SLD] of
target lesions per IRC) were described by the TGI model.*!
Subsequent covariate analysis explored dose, CL, and
baseline covariates in explaining the interindividual vari-
ability of TGI model parameters.

Development of the multistate model

The developed model consisted of six states informed by
tumor response and survival data. The longitudinal inter-
mediate state observations were derived from the repeated
measurements of overall tumor response per IRC accord-
ing to RECIST 1.1 criteria:

« S;: Stable disease (SD: stable disease)


http://clinicaltrials.gov
http://clinicaltrials.gov

ONCOLOGY DOSE-RESPONSE WITH MULTISTATE MODEL

| 1741

+ S,: Response (PR: partial response or CR: complete
response)

+ S3: Progression (PD: progressive disease)

+ S,; Unknown (treatment and tumor evaluation were
terminated without preceding PD documented, thus the
current state of tumor response remains unknown).

The observations of absorbing states were derived from
the survival data:

+ Ss: Dropout (lost to follow-up for survival but not right-
censored nor have died during the observed study period)
» S Death

The derived multistate observations from representa-
tive patients are shown in Figure 1a. The state and tran-
sition diagram are shown in Figure 1b. The states were
modeled as compartments with the amount being the
probability of occupying the state. All patients were as-
sumed to be in SD (S,) at treatment initiation, and there-
fore an amount (or probability) of 1 was given to S; at
time 0. This probability was then distributed across the six
states following the differential Equations 1-6. The sum
of probabilities equals to 1 at any timepoint (Equation 7).
After each observation, the probabilities of all states were
reset to zero, and a probability of 1 was given to the ob-
served state. Example NONMEM code and dataset are in-
cluded in the Appendix S2.

The transitions of patients were assumed to be unidi-
rectional (e.g., patients that moved from response [S,] to
progression [S;] cannot move back to response [S,] after
progression). This property was introduced by defining
only a forward transition hazard k; from state i to j (i <)
at time ¢, and resetting the probability (P,) of observed
state to 1 and all other states to 0 after each observation.

dP, /dt=—Py - (kiy () +ky3(8) +kia(O) +kys(D)+kye() ) (1)
dP,/dt =Py -ky5(t) = Py - (kps(t) + kg (1) + ks (1) + pg (1) ) (2)
dP3/dt =P, -k3(t)+ P, - ky3(t) = P3- (ks (D) +k36(t) ) (3)
dP,/dt =P ki, (t)+P, - kpy(t) = Py - (kys(D) +kge(t) ) (4)
dPs/dt =Py -kys5(t)+ Py - kys(t) + P5 - kss () + Py -kas(t)  (5)
dPg/dt =Py -kyg(t) + Py - kyg(t) + P3 - ky(t)+ Py -kyg(t)  (6)

1)1 + 1)2 + 1)3 + 1)4 + 1)5 + 1)6 =1 (7)

Both a constant (exponential) and a time-varying
ki characterized by Weibull function were assessed
(Equations 8 and 9):

ASCPT

kij(t) = scaleij (8)

shape;—1

k;j(t)=scale;; - shape;; - (scale; - f) 9)
where both ¢ as time since treatment initiation or as time
since entering the state were evaluated. Shape;; <1and >1
indicates a decreasing and increasing hazard with time,
respectively. If transition to death (Sg) was estimated with
high uncertainty or close to 0 it was fixed to the Gompertz-
Makeham distribution to allow for a hazard no lower than
the expected age-specific hazard of death.”

The ability of covariates in describing data through in-
fluencing the transition rate constant k;; was tested with a
proportional hazard model. For example, for individual z
with continuous covariate X the transition hazards will be:

kij,k = kij,O . e(ﬂX‘(Xz_Xmedian)) (10)

where kij,o is the baseline transition hazard, fx is the co-
efficient of the effect of X on transition from state i to j.
Xmedian 1S the population median value of X for baseline
covariate, and median value of X at baseline for time-
varying covariates.

Preselected baseline covariates, PK model-derived
Empirical Bayes Estimates (EBEs) of individual CL and
observed or TGI model-derived tumor dynamic met-
rics were tested on all estimable transitions in a univari-
able analysis. Additionally, time in response and time
to progression were tested on the transition hazard ks
(progression — death).

Derivation of EBEs of individual clearance

The prospective evaluation (Proseval) tool** in PsN** was
used to update the EBEs of individual CL continuously as
more observations became available given the same set
of population parameters from the final PK model. This
methodology is in contrast to calculating the individual
CL with all available longitudinal PK observations in a
sequential or joint modeling approach.* The latter could
introduce bias in a setting where potential time-varying
clearance correlates with disease severity, as the informa-
tion of how clearance vary with time obtained in the future
would be involved in the forecast of current disease status.

Derivation of tumor dynamics metrics

Both observed and TGI model derived tumor dynamic
metrics (baseline SLD, relative change in SLD [i] from
baseline, [ii] from tumor nadir, and [iii] between the
two previous measurements), and model derived tumor
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FIGURE 1 Multistate observations demonstrated with example patients (a). The blue triangles represent the initial state of stable
disease (SD) at treatment initiation. The triangle shape indicated that the state of patient was assumed to be SD at first dose administration,
as tumor assessment was conducted at screening before the initiation of treatment. The squares represent states observed from repeated
overall tumor response evaluations (once every 6 weeks): blue state observations were stable disease (SD); green response state observations
were partial response (PR) or complete response (CR); yellow progression state observations were progressive disease (PD); pink unknown
state observations (pink) were imputed if the tumor evaluation was terminated without preceding PD documented. The circles represent
absorbing states observed as survival events: gray dropout states were observed at the date of last date known to be alive; black death states
were observed at the date of death. State and transition diagram (b). Each compartment is a state and the arrows are observed transitions
between states. All patients were assumed to have SD (S,) at treatment initiation (time=0), and could stay stable (S,), respond (S,) or
progress (S;). Patients with response (S,) could stay in response (S,) or progress (S;). State of patients who discontinued treatment without
progression (S,/S,) would transit to unknown (S,). If survived pass the data cutoff date, patients could be censored at the intermediate states
(S,/S,/85/S,). Patients would transit to the absorbing states if dropped out from survival follow-up (S5) or died (S,). Patients who are still
alive at the data cutoff date were right censored at their current state. The number of patients who experienced a certain transition between
each state, or censored at the intermediate states is represented by n for each arrow or in each box, respectively.
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growth rate K and shrinkage rate constant k, were tested
as prospective predictors as described by Krishnan et al.*
Specifically, the state for a patient at time ¢ is not observed
until the SLD at time ¢ has been measured, therefore the
SLD value at time ¢ should not be used to inform predic-
tors forecasting the state at time t. Therefore, to predict
the state observation at time ¢, the current analysis only
used SLDs observed before time ¢, EBEs of TGI model pa-
rameters informed by past-observed SLDs using Proseval,
and model-predicted SLD at time ¢ based on the EBEs.

Dose-response analysis

Two parallel approaches were prespecified to quantify the
dose effects: (1) a p value driven covariate analysis of dose
on transition rates, similar to other predictors; And (2) esti-
mation of dose-specific transition rates, in which dose was
predefined as a predictor on each transition. The second
approach helps to avoid selection bias due to conditioned
inclusion based on multiple testing, thus ensured an unbi-
ased estimate of the impact of dose on efficacy end points.

Derivation of PFS and OS

The clinical end points PFS and OS were derived from
multistate records. PFS was defined as the time from treat-
ment initiation to progression (Ss), or transition to death
(Se) from stable (S;)/response (S,). If a patient transited to
unknown (S,), dropout (Ss), or was right censored without
a preceding PD or death event, PFS was censored the date
of the last available tumor evaluation. If a patient transited
to unknown (S,) state at the first post-treatment initiation
tumor assessment (i.e., no post-baseline tumor size [TS]
assessment was conducted), and no death occurs, PFS is
censored at day 1. OS was defined as the time from treat-
ment initiation to the transition to dropout (S5)/ death (Sg),
or the data cutoff date if right-censored in an intermediate
state.

Simulations

A multistate model with dose-dependent transition pa-
rameters was used to evaluate its combined effect on clini-
cal outcomes including PFS and OS via simulations. Five
hundred simulation replicates were generated by sampling
parameter vectors from the posterior distribution obtained
with Sampling Importance Resampling,*® thus accounting
for parameter uncertainty. Each sample of the parameter
vector was applied for a virtual population of significant
size (n=5000) generated by resampling covariates from

ASCPT

the analysis population (n=380) stratified by dose. Using
such large size of the virtual population, ensured that any
variation between the results of the simulated replicates
would be attributed to the uncertainty of the multistate
model parameters acquired in the estimation step.

Data analysis

NONMEM (version 7.4.4)*” was used with runs executed
by Perl-speaks-NONMEM (PsN, version 5.2.0).** R (ver-
sion 4.0.4) and Xpose4 (version 4.7.1) were used for the
exploratory analysis and model assessment.”*** For the
multistate model, LAPLACE LIKE was used for estima-
tion and p<0.05 was set as statistical significance level.
For PK and TS model, see Appendix S1. Models' pre-
dictive performance was evaluated by visual predictive
checks (VPCs). If a statistical significance was driven by
few (<3) individuals, the relationship was reported but not
included in the final model to minimize the risk of false
positivity due to influential individuals in combination
with multiple testing.

RESULTS
Patients and data

Baseline characteristics of enrolled patients are summa-
rized in Table 1. The 998 assayed plasma concentrations
indicated dose-proportional PKs and close to complete sep-
aration of systemic exposures between the two dose groups
(Figures S1 and S2). SLD of target lesions per IRC were
available for 76 out of 80 patients at baseline (screening)
with a median of 57mm (range 13-262mm) and plotted
in Figure S3. The time interval between the baseline meas-
urement and the first dose administration was on average
17.6days (1.4-48.4days). At least one SLD measured after
treatment initiation was available for 73 patients and the
median TS follow-up was 12weeks (range 2-177 weeks).
The SD or PR observed after an initial PD was treated as
continued PD. The number of such patients observed was
one and one, respectively. OS data were collected for a me-
dian of 52 weeks (range 1-180weeks) after the start of bin-
trafusp alfa treatment. Fifty-six patients (70%) had death
events with a median time to death of 47weeks (range
1.3-166).

PK and TGI models

A two-compartment model with time-constant
first-order linear elimination described the PK data
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TABLE 1 Summary of patient characteristics stratified on dose,

presented as mean (standard deviation) [minimum; maximum|
{number of subjects missing} or number of subjects (%).

Baseline
characteristics

Age (years)

Body weight (kg)

Sex
Female
Male
Race
White
Black/African
Americans
Asian
Smoking status
Never used
Former/regular

C-reactive protein
(mg/L)

Lactate
dehydrogenase
(U/L)

Neutrophil-to-
lymphocyte ratio

TGF-p1 plasma
concentration

(ng/L)
PD-L1 tumor cell
expression (%)
ECOG score
0
1
>1
Metastases
Yes
No
Liver metastases
Yes
No

Number of non-
target lesions

Histology
Non-squamous

Squamous

500mg
(n=40)
63.9 (8.9)

[43.0; 85.0]

68.0 (15.6)
[41.9; 109.0]

16 (40%)
24 (60%)

25 (62%)
0(0%)

15 (38%)

13 (32%)
27 (68%)

27.1(26.7)
[1.0; 88.2] {3}

327.2(152.9)
[80.0; 769.0] {1}

4.1(1.9)
[0.9;9.1]

7058.3 (10,101.9)
[625.0; 32,904.2] {7}

35.6 (29.6)
[2.0; 100.0] {2}

13 (32%)
27 (68%)
0 (0%)

33 (82%)
7 (18%)

7 (18%)
33 (82%)

5.2(2.5)
[1.0;11.0]

32 (80%)
8 (20%)

1200 mg
(n=40)
62.1 (11.1)

[38.0; 79.0]

70.8 (13.8)
[44.3; 107.8]

7 (18%)
33(82%)

14 (35%)
1(3%)

25 (62%)

5(12%)
35 (88%)

30.8 (70.0)
[0.4; 429.1]

301.3 (202.5)
[144.0; 1259.0] {1}

3.7(2.4)
[1.6;14.0]

6254.4 (13,832.8)
[625.0; 77,104.5] {1}

37.5 (31.3)
[0.0; 95.0] {3}

7 (18%)
33 (82%)
0(0%)

32 (80%)
8 (20%)

4(10%)
36 (90%)

4.5(2.3)
[1.0; 10.0]

31 (78%)
9 (22%)

TABLE 1 (Continued)

Baseline 500mg 1200 mg
characteristics (n=40) (n=40)
Previous medication with biologics®
Yes 7 (18%) 9 (22%)
No 33 (82%) 31 (78%)
Previous medication with antibiotics®
Yes 14 (35%) 11 (28%)
No 26 (65%) 29 (72%)
Concomitant corticosteroids
Yes 20 (50%) 23 (58%)
No 20 (50%) 17 (42%)

Abbreviation: ECOG, Eastern Cooperative Oncology Group.

*Biologics treatment received prior to therapy with bintrafusp alfa.
bSystemic antibacterial medication received at any time in the period from

1 month (29 days) before until 1 month (29 days) after randomization for any
duration.

(parameter estimates given in Table S2; VPC in
Figure S4). No time-varying clearance was identified.
The longitudinal SLDs were described by a TGI model
with a K of 1.43mm/week, a kj of 0.0306 per week,
and a half-life of drug effect disappearance of 124 weeks
(Table S2; VPC in Figure S5). No significant association
was found among dose, CL, or baseline covariates with
tumor dynamic parameters. For detailed description of
the results (see Appendix S1).

Multistate model

The multistate data consisted of 406 observations de-
rived from 326 post-baseline tumor response categories
(75 SD, 127 PR, and 124 PD) and 80 absorbing events
(56 deaths, 13 dropouts, and 11 censored at data cutoff),
leading to 155 transitions between states (Figure 1a)
and 251 transitions within states. The observed transi-
tions to dropout (S;) were well-described by the drop-
out completely at random assumption (k5 = k35 = kys).
Alternative assumptions (e.g., dropout rate is dependent
on current state) were tested but did not improve the de-
scription of data. Ten patients moved to the unknown
state (S,), including patients who discontinued treatment
due to adverse events (n=2), physician's decision (n=1)
or investigator-assessed progression (n=6), and a pa-
tient who had missing data (n=1). The k;4 (SD — death)
was fixed to the Gompertz-Makeham distribution due
to high parameter uncertainty. The shape parameter
of k3 (SD — progression) and k;4(progression — death)
were lower than 1, indicating decreased probability of
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progression and death upon progression over time since
treatment initiation.

In the univariable analysis, neither dose nor CL was
found statistically significant in predicting transitions. The
statistically significant predictor-transition relationships
are reported in Table S3. The only predictor included in
the final model was metastases at baseline that increased
k5 by 4.18-fold (95% confidence interval [CI], 1.45, 12.06).
Race was associated with dropout rate, which is likely con-
founded by study sites, as all patients (n=13) dropped out
were Asians from four Asian sites out of 25 global sites
(Table S4), and thus this relationship was not retained.
The remaining identified relationships were driven by
one or two influential individuals. For example, a bigger

ASCPT

model-predicted increase of SLD at progression from base-
line and higher tumor growth rate K were associated with
higher k¢ (progression — death), which was not included
in the final model due to predefined inclusion criteria (>3
influential individuals). The final multistate model esti-
mates (Table 2) provided an adequate fit of the transitions
as well as the joint PFS and OS (VPCs shown in Figure S6).

Dose response analysis

In the univariable analysis, dose did not achieve statistical
significance as a predictor for any transition rate (p > 0.01).
Based on the final multistate model, dose-dependent

TABLE 2 Parameter estimates and uncertainty of the multistate models.

Final multistate model

Final multistate model with dose-

estimated value dependent estimated value
(95% CI)*

Parameter Transition (95% CI)* 500 mg q2w 1200 mg q2w
klzb Stable disease — Response 0.032 0.037 0.029

(0.021, 0.050) (0.020, 0.080) (0.019, 0.054)
scale; 5 Stable disease — Progression 0.157 0.371 0.089
shape,; (0.086, 0.341) (0.148, 2.339) (0.053, 0.187)

0.427 0.292 0.584

(0.247, 0.631) (0.072, 0.568) (0.330, 0.891)
k, 4b Stable disease — Unknown 0.012 0.020 0.007

(0.006, 0.023) (0.010, 0.050) (0.003, 0.020)
ke Stable disease — Death -
kz3b Response — Progression 0.013 0.012 0.013

(0.008, 0.022) (0.006, 0.027) (0.008, 0.028)
Ky, Response — Unknown 0.003 0.002 0.004

(0.001, 0.008) (0.001, 0.009) (0.002, 0.012)
k26b Response — Death 0.002 0.002 0.002

(0.0008, 0.006) (0.001, 0.010) (0.001, 0.009)
scales* Progression — Death 0.023 0.028 0.015
shape,° (0.015, 0.044) (0.016, 0.091) (0.010, 0.031)

0.631 0.542 0.941

(0.439, 0.862) (0.320, 0.771) (0.510, 1.378)
kol Unknown — Death 0.008 0.007 0.007

(0.004, 0.015) (0.004, 0.020) (0.003, 0.018)
k1,3‘4_5b Stable disease and Progression and ~ 0.003 0.001 0.004

e
PrETas 0N Ky

Unknown — Dropout

Stable disease — Progression

(0.002, 0.005)
—1.431

(—2.570, —0.497)

(0.001, 0.004)
—1.430

(—2.398, —0.489)

(0.003, 0.008)

Abbreviation: CI, confidence interval.

Obtained from Sampling Importance Resampling.

bExponential distribution (week-1).

“Weibull distribution, k;; = scale;; « shape;; « (scaleij ot

) shape;;—1

9Fixed to the Gompertz-Makeham distribution.

Coefficient of the metastasis at baseline on k;5

, tis time since treatment initiation.
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transitions were estimated (AOFV=-14.2, df=11,
p=0.22). The parameter estimates (Table 2) suggested a
trend of relatively higher probability of response, as well
as a lower probability of progression and death upon pro-
gression, in patients receiving 1200mg vs. 500mg q2w.
The VPCs stratified on dose (Figure 2) showed a good pre-
dictive performance of the model for both dose groups.

Simulations

Over the 500 simulated replicates, the median (95% CI) of
simulated overall response rate (ORR) was 20% (10, 32)

500 mg Q2W
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and 27% (15, 42), PFS was 1.4 (1.3, 1.5) and 2.6 (1.3, 3.7)
months, and OS was 11.0 (7.4, 16.5) and 13.7 (9.5, 17.8)
months for 500 and 1200 mg, respectively. These values
are in line with the observed ORR of 15% and 28%, median
PFS of 1.4 and 2.7, and median OS of 9.5 and 12.2 months
for the two dose groups (Figure 3). More survival benefits
for patients with higher dose is predicted during the first
6 months, however, the difference diminishes over time.
As shown in Figure 4, the simulation results predicted
a 69.2% and 55.6% probability of at least 1 and 2 months
longer median OS, respectively, for the 1200 mg compared
to the 500mg dose. The probability that 500mg has the
same or better efficacy as 1200 mg in terms of median OS

1200 mg Q2W
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FIGURE 2 Visual predictive checks (VPCs) of the proportion of patients in each state and Kaplan-Meier curve of progression-free
survival (PFS) and overall survival (OS), stratified on patient receiving 500 or 1200 mg every 2weeks (q2w) of bintrafusp alfa. In the VPCs
of proportion of remaining patients in the different states, solid lines represent the observed data, and gray shaded areas are 95% confidence
intervals (CIs) from 500 simulations. In the Kaplan-Meier VPC, the black solid line represents the observed data, the gray solid line
represents the median and the gray shaded area is 95% CIs from 500 simulations.
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FIGURE 3 Comparison of simulated Kaplan-Meier curves of progression-free survival (PFS) and overall survival (OS) between dose
groups (1200 mg q2w vs. 500 mg q2w). Kaplan-Meier plot of expected PFS and OS for virtual patients with second-line non-small cell lung
cancer receiving 500 mg (red) or 1200 mg (blue) every 2weeks (q2w) of bintrafusp alfa. The solid lines represent the median and the shaded

areas are 90% simulation interval from 500 simulated trials.

FIGURE 4 Cumulative probability of 1.0 4
the difference in median overall survival
(OS) between two dose groups (1200 mg
vs. 500 mg) in months. Cumulative - 0.8
probability for a difference in median OS =
of X was calculated as the percentage of -g
simulated trials with the median OS of the .8 0.6
1200 mg dose arm is longer than X months s ’
compared to the median OS of the 500 mg q>)
dose arm. E 0.4
=]
S
&
0.2 1
0.0 4 T
10 9 8

is 21.8%. In an early development setting, these results
provide a strong rationale to proceed with the 1200mg
dose.

DISCUSSION

To the best of our knowledge, this is the first study to
use a multistate modeling and simulation framework
for evaluating dose-response relationships of anticancer
drug. Survival analysis with multistate model has use-
ful application in statistics and epidemiology,*® and was
first introduced for pharmacometric analysis of OS in
clinical oncology research setting by Krishnan et al.,* as
a method accounting for the influence of intermediate
events on hazard of death, and link predictors measured

76 5432101234 -
Difference in median OS (months)

post-baseline (e.g., tumor dynamic metrics) to OS with-
out introducing immortal time bias. In this analysis,
multistate model with dose-specific transition rates was
established and provided an adequate fit of the observed
transitions, and jointly the PFS and OS for the patients
with NSCLC receiving 2L bintrafusp alfa in both the
500mg and the 1200 mg group, based on which the sim-
ulation step supported the selection of 1200 mg dose for
future studies.

Bias in the estimation of treatment benefit can be re-
duced naturally with multistate modeling framework. In
a recent publication, “second-line treatment” was treated
as a state and enabled the separation of the confounding
effect of subsequent therapy from the investigated effect
of primary treatment on OS.*! In this study, the frame-
work was expanded to incorporate the unknown state
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to accommodate patients who were lost to follow-up for
tumor assessment (n=10, 12.5%) due to treatment termi-
nation before progression or have missing tumor response
data, thus avoided assuming such patients retained in the
stable or response state. Furthermore, the dropout state
was added to account for patients lost to survival follow-up
(n=13,16.25%). These modifications ensured an unbiased
assessment of transition hazards and corresponding effect
of dose and coefficient of covariates.

With the ability to examine individual transition be-
tween states, multistate models enhanced the power to
identify predictors that are particularly relevant for cer-
tain transitions but not necessarily for others. The haz-
ard of progression (k;5) and death upon progression (k)
were found to decrease over time, indicating patients pro-
gressed shortly after receiving the first dose had a higher
probability to die. The presence of metastases at baseline
was predictive of early progression and a high probabil-
ity of death upon progression, in line with earlier reports
on presence of metastasis being associated with high
treatment failure and mortality rate.***> However, the
small size of the dataset in this analysis likely limited the
power for discerning potential predictor-transition associ-
ations. No predictor was retained for k;, (SD — response,
18 transitions observed) and k,; (response — progression,
12 transitions observed). A majority of stable to progres-
sion transitions (35 out of 46) happened at the first tumor
assessment, before which no tumor metrics besides base-
line size was learned, thus decreased the power of tumor
dynamic metrics in forecasting k5. Despite the statistical
significance level not being reached, some trends were
noted (Table S5). Decreased baseline PD-L1 expression
correlates with lower k;, (SD — response), and higher k5
(SD — progression), k,; (response — progression), and ks
(progression — stable disease), all with 95% CI of hazard
ratio including 1. These results are in line with the role of
PD-L1 as a predictive biomarker in cancer immunother-
apy and the mechanism of action of bintrafusp alfa.’*3¢
Although time-varying CL was not found, the possibility
of its existence was not necessarily excluded, considering
the relatively small number of patients (n=_80). Trends of
associations were observed between increased individual
CL and lower ky,, and higher ky,, k,5, and k; (Table S5),
which are in agreement with the previous reported high
initial CL associated with low probability of BOR and high
risk of PFS events.” However, a larger dataset would be re-
quired to confirm reliably the significance of these trends.

When analyzing covariates that potentially have a small
impact on many transitions, a p value driven analysis may
fail to incorporate such covariate-transition relationships,
especially under limited sample size, despite their sub-
stantial cumulative effect on PFS and OS. Additionally, a
conditioned inclusion based on multiple tests may result

in selection bias. To address these issues, a model with
covariate-specific transition rates can be prespecified,
which ensured an unbiased estimation of covariate effects
of interest. In this study, such a model was estimated for
dose, based on which the simulations suggested that pa-
tients receiving a dose of 1200mg q2w had cumulatively
better PFS and OS in the first half year of the study, with
a probability of ~70% for at least a 1-month's difference in
median OS for the two dose, considering parameter uncer-
tainties. The higher dropout rate in the 1200 mg dose may
be confounded by study sites (Table S4), indicating that
the true probability of favoring the 1200 mg is potentially
higher than what was calculated. Therefore, despite dose
failing to be significant for each individual transition, the
combined effect quantified through the integrated aspect
of the event time-course was still pronounced and infor-
mative, taken together with previously reported safety re-
sults,”” supported the decision of moving forward with
the higher dose.

Viewed in the context of Project Optimus, this study
proposed a new methodology for evaluating the dose-
efficacy relationship in oncology trials. All longitudinal
information was integrated to discriminate the clinical
benefit of different dosages. The relationships between
dose and multiple clinical end points (e.g., ORR, PFS, and
OS) were bridged and quantified in one modeling prac-
tice. Moreover, the simulation step provides insight into
the “learning” of the dose-response relationship, which
is not a statistical testing problem, but rather a quantifi-
cation of the probability of achieving better outcomes
with one dose versus another based on integration of all
available data.*® Together with clinical safety data and as-
sociated exposure-safety relationships, the framework de-
scribed here can be powerful as a component of a Totality
of Evidence approach to dose optimization for oncology
therapies that is based on a robust characterization of
dose/exposure-response relationships.***° Furthermore,
integration of covariates (e.g., tumor genomics) into these
models can present opportunities for informing patient
selection hypotheses in precision medicine development.
Taken together, we view the approach described here as
an important component of the pharmacometrics toolkit
in oncology drug development and encourage our readers
to reflect on potential opportunities for future applications
across cancer indications to inform cross-endpoint bridg-
ing, patient selection, and dose optimization.

CONCLUSION

The developed multistate model adequately described
the transitions between different disease states in pa-
tients with NSCLC receiving 500mg versus 1200mg of
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bintrafusp alfa. Results from simulations based on de-
veloped multistate model with dose-specific estimation
of transitions showed an ~70% probability of clinically
meaningful median OS improvement from the 1200 mg
dose compared to the 500 mg dose arm.
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