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Abstract

Objective

In oncology, extrapolation of clinical outcomes beyond trial duration is traditionally achieved
by parametric survival analysis using population-level outcomes. This approach may not
fully capture the benefit/risk profile of immunotherapies due to their unique mechanisms of
action. We evaluated an alternative approach—dynamic modeling—to predict outcomes in
patients with advanced renal cell carcinoma. We compared standard parametric fitting and
dynamic modeling for survival estimation of nivolumab and everolimus using data from the
phase Il CheckMate 025 study.

Methods

We developed two statistical approaches to predict longer-term outcomes (progression,
treatment discontinuation, and survival) for nivolumab and everolimus, then compared
these predictions against follow-up clinical trial data to assess their proximity to observed
outcomes. For the parametric survival analyses, we selected a probability distribution based
on its fit to observed population-level outcomes at 14-month minimum follow-up and used it
to predict longer-term outcomes. For dynamic modeling, we used a multivariate Cox regres-
sion based on patient-level data, which included risk scores, and probability and duration of
response as predictors of longer-term outcomes. Both sets of predictions were compared
against trial data with 26- and 38-month minimum follow-up.

Results

Both statistical approaches led to comparable fits to observed trial data for median progres-
sion, discontinuation, and survival. However, beyond the trial duration, mean survival pre-
dictions differed substantially between methods for nivolumab (30.8 and 51.5 months), but
not everolimus (27.2 and 29.8 months). Longer-term follow-up data from CheckMate 025
and phase I/ll studies resembled dynamic model predictions for nivolumab.
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Conclusions

Dynamic modeling can be a good alternative to parametric survival fitting for immunothera-
pies because it may help better capture the longer-term benefit/risk profile and support
health-economic evaluations of immunotherapies.

Introduction

Immune checkpoint antibodies—a relatively new class of oncology treatments—act by block-
ing inhibitory checkpoints, thus restoring function to the immune system, which can then
attack the tumor [1-3]. Immune checkpoint antibodies currently available include pro-
grammed death-1 (PD-1) blocking antibodies, such as nivolumab [4] and pembrolizumab [5];
PD-1 ligand 1 (PD-L1) blocking antibodies, such as atezolizumab [6] and avelumab [7]; and
cytotoxic T-lymphocyte antigen 4 blocking antibodies, such as ipilimumab [8]. Such immuno-
therapies have demonstrated beneficial effects on objective response rates, progression-free
survival (PFS), and overall survival (OS) in various cancers [9-15].

Outcomes such as treatment response, PES, and OS are key endpoints to ascertain the clinical
and economic benefits of oncology treatments and are used in health economic evaluations [16-
19]. Estimating treatment duration, PFS, and OS with immunotherapies over patient lifetimes is
critical for understanding their overall value. This typically requires extrapolating clinical trial find-
ings over patient lifetimes, and for this, parametric survival analyses traditionally are used [20].
However, there are several reasons why this approach may not be suitable for immunotherapies.
First, survival, treatment duration, and progression risk are heterogeneous—some patients have a
strong antitumor response, while others do not. Therefore, using a weighted average of OS for
responders and nonresponders using a single parametric fit may not adequately capture the thera-
peutic value. Second, the response from immunotherapy tends to be highly durable, resulting in
long-term efficacy for some patients and hence, a plateau in survival curves [9,21]. Third, immuno-
therapy can result in nonstandard survival curves with inflection points showing decelerations of
hazards [13,22], which cannot be accounted for using single parametric distributions. Thus, to fully
assess the potential value of immunotherapies, alternative approaches may have to be considered—
e.g., piecewise fitting, landmark analysis, pre- versus post-progression survival, parametric mixture
models, spline-based models, and dynamic modeling [23]—as the approach used is likely to affect
the value assessment substantially, especially the long-term predictions with immunotherapies.

We conducted a case study that illustrates clinical outcomes using the traditional standard
parametric survival analysis approach versus an alternative approach (dynamic modeling) to
understand differences in extrapolation results. Dynamic modeling was selected because it
allows real-time prediction of events using time-dependent factors (such as response). For this
study, we modeled outcomes (progression, treatment discontinuation, and survival) and com-
pared them against clinical data from patients who received nivolumab or everolimus for treat-
ment of advanced renal cell carcinoma (RCC) in a recent phase III study [12]. We also
compared the predicted outcomes using both statistical models against extended trial follow-
up from the same phase III study.

Methods
Simulation model

A simulation model (Fig 1) was developed in Microsoft Excel using the discretely integrated
condition event (DICE) method, which served as the framework that accommodated both the
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Fig 1. Simulation model structure. Note: Impact of response achievement and loss of response on progression,
discontinuation, and death is only considered for the dynamic modeling approach.

https://doi.org/10.1371/journal.pone.0203406.9001

standard parametric approach and dynamic modeling as the underlying predictive equations
within the same model structure and set of assumptions [24].

The model predicted health outcomes over patient lifetimes (25 years), more specifically times
to treatment discontinuation (TTD), progression (TTP), and death (TTDeath) for patients with
advanced or metastatic clear-cell RCC who had received one or two prior antiangiogenic therapy
regimens. In addition to TTP, TTD, and TTDeath, the dynamic modeling also included estima-
tions of times to response and to loss of response for patients with an objective response, as these
measures were identified as time-dependent parameters that influence long-term outcomes.

Data source

Data for analysis were taken from the randomized, phase III CheckMate 025 study [12], in
which 821 patients with advanced or metastatic clear-cell RCC who had previously received
one or two antiangiogenic regimens were randomized to nivolumab (3 mg/kg intravenously
every 2 weeks) or to everolimus (10 mg orally once daily). Data were from a June 2015 cutoff
date (minimum follow-up, 14 months). The modeled outcomes were compared with the
observed Kaplan-Meier (KM) curves from CheckMate 025 for TTD, TTP, and TTDeath
[12,25]. KM curves were also stratified to ascertain the impacts of treatment effect, objective
response (complete or partial response), and Memorial Sloan Kettering Cancer Center
(MSKCQC) risk group [26] on clinical outcomes.
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Standard parametric survival analysis

Parametric distributions—Weibull, exponential, log-normal, log-logistic, Gompertz, and gen-
eralized gamma [27,28] —were fitted to the observed trial data. We tested the fits of distribu-
tions based on [27] graphical assessment (visual inspection, parametric plots, and probability
plots), goodness-of-fit measures (Akaike’s information criterion and Bayesian information cri-
terion (AIC/BIC) [20]), and clinical plausibility of fits.

Dynamic modeling

Dynamic modeling allows real-time prediction of time-to-events using longitudinal markers
as time-dependent covariates in a Cox regression model [23,29]. Of the available projection
techniques, dynamic modeling [23] was selected to enable 1) incorporation of the impact of
important prognostic factors (MSKCC risk group); 2) incorporation of the impact of objective
response achievement (partial response or better according to Response Evaluation Criteria In
Solid Tumors [RECIST] 1.1 criteria) and duration of response as time-dependent predictors
[30], as this is an important outcome of the mechanism of action of immunotherapies [31,32];
and 3) accounting for the unique shape of the KM curves, which can show deceleration of haz-
ards at single or multiple inflection points for immunotherapies.

To account for these features, we conducted a Cox regression analysis, as Cox models do
not rely on any specific assumption on the parametric shape of the hazard function. In this
analysis, the objective response is treated as a time-dependent indicator, which helps to avoid
any bias that may occur if objective response was treated in the same way as a baseline predic-
tor, as it fails to account for the fact that patients had to survive long enough to achieve an
objective response.

Cox regression analysis was conducted to determine the impact of objective response
and MSKCC risk on TTD, TTP, and TTDeath in the treatment arms. Analyses were con-
ducted using univariate and multivariate approaches. In the univariate approach, each pre-
dictor was tested alone in the regression model to assess univariate effects on the outcome.
Subsequently, a multivariate model was implemented where treatment arm, objective
response, and MSKCC risk group were included. Additionally, a proportional hazards
assumption for the Cox regression models was assessed. As the proportional hazard
assumption was violated, a piecewise hazard ratio (HR) model was implemented to assess
the inflection point at which the hazards differed. Based on this assessment, a model using a
time-dependent treatment HR of 0 to 3 and >3 months was used. Since the proportional
hazards assumption was not met, we used time-dependent HRs to allow application of Cox
regression analysis to the reference arm (comprising patients receiving everolimus with no
response and poor MSKCC risk group).

Results
Study outcomes

CheckMate 025 showed that patients receiving nivolumab versus everolimus had improve-
ments in objective response rates (25% vs 5%; odds ratio 5.98; 95% confidence interval [CI]
3.68-9.72; P<0.001) and median OS (25.0 vs 19.6 months; HR for death 0.73, 98.5% CI, 0.57—
0.93; P = 0.002), but similar median PFS (4.6 vs 4.4 months; HR 0.88, 95% CI, 0.75-1.03;
P=0.11) [12]. Worsening MSKCC risk adversely affected OS in both arms [25] and objective
response achievement in the everolimus arm only (Table 1) [25]. OS and objective response
were better in the nivolumab versus everolimus arms in all MSKCC risk groups (Table 1) [25].
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Table 1. CheckMate 025 study results.

Overall [12]

MSKCC risk® [25]
Favorable
Intermediate

Poor

NE, not estimable; SE, standard error.

0S, Median (95% CI), Months Objective Response, % (SE)

Nivolumab Everolimus Nivolumab Everolimus
25.0 (21.8-NE) 19.6 (17.6-23.1) 25(2) 5(1)

NE (NE-NE) NE (24.7-NE) 21(3) 7(2)
21.4 (18.3-NE) 17.7 (15.6-19.9) 27 (3) 5(2)
18.2 (10.2-26.7) 8.5 (5.2-11.5) 27 (6) 0(0)

“Based on interactive voice response system (i.e., randomization stratification level assignment).

https://doi.org/10.1371/journal.pone.0203406.t001

Standard parametric survival analysis

Based on AIC/BIC measures, log-cumulative hazard plots, parametric plots, and visual inspec-
tion, none of the parametric distributions provided a better fit to the observed trial data.
Hence, Weibull distributions were selected to model TTD, TTP, and TTDeath because they
provide a good benchmark for comparison as they have recently been used in oncology model-
ing, especially with immuno-oncology therapies [33-35]. The parameters associated with
TTD, TTP, and TTDeath are listed in S1 Table.

Multivariate Cox regression analysis

TTD, TTP, and TTDeath for the reference arm (everolimus, no response, poor MSKCC risk)
were modeled using Weibull distributions; times to response and to loss of response were
modeled using log-normal and Gompertz distributions, respectively (S2 Table).

Achievement of response, MSKCC risk group, and treatment were influential predictors for
progression, treatment discontinuation, and death (Table 2).

It is important to note that there is a correlation between treatment and its duration with
response levels achieved. Objective response achievement significantly reduced risk of

Table 2. Multivariate Cox regression analysis—-dynamic modeling.

Response levels (time dependent)
Objective response (vs nonresponse)
Post-objective response (vs nonresponse)
MSKCC risk
Favorable (vs poor)
Intermediate (vs poor)
Treatment (time dependent)®
Nivolumab <3 months (vs everolimus <3 months)

Nivolumab >3 months (vs everolimus >3 months)

Data are hazard ratio (95% CI).
NA, not applicable.

*P<0.05.

**P<0.001.

***P<0.0001.

*Treatment discontinuation outcome did not utilize a time-dependent treatment effect. The treatment comparison reflects nivolumab vs everolimus across the entire

follow-up.

https://doi.org/10.1371/journal.pone.0203406.t002

Progression
HR (95% CI)

0.40 (0.30-0.54)***
NA

0.63 (0.50-0.81)**
0.79 (0.62-0.99)*

1.19 (0.94-1.50)
0.88 (0.70-1.11)

Discontinuation
HR (95% CI)

0.18 (0.12-0.27)***
1.34 (0.96-1.88)

0.64 (0.51-0.80)***
0.79 (0.64-0.98)*

0.73 (0.62-0.85)****

a

Death
HR (95% CI)

0.06 (0.02-0.19)***
0.49 (0.30-0.80)"

0.29 (0.22-0.39)***
0.61 (0.47-0.79)**

0.50 (0.28-0.90)*
0.94 (0.76-1.16)
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progression (HR 0.40; 95% CI, 0.30-0.54), treatment discontinuation (HR 0.18; 95% CI, 0.12-
0.27), and death (HR 0.06; 95% CI, 0.02-0.19) compared with nonresponse. Loss of response
increased risk of discontinuation and death compared with response achievement. However,
patients who achieved and then lost response had a significantly lower risk of death (HR 0.49;
95% CI, 0.30-0.80), but similar risk of discontinuation (HR 1.34; 95% CI, 0.96-1.88) than
those not achieving response. Favorable and intermediate MSKCC risk significantly reduced
risk of progression (HR 0.63; 95% CI, 0.50-0.81 and HR 0.79; 95% CI, 0.62-0.99, respectively),
discontinuation (HR 0.64; 95% CI, 0.51-0.80 and HR 0.79; 95% CI, 0.64-0.98), and death (HR
0.29; 95% CI, 0.22-0.39 and HR 0.61; 95% CI, 0.47-0.79) compared with poor MSKCC risk
(Table 2).

Compared with everolimus, nivolumab increased the risk of progression within 3 months
of follow-up. However, with >3 months of follow-up, nivolumab slightly reduced the risk of
progression compared with everolimus (both not significant at 0.05 level) (Table 2). The risk
of progression on nivolumab may have been higher in the first 3 months compared with after
3 months because patients on nivolumab can experience a delay in clinical benefit during the
early stages of treatment [36]. Patients on nivolumab were significantly less likely to discon-
tinue treatment (HR 0.73; 95% CI, 0.62-0.85; P<<0.0001) and less likely to die during the first 3
months (HR 0.50; 95% CI, 0.28-0.90; P = 0.02) than those on everolimus (Table 2).

Comparison of dynamic modeling versus standard parametric survival
analysis

For TTP, dynamic modeling showed a better fit to the observed trial data compared with the
standard parametric fit, particularly for nivolumab (Table 3, Fig 2A).

This is because dynamic modeling accounts for varying HRs across the follow-up (e.g., <3
vs >3 months), thus enabling better modeling of the nivolumab treatment effect. The piece-
wise HR also allows the capture of the higher risk of progression during the first 3 months ver-
sus after 3 months. For TTD, dynamic modeling showed a better fit to the observed trial data
compared with the standard parametric fit for nivolumab and everolimus (Table 3, Fig 2B).
Similarly to TTP, the Cox regression accounted for time-dependent changes in treatment
effect. For TTDeath, both standard parametric survival analysis and dynamic modeling com-
pared well versus the observed portion of the trial data (Table 3, Fig 2C).

Beyond the trial duration, mean TTDeath predictions for everolimus were similar with
both methods, but differed substantially between the parametric and dynamic methods for
nivolumab (30.8 and 51.5 months, respectively) due to the estimated role of key clinical events
on TTDeath (Table 3, Fig 2C).

Table 3. Descriptive statistics summary for TTD, TTP, and TTDeath (25-Year horizon).

TTP TTD TTDeath
Nivolumab Everolimus Nivolumab Everolimus Nivolumab Everolimus

Months, median

Trial-reported [12,25] 4.6 4.3 5.4 3.7 25.0 19.6

Standard parametric analysis® 5.0 5.0 7.0 5.0 24.0 19.0

Dynamic modeling® 44 3.6 6.2 4.1 27.0 19.2
Months, mean

Standard parametric analysis® 9.8 8.0 11.8 7.8 30.8 27.2

Dynamic modeling® 12.8 7.3 10.2 6.0 51.5 29.8

*Based on time-to-event summaries.

https://doi.org/10.1371/journal.pone.0203406.t003
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Fig 2. Comparison of KM curves (CheckMate 025 study data), standard parametric analysis, and dynamic modeling
curves for (A) progression, (B) treatment discontinuation, and (C) overall survival.

https://doi.org/10.1371/journal.pone.0203406.9002

Discussion

This case study provides a comparison of a standard parametric approach that is commonly
used in health economic modeling studies and dynamic modeling for fitting survival curves in
patients with advanced RCC. Dynamic modeling showed better or similar fits to the observed
trial data than the standard parametric approach for median treatment discontinuation, pro-
gression, and OS in both the nivolumab and everolimus arms. This is most likely because
dynamic modeling can account for patient characteristics and varying hazards, thus matching
the observed trial data to the unique shape of the KM curves using a Cox regression analysis.
The extrapolation techniques help quantify the treatment value over patient lifetime, which
cannot be estimated with limited follow-up clinical trial data. Predictive models were devel-
oped using observed trial data (minimum follow-up 14 months) and validated against
extended data cuts (minimum follow-up 26 and 38 months).

Mean OS predictions with dynamic modeling were similar to those obtained with the standard
parametric approach for everolimus (29.8 and 27.2 months, respectively), but for nivolumab,
there was a large difference between the approaches (51.5 and 30.8 months, respectively). Accu-
racy and proximity of estimates to the observed mean OS cannot be confirmed until long-term
trial data beyond 5 years become available. However, using data from a later data cutoff date from
CheckMate 025 (May 2016 data cutoff, minimum follow-up 26 months, and June 2017 data cut-
off, minimum follow-up ~38 months) [37,38], the predicted survival curve using the dynamic
approach produced a fit to the observed KM curve that was better than the standard parametric
approach curve (S1 Fig). Longer follow-up of patients with advanced RCC treated with nivolumab
are available from phase I (N = 34) and II (N = 167) studies [39]. The phase I study reported 3-
and 5-year OS rates of 41% and 34%, respectively (minimum follow-up, 50.5 months); the phase
IT study reported 3-year OS of 35% (minimum follow-up, 38 months) [39]; and CheckMate 025
reported 3-year OS rates of 39% [38]. Dynamic modeling of CheckMate 025 data predicted 3- and
5-year OS rates of 41% and 28%, similar to the phase I and II data and the later data cut from
CheckMate 025 [38]. In contrast, the standard parametric approach predicted 3- and 5-year OS
rates of 30% and 10%, and although the 3-year estimate was similar to the trial data, the 5-year
estimate was much lower. These longer-term follow-up data indicate that dynamic modeling may
be more suitable than the standard parametric approach for nivolumab in advanced RCC. This
further supports the need for alternative modeling methods for immunotherapies, to account for
their unique mode of action. In the context of immunotherapies, response levels and durations
seem to a play very important role in predicting longer-term outcomes.

As the accuracy of survival curve estimates can vastly affect subsequent cost-effectiveness
analysis results, the choice of survival modeling method is very important. In a recent cost-
effectiveness evaluation of nivolumab as a second-line treatment for advanced RCC, Wan et al.
[40] used a partitioned survival model to estimate costs, life-years, and quality-adjusted life-
years. The authors used data from CheckMate 025 [12], but did not have access to individual
patient data. They therefore used a method published by Hoyle and Henley [41] to estimate
the underlying individual patient data from the numbers at risk from the overall population
KM graphs. The survival curves were then fitted using a Weibull distribution. This resulted in
mean PFS and OS estimates of 9.3 and 30.9 months, respectively, for nivolumab and 7.3 and
27.0 months, respectively, for everolimus [40]. These values are all similar to our standard
parametric results (Table 3), with the largest difference being 0.7 months (for everolimus PES).
However, the OS estimate for nivolumab was substantially shorter than our dynamic estimate
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(30.9 vs 51.5 months) [40]. While the long-term predictions from Wan et al. cannot be vali-
dated against the longer follow-up data presented here, dynamic modeling estimates compare
well against the phase I/II trial data.

Different modeling approaches for the extrapolation of survival curves, performed with a
view to performing cost-effectiveness analyses related to immunotherapies for indications
other than advanced RCC, were compared earlier by Bohensky et al. [42]. In that study, the
authors compared Weibull, log-logistic, and a Weibull mixture cure model for estimating sur-
vival in previously untreated patients with advanced melanoma treated with nivolumab versus
ipilimumab. Estimated 3-year survival results from the three models varied widely. Bohensky
et al. concluded that the choice of model would have a substantial impact on predicted effec-
tiveness and cost-effectiveness, hence they recommended that different models should be con-
sidered in sensitivity analyses. While this point can be argued more generally for studies that
project short-term outcomes into the future, it is particularly important for immunotherapies
due to their unique mechanism of action: immunotherapies tend to have higher and more
durable response rates than traditional chemotherapies or targeted therapies, which is likely to
impact treatment discontinuation, progression, and survival. The observed KM curves from
trials also suggest that immunotherapies may be associated with varying hazards over time,
which show signs of deceleration at some points that requires careful exploration of inflection
points and adjustments for changes in hazard before/after these time points.

Various statistical techniques—piecewise fitting, landmark analysis, pre- versus post-progres-
sion survival, parametric mixture models, and spline-based models [23]—are considered for
extrapolation of clinical outcomes. These methods may address one or multiple nuances of
immunotherapy mechanism of action. Due to its flexibility and adaptability, dynamic modeling
is a promising alternative methodology that can address most of the intricacies immunotherapies
introduce; hence, it was compared with standard parametric survival analysis. The comparability
of alternative extrapolation techniques can be considered for future research. Dynamic modeling
allows the incorporation of the impact of patient heterogeneity; varying hazards over time, such
as deceleration of hazards seen after 3 months in this example; and interdependencies of clinical
outcomes. For instance, in our example, the separation of KM curves for responders and nonre-
sponders for treatment discontinuation, progression, and survival suggest—not surprisingly—
that these subgroups have varying risks (52 Fig). Furthermore, achieving response is positively
correlated with survival despite losing response later, which can be captured with dynamic
modeling using response as a time-dependent predictor in estimations.

In this case example, the dynamic model incorporated MSKCC risk, objective response
achievement and duration of response (both time-dependent predictors), and deceleration of
hazards for patients with advanced RCC. The objective of our model was to provide inputs
relating to TTP, TTD, and TTDeath for use in a health economic analysis to assess the eco-
nomic consequences associated with the management of advanced RCC using different treat-
ment sequences, the results of which will be presented elsewhere.

Limitations

One limitation of our dynamic model is in not accounting for all patient characteristics. Only
MSKCC risk group—which incorporates time from diagnosis to treatment, hemoglobin levels,
calcium levels, lactate dehydrogenase levels, and Karnofsky performance status—was consid-
ered, but other patient characteristics may also impact outcomes. Furthermore, MSKCC risk
group was not modeled dynamically; only baseline MSKCC risk score was considered, rather
than including this as a time-dependent factor. Finally, MSKCC risk group has only been vali-
dated in targeted therapies, not in checkpoint inhibitors.
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For the standard parametric approach, we tested various distributions, but as none pro-
vided a particularly good fit to the trial data, Weibull distributions were used, as these have
been used in various economic analyses of targeted therapies in metastatic RCC [33-35]. We
only compared the dynamic modeling approach versus the Weibull parametric approach, and
did not compare against other distributions.

We cannot be sure that inflection points in the survival curves are true effects of nivolumab
or simply aberrations. Also, long-term extrapolations of the dynamic model are suggestive of
cure potential with nivolumab for advanced RCC. However, long-term follow-up data are not
available to validate the curative potential. This also makes it impossible to know whether the
longer OS estimate for nivolumab using the dynamic approach is more—or less—realistic than
the one obtained with the standard parametric approach. However, the good match of the
dynamic results with data from a later data cutoff point (3 years) from CheckMate 025 [37,38]
and longer-term follow-up data from phase I and II studies [39] are encouraging in this regard.

Lastly, we chose to study the dynamic approach, and did not compare this with possible
other approaches, such as piecewise fitting, landmark analysis, pre- versus post-progression
survival, parametric mixture models, and spline-based models. Further studies could be
undertaken to examine whether these approaches might be suitable for predicting survival
curves in patients taking immunotherapies.

Conclusions

Based on the current study, different statistical approaches can predict considerably different
potential long-term benefits for immunotherapies, particularly in terms of TTDeath, which
could have an important impact on predicted clinical and economic values of the therapy.
Dynamic modeling—which can account for patient heterogeneity and time-dependent disease
milestones implemented in flexible platforms (e.g., DICE)—could be a good alternative to sur-
vival partition models for immunotherapies.

Supporting information

S1 Table. Parameters for TTD, TTP, and TTDeath-Standard parametric analysis.
(DOCX)

S2 Table. Parameters for responders and for patients in the reference Arm*-Dynamic
modeling.
(DOCX)

S1 Fig. Overall survival: dynamic model prediction versus observed data-June 2015 cutoff
(minimum 14 months follow-up)[1] May 2016 (minimum 26 months follow-up), and July
2017 (minimum 28 months follow-up)[2,3] from CheckMate 025.

(DOCX)

S2 Fig. KM curves for (A and B) TTP, (C and D) TTD, and (E and F) TTDeath, stratified by
(A, C, E) objective response or (B, D, F) lack of objective response.
(DOCX)

Acknowledgments

Medical writing support was provided by Jenny Lloyd, PhD. Professional editorial assistance
was provided by Richard Daniel, PhD, and Lawrence Hargett of PPSI (a PAREXEL company),
and was funded by Bristol-Myers Squibb.

PLOS ONE | https://doi.org/10.1371/journal.pone.0203406  August 30, 2018 10/13


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203406.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203406.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203406.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203406.s004
https://doi.org/10.1371/journal.pone.0203406

@° PLOS | ONE

Dynamic modeling for survival estimation in advanced renal cell carcinoma

Author Contributions

Conceptualization: Baris Deniz, Arman Altincatal, Apoorva Ambavane, Sumati Rao, Shuo
Yang.

Data curation: Baris Deniz, Arman Altincatal, Apoorva Ambavane, M. Dror Michaelson.
Formal analysis: Baris Deniz, Arman Altincatal, Apoorva Ambavane, M. Dror Michaelson.
Funding acquisition: Sumati Rao.

Investigation: Baris Deniz, Arman Altincatal, Sumati Rao, Shuo Yang.

Methodology: Baris Deniz, Arman Altincatal, Apoorva Ambavane.

Project administration: Baris Deniz, Arman Altincatal, Apoorva Ambavane, Shuo Yang.
Resources: Sumati Rao, Shuo Yang.

Supervision: Baris Deniz, Arman Altincatal, Apoorva Ambavane.

Validation: Baris Deniz, Arman Altincatal, Apoorva Ambavane, Justin Doan, Bill Malcolm,
Shuo Yang.

Visualization: Baris Deniz, Arman Altincatal.
Writing - original draft: Baris Deniz, Shuo Yang.

Writing - review & editing: Baris Deniz, Arman Altincatal, Apoorva Ambavane, Sumati Rao,
Justin Doan, Bill Malcolm, M. Dror Michaelson, Shuo Yang.

References

1. Martin-Liberal J, Ochoa de Olza M, Hierro C, Gros A, Rodon J, Tabernero J. The expanding role of
immunotherapy. Cancer Treat Rev. 2017; 54:74-86. https://doi.org/10.1016/j.ctrv.2017.01.008 PMID:
28231560

2. D’Errico G, Machado HL, Sainz B Jr. A current perspective on cancerimmune therapy: step-by-step
approach to constructing the magic bullet. Clin Transl Med. 2017; 6(1):3. https://doi.org/10.1186/
s40169-016-0130-5 PMID: 28050779

3. Pardoll DM. The blockade of immune checkpoints in cancer immunotherapy. Nat Rev Cancer. 2012; 12
(4):252—64. https://doi.org/10.1038/nrc3239 PMID: 22437870

4. US Food and Drug Administration. Highlights of prescribing information. Opdivo (nivolumab) injection,
for intravenous use. Available: https://www.accessdata.fda.gov/drugsatfda_docs/label/2017/
125554s0241Ibl.pdf. Accessed April 7,2017.

5. US Food and Drug Administration. Highlights of prescribing information. Keytruda (pembrolizumab) for
injection, for intravenous use. Available: https://www.accessdata.fda.gov/drugsatfda_docs/label/2017/
125514s015Ibl.pdf. Accessed April 7, 2017.

6. US Food and Drug Administration. Highlights of prescribing information. Tecentriq (atezolizumab) injec-
tion, for intravenous use. Available: https://www.accessdata.fda.gov/drugsatfda_docs/label/2016/
7610340rig1s000Ibl.pdf. Accessed April 7, 2017.

7. US Food and Drug Administration. Highlights of prescribing information. Bavencio (avelumab) injection,
for intravenous use. Available: https://www.accessdata.fda.gov/drugsatfda_docs/label/2017/
761049s000Ibl.pdf Accessed April 7, 2017.

8. US Food and Drug Administration. Highlights of prescribing information. Yervoy (ipilimumab) injection,

for intravenous use. Available: https://www.accessdata.fda.gov/drugsatfda_docs/label/2015/
125377s073Ibl.pdf. Accessed April 7, 2017.

9. Schadendorf D, Hodi FS, Robert C, Weber JS, Margolin K, Hamid O, et al. Pooled analysis of long-term
survival data from phase Il and phase Il trials of ipilimumab in unresectable or metastatic melanoma. J
Clin Oncol. 2015; 33(17):1889-94. https://doi.org/10.1200/JC0O.2014.56.2736 PMID: 25667295

10. WeberJS, D’Angelo SP, Minor D, Hodi FS, Gutzmer R, Neyns B, et al. Nivolumab versus chemother-
apy in patients with advanced melanoma who progressed after anti-CTLA-4 treatment (CheckMate

PLOS ONE | https://doi.org/10.1371/journal.pone.0203406  August 30, 2018 11/13


https://doi.org/10.1016/j.ctrv.2017.01.008
http://www.ncbi.nlm.nih.gov/pubmed/28231560
https://doi.org/10.1186/s40169-016-0130-5
https://doi.org/10.1186/s40169-016-0130-5
http://www.ncbi.nlm.nih.gov/pubmed/28050779
https://doi.org/10.1038/nrc3239
http://www.ncbi.nlm.nih.gov/pubmed/22437870
https://www.accessdata.fda.gov/drugsatfda_docs/label/2017/125554s024lbl.pdf
https://www.accessdata.fda.gov/drugsatfda_docs/label/2017/125554s024lbl.pdf
https://www.accessdata.fda.gov/drugsatfda_docs/label/2017/125514s015lbl.pdf
https://www.accessdata.fda.gov/drugsatfda_docs/label/2017/125514s015lbl.pdf
https://www.accessdata.fda.gov/drugsatfda_docs/label/2016/761034Orig1s000lbl.pdf
https://www.accessdata.fda.gov/drugsatfda_docs/label/2016/761034Orig1s000lbl.pdf
https://www.accessdata.fda.gov/drugsatfda_docs/label/2017/761049s000lbl.pdf
https://www.accessdata.fda.gov/drugsatfda_docs/label/2017/761049s000lbl.pdf
https://www.accessdata.fda.gov/drugsatfda_docs/label/2015/125377s073lbl.pdf
https://www.accessdata.fda.gov/drugsatfda_docs/label/2015/125377s073lbl.pdf
https://doi.org/10.1200/JCO.2014.56.2736
http://www.ncbi.nlm.nih.gov/pubmed/25667295
https://doi.org/10.1371/journal.pone.0203406

@° PLOS | ONE

Dynamic modeling for survival estimation in advanced renal cell carcinoma

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.
26.

27.

28.

037): a randomised, controlled, open-label, phase 3 trial. Lancet Oncol. 2015; 16(4):375-84. https://doi.
0rg/10.1016/S1470-2045(15)70076-8 PMID: 25795410

Larkin J, Chiarion-Sileni V, Gonzalez R, Grob JJ, Cowey CL, Lao CD, et al. Combined nivolumab and
ipilimumab or monotherapy in untreated melanoma. N Engl J Med. 2015; 373(1):23-34. https://doi.org/
10.1056/NEJMoa1504030 PMID: 26027431

Motzer RJ, Escudier B, McDermott DF, George S, Hammers HJ, Srinivas S, et al. Nivolumab versus
everolimus in advanced renal-cell carcinoma. N Engl J Med. 2015; 373(19):1803—13. https://doi.org/10.
1056/NEJMoa1510665 PMID: 26406148

Robert C, Schachter J, Long GV, Arance A, Grob JJ, Mortier L, et al. Pembrolizumab versus ipilimumab
in advanced melanoma. N Engl J Med. 2015; 372(26):2521-32. https://doi.org/10.1056/
NEJMoa1503093 PMID: 25891173

Kaufman HL, Russell J, Hamid O, Bhatia S, Terheyden P, D’Angelo SP, et al. Avelumab in patients with
chemotherapy-refractory metastatic Merkel cell carcinoma: a multicentre, single-group, open-label,
phase 2 trial. Lancet Oncol. 2016; 17(10):1374-85. https://doi.org/10.1016/S1470-2045(16)30364-3
PMID: 27592805

Rosenberg JE, Hoffman-Censits J, Powles T, van der Heijden MS, Balar AV, Necchi A, et al. Atezolizu-
mab in patients with locally advanced and metastatic urothelial carcinoma who have progressed follow-
ing treatment with platinum-based chemotherapy: a single-arm, multicentre, phase 2 trial. Lancet. 2016;
387(10031):1909-20. https://doi.org/10.1016/S0140-6736(16)00561-4 PMID: 26952546

National Comprehensive Cancer Network (NCCN). NCCN Clinical Practice Guidelines in Oncology
(NCCN Guidelines®) with NCCN Evidence Blocks™. Available: https://www.nccn.org/evidenceblocks/.
Accessed April 7,2017.

Schnipper LE, Davidson NE, Wollins DS, Tyne C, Blayney DW, Blum D, et al. American Society of Clini-
cal Oncology statement: a conceptual framework to assess the value of cancer treatment options. J
Clin Oncol. 2015; 33(23):2563—77. https://doi.org/10.1200/JC0.2015.61.6706 PMID: 26101248

Cherny NI, Sullivan R, Dafni U, Kerst JM, Sobrero A, Zielinski C, et al. A standardised, generic, vali-
dated approach to stratify the magnitude of clinical benefit that can be anticipated from anti-cancer ther-
apies: the European Society for Medical Oncology Magnitude of Clinical Benefit Scale (ESMO-MCBS).
Ann Oncol. 2015; 26(8):1547-73. https://doi.org/10.1093/annonc/mdv249 PMID: 26026162

National Institute for Health and Care Excellence (NICE). Nivolumab for treating advanced (unresect-
able or metastatic) melanoma. Available: https://www.nice.org.uk/guidance/ta384/resources/
nivolumab-for-treating-advanced-unresectable-or-metastatic-melanoma-82602849706693. Accessed
April 27, 2017.

National Institute for Health and Clinical Excellence (NICE), Latimer N. NICE DSU technical support
document 14: Survival analysis for economic evaluations alongside clinical trials—extrapolation with
patient-level data. Report by the Decision Support Unit. Available: https://pdfs.semanticscholar.org/
b3af/00deac49035f402e310894281f3b540600c4.pdf. Accessed November 27, 2017.

Ribas A, Hersey P, Middleton MR, Gogas H, Flaherty KT, Sondak VK, et al. New challenges in end-
points for drug development in advanced melanoma. Clin Cancer Res. 2012; 18(2):336—41. https://doi.
org/10.1158/1078-0432.CCR-11-2323 PMID: 22142824

Hodi FS, Chesney J, Pavlick AC, Robert C, Grossmann KF, McDermott DF, et al. Combined nivolumab
and ipilimumab versus ipilimumab alone in patients with advanced melanoma: 2-year overall survival
outcomes in a multicentre, randomised, controlled, phase 2 trial. Lancet Oncol. 2016; 17(11):1558—-68.
https://doi.org/10.1016/S1470-2045(16)30366-7 PMID: 27622997

Ishak KJ, Muszbek N, Proskorovsky I, Zhang Y. Projecting survival with immuno-oncology therapies:
new challenges and new approaches. ISPOR 19th Annual European Meeting, October 31, 2016. Avail-
able: https://www.ispor.org/Event/GetReleasedPresentation/849. Accessed April 21, 2017.

Caro JJ. Discretely integrated condition event (DICE) simulation for pharmacoeconomics. Pharmacoe-
conomics. 2016; 34(7):665—72. https://doi.org/10.1007/s40273-016-0394-z PMID: 26961779

Bristol-Myers Squibb. CheckMate 025 Study. Data on file.

Motzer RJ, Bacik J, Schwartz LH, Reuter V, Russo P, Marion S, et al. Prognostic factors for survival in
previously treated patients with metastatic renal cell carcinoma. J Clin Oncol. 2004; 22(3):454—63.
https://doi.org/10.1200/JC0O.2004.06.132 PMID: 14752067

Ishak KJ, Kreif N, Benedict A, Muszbek N. Overview of parametric survival analysis for health-economic
applications. Pharmacoeconomics. 2013; 31(8):663-75. https://doi.org/10.1007/s40273-013-0064-3
PMID: 23673905

Collett D. Modelling Survival Data in Medical Research. Second Edition. London: Chapman & Hall/
CRC; 2003.

PLOS ONE | https://doi.org/10.1371/journal.pone.0203406  August 30, 2018 12/13


https://doi.org/10.1016/S1470-2045(15)70076-8
https://doi.org/10.1016/S1470-2045(15)70076-8
http://www.ncbi.nlm.nih.gov/pubmed/25795410
https://doi.org/10.1056/NEJMoa1504030
https://doi.org/10.1056/NEJMoa1504030
http://www.ncbi.nlm.nih.gov/pubmed/26027431
https://doi.org/10.1056/NEJMoa1510665
https://doi.org/10.1056/NEJMoa1510665
http://www.ncbi.nlm.nih.gov/pubmed/26406148
https://doi.org/10.1056/NEJMoa1503093
https://doi.org/10.1056/NEJMoa1503093
http://www.ncbi.nlm.nih.gov/pubmed/25891173
https://doi.org/10.1016/S1470-2045(16)30364-3
http://www.ncbi.nlm.nih.gov/pubmed/27592805
https://doi.org/10.1016/S0140-6736(16)00561-4
http://www.ncbi.nlm.nih.gov/pubmed/26952546
https://www.nccn.org/evidenceblocks/
https://doi.org/10.1200/JCO.2015.61.6706
http://www.ncbi.nlm.nih.gov/pubmed/26101248
https://doi.org/10.1093/annonc/mdv249
http://www.ncbi.nlm.nih.gov/pubmed/26026162
https://www.nice.org.uk/guidance/ta384/resources/nivolumab-for-treating-advanced-unresectable-or-metastatic-melanoma-82602849706693
https://www.nice.org.uk/guidance/ta384/resources/nivolumab-for-treating-advanced-unresectable-or-metastatic-melanoma-82602849706693
https://pdfs.semanticscholar.org/b3af/00deac49035f402e310894281f3b540600c4.pdf
https://pdfs.semanticscholar.org/b3af/00deac49035f402e310894281f3b540600c4.pdf
https://doi.org/10.1158/1078-0432.CCR-11-2323
https://doi.org/10.1158/1078-0432.CCR-11-2323
http://www.ncbi.nlm.nih.gov/pubmed/22142824
https://doi.org/10.1016/S1470-2045(16)30366-7
http://www.ncbi.nlm.nih.gov/pubmed/27622997
https://www.ispor.org/Event/GetReleasedPresentation/849
https://doi.org/10.1007/s40273-016-0394-z
http://www.ncbi.nlm.nih.gov/pubmed/26961779
https://doi.org/10.1200/JCO.2004.06.132
http://www.ncbi.nlm.nih.gov/pubmed/14752067
https://doi.org/10.1007/s40273-013-0064-3
http://www.ncbi.nlm.nih.gov/pubmed/23673905
https://doi.org/10.1371/journal.pone.0203406

@° PLOS | ONE

Dynamic modeling for survival estimation in advanced renal cell carcinoma

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

Huang X, Yan F, Ning J, Feng Z, Choi S, Cortes J. A two-stage approach for dynamic prediction of time-
to-event distributions. Stat Med. 2016; 35(13):2167-82. https://doi.org/10.1002/sim.6860 PMID:
26748812

Fisher LD, Lin DY. Time-dependent covariates in the Cox proportional-hazards regression model. Annu
Rev Public Health. 1999; 20:145-57. https://doi.org/10.1146/annurev.publhealth.20.1.145 PMID:
10352854

Wolchok JD, Hoos A, O’Day S, Weber JS, Hamid O, Lebbe C, et al. Guidelines for the evaluation of
immune therapy activity in solid tumors: immune-related response criteria. Clin Cancer Res. 2009; 15
(23):7412-20. https://doi.org/10.1158/1078-0432.CCR-09-1624 PMID: 19934295

Hodi FS, Hwu WJ, Kefford R, Weber JS, Daud A, Hamid O, et al. Evaluation of immune-related
response criteria and RECIST v1.1 in patients with advanced melanoma treated with pembrolizumab. J
Clin Oncol. 2016; 34(13):1510-7. https://doi.org/10.1200/JC0.2015.64.0391 PMID: 26951310

Benedict A, Figlin RA, Sandstrom P, Harmenberg U, Ullen A, Charbonneau C, et al. Economic evalua-
tion of new targeted therapies for the first-line treatment of patients with metastatic renal cell carcinoma.
BJU Int. 2011; 108(5):665-72. https://doi.org/10.1111/j.1464-410X.2010.09957.x PMID: 21265994

Chabot |, Rocchi A. How do cost-effectiveness analyses inform reimbursement decisions for oncology
medicines in Canada? The example of sunitinib for first-line treatment of metastatic renal cell carci-
noma. Value Health. 2010; 13(6):837—45. https://doi.org/10.1111/j.1524-4733.2010.00738.x PMID:
20561332

Remak E, Charbonneau C, Negrier S, Kim ST, Motzer RJ. Economic evaluation of sunitinib malate for
the first-line treatment of metastatic renal cell carcinoma. J Clin Oncol. 2008; 26(24):3995-4000.
https://doi.org/10.1200/JC0.2007.13.2662 PMID: 18711190

Furlow B. ASCO 2016: Nivolumab treatment beyond progression benefits patients with metastatic
RCC. Available: http://www.oncotherapynetwork.com/genitourinary-cancer-targets/asco-2016-
nivolumab-treatment-beyond-progression-benefits-patients-metastatic-rcc. Accessed November 23,
2017.

Plimack ER, Motzer RJ, Escudier B, Sharma P, McDermott DF, George S, et al. Two-year efficacy and
safety update from the phase Ill CheckMate 025 study of nivolumab versus everolimus in patients with
advanced renal cell carcinoma (aRCC). Presented at: 15th International Kidney Cancer Symposium,
November 4-5, 2016; Miami, FL.

Sharma P, Tykodi SS, Escudier B, Carducci M, Oudard S, Hammers HJ, et al. Three-year efficacy and
safety update from the phase 1l CheckMate 025 study of nivolumab versus everolimus in patients with
advanced renal cell carcinoma. Presented at: 16th International Kidney Cancer Symposium, November
3-4,2017; Miami, FL.

McDermott DF, Motzer RJ, Atkins MB, Plimack ER, Sznol M, George S, et al. Long-term overall survival
(OS) with nivolumab in previously treated patients with advanced renal cell carcinoma (aRCC) from
phase | and |l studies [abstract]. J Clin Oncol. 2016; 34(15 suppl):4507. Available: http://ascopubs.org/
doi/abs/10.1200/JC0O.2016.34.15_suppl.4507. Accessed August 1, 2017.

Wan XM, Peng LB, Ma JA, Li YJ. Economic evaluation of nivolumab as a second-line treatment for
advanced renal cell carcinoma from US and Chinese perspectives. Cancer. 2017; 123(14):2634—41.
https://doi.org/10.1002/cncr.30666 PMID: 28301684

Hoyle MW, Henley W. Improved curve fits to summary survival data: application to economic evaluation
of health technologies. BMC Med Res Methodol. 2011; 11:139. https://doi.org/10.1186/1471-2288-11-
139 PMID: 21985358

Bohensky M, Gorelik A, Kim H, Liew D. A comparison of three survival models to estimate the cost-
effectiveness of cancer immunotherapy in the treatment of advanced melanoma. Value Health. 2015;
18(7):A699.

PLOS ONE | https://doi.org/10.1371/journal.pone.0203406  August 30, 2018 13/13


https://doi.org/10.1002/sim.6860
http://www.ncbi.nlm.nih.gov/pubmed/26748812
https://doi.org/10.1146/annurev.publhealth.20.1.145
http://www.ncbi.nlm.nih.gov/pubmed/10352854
https://doi.org/10.1158/1078-0432.CCR-09-1624
http://www.ncbi.nlm.nih.gov/pubmed/19934295
https://doi.org/10.1200/JCO.2015.64.0391
http://www.ncbi.nlm.nih.gov/pubmed/26951310
https://doi.org/10.1111/j.1464-410X.2010.09957.x
http://www.ncbi.nlm.nih.gov/pubmed/21265994
https://doi.org/10.1111/j.1524-4733.2010.00738.x
http://www.ncbi.nlm.nih.gov/pubmed/20561332
https://doi.org/10.1200/JCO.2007.13.2662
http://www.ncbi.nlm.nih.gov/pubmed/18711190
http://www.oncotherapynetwork.com/genitourinary-cancer-targets/asco-2016-nivolumab-treatment-beyond-progression-benefits-patients-metastatic-rcc
http://www.oncotherapynetwork.com/genitourinary-cancer-targets/asco-2016-nivolumab-treatment-beyond-progression-benefits-patients-metastatic-rcc
http://ascopubs.org/doi/abs/10.1200/JCO.2016.34.15_suppl.4507
http://ascopubs.org/doi/abs/10.1200/JCO.2016.34.15_suppl.4507
https://doi.org/10.1002/cncr.30666
http://www.ncbi.nlm.nih.gov/pubmed/28301684
https://doi.org/10.1186/1471-2288-11-139
https://doi.org/10.1186/1471-2288-11-139
http://www.ncbi.nlm.nih.gov/pubmed/21985358
https://doi.org/10.1371/journal.pone.0203406

