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Aim: Network meta-analyses (NMAs) increasingly feature time-varying hazards to account for non-
proportional hazards between different drug classes. This paper outlines an algorithm for selecting
clinically plausible fractional polynomial NMA models. Methods: The NMA of four immune checkpoint
inhibitors (ICIs) + tyrosine kinase inhibitors (TKIs) and one TKI therapy for renal cell carcinoma (RCC)
served as case study. Overall survival (OS) and progression free survival (PFS) data were reconstructed
from the literature, 46 models were fitted. The algorithm entailed a-priori face validity criteria for survival
and hazards, based on clinical expert input, and predictive accuracy against trial data. Selected models
were compared with statistically best-fitting models. Results: Three valid PFS and two OS models were
identified. All models overestimated PFS, the OS model featured crossing ICI + TKI versus TKI curves
as per expert opinion. Conventionally selected models showed implausible survival. Conclusion: The
selection algorithm considering face validity, predictive accuracy, and expert opinion improved the clinical
plausibility of first-line RCC survival models.

Plain language summary: What was the aim of this article?: This article demonstrates an algorithm for
selecting statistical models for network meta-analyses where the treatment effect varies over time. The
algorithm is focused on selecting models that are closely aligned with what is seen in clinical practice.
How was this research carried out?: A network meta-analysis of four combinations of immune checkpoint
inhibitors and tyrosine kinase inhibitors, and one single tyrosine kinase inhibitor for renal cell carcinoma
was carried out, and 46 models were assessed. Two clinical experts were consulted separately and
presented with the models to define clinical validity criteria. The plausibility was compared between
models selected using expert opinion and models selected based on statistical fit.
What were the results?: The algorithm improved clinical plausibility and validity of the modelled survival,
and the fit of the models with trial data. In case of overall survival, models selected purely on statistical
characteristics fit poorly to the data from the start of the trial, whereas the algorithm-selected model
showed better fit to the whole trial. However, challenges in the analysis of the treatments remained,
since there was considerable heterogeneity across the characteristics of the included trials, which can lead
to bias in the analysis.
What do these results mean?: Previous studies have not used this approach of consulting clinicians, and
have solely used statistical methods for model selection. Therefore, the new model selection algorithm is
a step forward compared with current practice. Further research is warranted on the evolving methods
used for network meta-analyses.
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After decades of increases, the incidence of renal cell carcinoma (RCC) has leveled off and mortality rates have
decreased [1]. The latter relates partly to the rapidly evolving treatment landscape for first-line (1L) metastatic RCC.
Combination treatments including immune checkpoint inhibitors (ICIs) and tyrosine kinase inhibitors (TKIs) have
emerged and are displacing the former standard of care with TKI monotherapy such as sunitinib (SUN) [2]. Four
different combinations of VEGF and ICI are currently approved by the US FDA for management of RCC [3–6].
For reimbursement decision-making, indirect treatment comparisons such as network meta-analysis (NMA) are
frequently used to compare outcomes of 1L RCC treatment options that have not been compared in head-to-head
clinical trials [7–10], and to quantitatively synthesize all available evidence into pooled efficacy and safety outcomes
that can inform health-economic evaluations [11]. When comparing different regimens, hazard ratio-based NMAs
for relative differences in overall survival (OS) and progression-free survival (PFS) have often been based on Cox
proportional hazards (PH), as the treatment effect was assumed to be constant over time (i.e., the hazard ratio [HR]
between the treatments was constant) [12].

Targeting different receptors, the mechanisms of action (MoAs) of currently approved ICI + TKI combi-
nation therapies based on avelumab in combination with axitinib (AVE + AXI), nivolumab plus cabozantinib
(NIVO + CABO) and pembrolizumab (PEM) in combination with AXI or with lenvatinib (LEN), are consider-
ably different and offer improved outcomes compared with TKI monotherapy [2]. Given the proportional hazards
assumption not holding in the trials comparing ICI + TKI and TKI treatments, HR-based NMAs would not be
adequate for the synthesis of these trials, and an alternative NMA approach relaxing the PH assumption should be
used [13].

Such alternative approaches relaxing the PH assumption are NMAs using time-varying relative treatment effects
by fitting standard parametric models or fractional polynomials (FP) [14–16]. Of these, the FP method may be a
more popular method, also used in National Institute for Health and Care Excellence and Haute Autorité de Santé
technology appraisals [13]. However, recent NMAs using FP models have been deemed uncertain as the analysis
results obtained suffered from face validity issues relating to clinically implausible extrapolations of survival [17,18].

Potential reasons for face validity issues could lie in the similarity assumption underlying all NMAs being violated:
trials should be sufficiently similar in terms of effect modifiers. Effect modifiers are population characteristics such
as age, disease severity and risk grouping that might influence the relative treatment effect in a trial. These must be
comparable for all trials included in the NMA to ensure an unbiased estimate [11]. Differences between trials can bias
the relative treatment effect estimated by the NMA; additionally, they can complicate the estimation of absolute
survival outcomes (i.e., survival curves), as different trials may provide different estimates of TKI effectiveness to
which the ICI + TKI HR is applied to estimate absolute outcomes. Researchers must assess these differences to
choose a study or pooled studies presenting baseline survival that is representative of the decision problem.

Next to this, methodological features specific to the time-varying NMA approaches may play a role in the
estimation of results lacking face validity: to deal with non-proportional relative treatment effects over time, the FP
NMA specifically fits continuous functions of different shapes with one or two parameters to model the relative
treatment effect over time (i.e., first-order and second-order models) and uses different power combinations for the
parameters [19]. The approach using standard parametric models fits five standard parametric models to the trial
data (exponential, Gompertz, Weibull, log-normal, log-logistic) [16]. The use of time-varying hazard NMA models
thus requires that a realistic model is selected from the pool of available models, which can contain as many as 49
models, eight first-order FP models, 36 second-order FP models, and five standard parametric models. The selected
model should fit well with the observed trial data, but also provide extrapolation estimates that are in line with
clinical expectations and thus meet plausibility and face validity criteria.

However, model selection is usually exclusively based on statistical fit criteria rather than clinical plausibility,
emphasizing the fit of the model with observed data from the trial period [15]. Model selection based on statistical fit
criteria, often using the deviance information criterion (DIC), considers the overall fit of the time-varying hazard
model to the data of all trials. Therefore, difficulties with preferential fitting to some trials can arise, driven by their
larger sample size, longer follow-up time, or their heterogeneity of hazard pattern. Additionally, overfitting and
clinically implausible extrapolations past the observed trial period may go unnoticed, as this is not assessed by the
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DIC. The use of DIC may thus enable the dismissal of time-varying hazards models altogether, as the statistically
best-fitting time-varying hazards model may lack face validity, and arbitrary selection of another model without
explicit criteria would lack transparency and justification.

With FP and standard parametric NMAs becoming increasingly relevant to HTA authorities and utilized in the
RCC and wider oncology setting [14,20,21], a transparent and clinically plausible model selection approach is needed.
The purpose of this paper is to outline a new structured approach for the selection of FP and standard parametric
NMA models that can be applied specifically in the analysis of ICI + TKI versus TKI monotherapy in 1L RCC
but also more widely for other NMAs of novel oncology therapies. We describe the new model selection approach
based on face validity and clinical plausibility of the survival curves, and predictive accuracy against trial data, and
we compare the resulting PFS and OS outcomes to outcomes obtained from model selection based on statistical fit
criteria alone.

Materials & methods
A time-varying hazards NMA including FP and standard parametric models was conducted, followed by model
selection based on statistical fit criteria and model selection based on an algorithm considering statistical fit and
clinical plausibility, see McGregor BA, Petersohn S, Klijn S et al. [22] for further detail. The analysis was conducted
using the following sequential steps: feasibility assessment of the NMA evaluating similarity assumption and PH
assumption, trial data preparation, time-varying hazard model fitting, model selection and comparison of selected
models based on conventional and algorithm approach.

Feasibility assessment & data preparation
A systematic literature review [23] and updated search for publications up to December 2021 identified clinical
trials reporting survival outcomes of ICI + TKI combinations in 1L advanced RCC in the all-risk (i.e., intention
to treat) population as defined by the International Metastatic RCC Database Consortium (IMDC) score [24].
For these trials, networks of evidence were constructed for PFS and OS during the feasibility assessment phase,
after which heterogeneity among included trials was assessed according to pre-specified criteria (Supplementary
Section 1.1.1). As individual patient-level data (IPD) from three relevant trials was unavailable, Kaplan–Meier
(KM) curves of these trials were digitized using the WebPlotDigitizer [25] and pseudo-IPD was reconstructed using
the methodology from Guyot [26].

The PH assumption was tested by visual assessment of the log-cumulative hazards and Schoenfeld residual plot,
in addition to the Grambsch Therneau test (using available IPD from CheckMate 9ER trial [NCT03141177] and
pseudo-IPD of all other trials [27–29]; see Supplementary Section 1.2.1 for assessment criteria). After between-trial
heterogeneity had been assessed and the non-proportionality of hazards had been tested, trial data to be used in
the time-varying hazard NMA was prepared. The (pseudo)-IPD were formatted for FP model fitting as stated in
Jansen 2011 [15] and plotted for visual inspection.

Time-varying hazard model fitting
The network of evidence highlighted that for each comparison between treatments only one trial was available,
CLEAR comparing PEM + LEN and SUN, CheckMate 9ER comparing NIVO + CABO and SUN, JAVELIN
Renal 101 comparing AVE + AXI and SUN, and KEYNOTE-426 comparing PEM + AXI and SUN, see
(Supplementary Figure 1) [27–30]. Furthermore, no prior beliefs on the between-study heterogeneity were available.
Fixed-effects models were therefore fitted, although random effect models were explored using vague priors to
inform between-study heterogeneity, in line with published guidelines [31]. The analysis was conducted in R [32]

and executed using the software package Stan [33]. In line with the approach described by Jansen [15], FP NMA
models were fitted with one or two parameters of different powers; these were selected from the following set: -2,
-1, -0.5, 0, 0.5, 1, 2, 3. This resulted in eight first-order and 36 second-order models. Additionally, four of the five
standard parametric models were fitted (the exponential model was left out as it represented a PH model), of which
the Weibull and Gompertz models overlapped with first-order FP models and were considered as such, leaving two
unique models (the log-logistic and log-normal models).

After the models were fitted, the relative treatment effect over time within each trial was estimated for each
time-varying HR model. The absolute survival (i.e., PFS and OS) were estimated by applying the relative treatment
effects to the anchor treatment arm. In this evidence network, SUN served as the anchor treatment, connecting
all other ICI + TKI treatments. The similarity of the trials’ SUN curves was assessed by comparing confidence
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intervals and point estimates at different time points. For the PFS network, the SUN arm of KEYNOTE-426
differed from the remaining trials (Supplementary Table 3). SUN arms from all included trials were pooled and
used as the anchor, as there was no clear indication that one trial was more reflective of clinical reality than others, to
counter the impact of observed differences between trials regarding several population characteristics on the PFSSUN

curve. For the OS network, the SUN arms of CheckMate 9ER and JAVELIN differed from those of CLEAR and
KEYNOTE-426 (Supplementary Table 6). The SUN arm of the most recent trial at time of the initial analysis
(CheckMate 9ER) was selected as anchor to reflect current clinical practice in terms of subsequent treatment post
1L SUN. The subsequent ICI treatment option is of evident importance, as SUN first-line treatments will show
higher survival over time when patients can switch to ICI treatments, compared with older trials where such an
option was not available or subsequent ICI use was much lower.

Model selection approaches
Converging models identified by an R-hat <1.2 were considered in the model selection [34]. Model convergence,
sign of the model successfully fitting to the trial data, was assessed utilizing trace plots, the autocorrelation function,
Monte Carlo error size, and the Kernel density plots. This is in line with the definition of convergence in a Bayesian
framework implying how a measured outcome limits toward a stationary distribution that remains the same as time
progresses [35].

Model selection based on conventional statistical fit criteria used solely the DIC. For the clinically focused
algorithm, two clinical experts’ opinions were elicited separately. Experts were presented with survival extrapolations,
HRs, hazard curves, and an overview of modeled versus observed survival outcomes for viable models. Expert
opinions on the plausibility of the modeled ranking of treatments and long-term survival expectations were also
elicited. Consequently, the clinically focused algorithm includes face validity checks to prevent the selection of
models with overfitting issues (i.e., when extreme values or outliers in HRs are captured by the model rather
than the HR trend), implausible trends over time, counterintuitive ordering of treatments in terms of survival or
hazards, and extrapolated outcomes that do not reflect external long-term evidence clinical expert opinion. The
model selection algorithm steps aligned with Figure 1 were:

1. Face validity of first-order and second-order models: rank converged models by DIC. Before anchoring, does
the model visually fit the trial data (KM curves)? Do first-order models appear too inflexible, or do second-order
models show too much flexibility?

2. Goodness of fit: Are modeled median survival, absolute survival at the latest available landmark (24 months),
and restricted mean survival within the 95% confidence interval of the underlying observed trial outcomes? Do
modeled hazards align with trial hazards after anchoring?

3. Clinical plausibility: Do HR, hazard curves, and survival extrapolation curves reflect clinical expectations – are
the ranking of treatments in terms of predicted hazards and survival, and trends over time, as expected? Is the
length of survival and the proportion of long-term survivors reasonable? (Experts were first asked to express their
expectations regarding treatment rankings, survival trends over time and expectation of survival proportions
at several landmarks, then figures comparable to Figures 2 & 3 of models meeting those criteria were made
available to aid further discussion of the criteria).

5. Consider DIC for the final model selection in case multiple viable models were identified (based on steps 2 and
3).

Finally, selected models based on DIC alone and selected based on the algorithm were compared based on
predictive accuracy and clinical plausibility of survival extrapolations.

Results
Feasibility assessment & data preparation
Networks of evidence were generated for PFS and OS using the CheckMate 9ER, CLEAR, JAVELIN Renal
101, and KEYNOTE-426 trials [27,28,36], including the treatments NIVO + CABO, PEM + LEN, AVE + AXI,
PEM + AXI, anchored by SUN as the common comparator used in all trials (Supplementary Section 1.3 for network
diagram). The similarity assessment highlighted the presence of considerable heterogeneity for several potential
treatment effect modifiers, most evidently for Eastern Cooperative Oncology Group (ECOG) performance score,
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Figure 1. Model selection algorithm.
CI: Confidence interval; DIC: Deviance information criterion; RMST: Restricted mean survival time.

IMDC risk scores, prior nephrectomy, prior radiation therapy, PD-L1 expression, and number of metastatic sites
(Supplementary Section 1.1.2).

The assessment of the PH assumption showed conflicting results for the PFS and OS networks. In the PFS
network, the PH assumption was rejected for the CheckMate 9ER and CLEAR trials. In the OS network, the
PH assumption was rejected overall, as the KEYNOTE-426, CheckMate 9ER, and CLEAR trials violated the
assumption, and mixed results were seen for the JAVELIN Renal 101 trial (Supplementary Section 1.2.2). A
time-varying hazard NMA was thus considered appropriate for OS and PFS. The input data used for the analyses is
presented in the Appendix. It visualizes the differences between SUN arms in the PFS network and shows different
patterns of crossing and non-crossing between SUN and ICI + TKI arms in the OS network of evidence, both
likely related to heterogeneity.

Time-varying hazard models
Random effects models did not converge. Of the 44 fixed effects FP models and two standard parametric models
fitted, 37 models converged for PFS and 29 models converged for OS. Non-converging models were first- and
second-order models with p1 = 3 and p1 = 2, possibly as the flexibility of the models was not supported by a
sufficient evidence base. Models with the best statistical fit were second-order models p1 = -2, p2 = -2 for PFS, and
p1 = -2, p2 = 1 for OS.

Model selection algorithm-based approach
All 37 and 29 converged first- and second-order models for PFS and OS, respectively, were assessed for the
plausibility of their HRs versus SUN over time (Figure 2). For PFS, first- and second-order models were generally
considered viable. For OS, second-order models were excluded as these modeled the underlying data with too
much flexibility resulting in extremely variable and implausible time-varying HRs, mostly for the PEM + LEN
arm (Supplementary Section 2.2.1).
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After anchoring the relative effects of PFS to the pooled SUN arms of all trials and anchoring the relative effects
of OS to the SUN arm of the CheckMate 9ER trial, survival outcomes were assessed for predictive accuracy against
observed outcomes of the underlying trials. For PFS, anchoring to the pooled SUN arm of all trials increased the
survival outcomes (absolute survival at 2 years, median survival, restricted mean survival) of NIVO + CABO,
PEM + LEN, and AVE + AXI compared with the trial data, and decreased the survival outcomes of PEM + AXI
to some extent (i.e., estimated 2-year survival was 3–5% lower than observed in the trial; see the Supplementary
Section 2.3.1). This was in line with the differences seen between the SUN arms of the trials, and the bias introduced
by anchoring PFS to a pooled rather than one individual trial’s SUN arm. Most PFS models thus showed somewhat
inadequate predictive accuracy against some of the available trial data, but none of the models were excluded. All
OS models passed the assessment of predictive accuracy against trial data; all modeled versus trial outcomes for OS
and PFS are provided in the (Supplementary Section 2.3.2).

As a part of the final selection step, the models were visually inspected for clinical plausibility of their survival
extrapolations. For PFS, 34 models were excluded from consideration due to lack of clinical plausibility as hazards
and survival curves showed unlikely rankings of treatments and clinically implausible optimistic extrapolation
outcomes (e.g., estimating SUN PFS plateauing from 3 years at 13%), leaving three viable models. For OS, six
models were excluded from consideration based on clinical long-term survival expectations, resulting in two viable
models. The final models, first-order PFS model with p1 = -2 and first-order OS model with p1 = 0, were selected
based on DIC, as all remaining models were considered clinically plausible.

Decisions prior to

optimization

Model estimation

and convergence

Face validity of
first- and

second-order

models

Predictive
accuracy against

trial data

Clinical
plausibility of

extrapolation

Statistical fit and
final model

PFS

Absolute outcomes calculated using SUN

arms pooled from all trials as anchor

46 models fitted 9 non-converged

37 viable models:

7 first-order models

28 second-order models

2 unique standard parametric models

All 37 models pass assessment

All 37 models pass assessment

3 viable models

First-order model p1 = -2

34 excluded in
visual inspection

Figure 2. Model selection algorithm progression-free survival and overall survival.
OS: Overall survival; PFS: Progression-free survival.
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Figure 2. Model selection algorithm progression-free survival and overall survival (cont.).
OS: Overall survival; PFS: Progression-free survival.

Survival extrapolations
Progression-free survival

Both the algorithm-selected and statistical fit-based PFS models provided adequate visual fit with the trial data,
with the statistical fit-based model showing better fit before anchoring for all treatments except PEM + LEN
(Figure 3A), despite featuring visually different hazard profiles (Figure 3B). The algorithm-based model showed a
better fit after anchoring for all trials except for PEM + AXI, as reflected in the survival outcomes presented
in Table 1. While predicting similar long-term outcomes, the resulting survival curves of the statistical fit-based
selected model showed a crossing of AVE + AXI and PEM + AXI which was not produced by the algorithm-based
selected model (Figure 3C). Both models predicted the highest PFS for PEM + LEN and NIVO + CABO and
the lowest PFS for SUN.

Overall survival

The DIC-selected OS model fitted poorly to the initial months of the PEM + LEN arm (Figure 4A) and estimated
exceedingly high hazards at onset for PEM + LEN and AVE + AXI and after 30 months for PEM + LEN.
Comparing survival outcomes after anchoring (Table 1), the algorithm-selected model showed a better fit overall,
likely related to the modeling of crossing between SUN and ICI + TKI arms which occurred earlier in the
DIC-based model than in the algorithm-based model (Figure 4A). Apart from PEM + LEN and AVE + AXI, the
models predicted similar absolute survival outcomes at 2 years, but vastly different median survival and absolute
survival at 5 years. The long-term extrapolations of the models showed the DIC-based model predicting extremely
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Table 1. Comparison of survival outcomes between trials and NMA models.
Trial Algorithm-based model DIC-based model

PFS p1 = -2 p1 = -2, p2 = -2

Survival at 2 years:
PEM + LEN
NIVO + CABO
AVE + AXI
PEM + AXI

46.1% (40.1%, 53.1%)
38.8% (33.6%, 44.9%)
29.1% (22.3%, 37.9%)
38.3% (33.7%, 43.5%)

49.2% (39.9%, 57.1%)
41.5% (30.8%, 49.3%)
31.9% (22.7%, 40.1%)
34.9% (26.6%, 41.6%)

50.7% (29.9%, 59.6%)
41.3% (31.0%, 50.2%)
33.7% (24.4%, 43.3%)
34.9% (27.1%, 42.9%)

Survival at 5 years:
PEM + LEN
NIVO + CABO
AVE + AXI
PEM + AXI

– 15.4% (9.3%, 22.9%)
10.1% (5.5%, 15.4%)
5.3% (2.4%, 9.5%)
6.4% (3.6%, 10.0%)

17.5% (7.1%, 27.2%)
11.2% (5.7%, 18.4%)
7.8% (3.3%, 14.9%)
9.1% (5.0%, 15.0%)

Median survival (months):
PEM + LEN
NIVO + CABO
AVE + AXI
PEM + AXI

22.8 (19.7, 26.3)
16.6 (13.0, 19.9)
12.3 (10.1, 15.1)
15.5 (13.9, 19.8)

23.8 (18.8, 28.7)
19.4 (13.7, 23.0)
15.0 (11.1, 17.8)
16.7 (12.5, 19.3)

24.2 (10.6, 30.6)
19.1 (13.9, 23.1)
15.1 (11.2, 18.4)
15.5 (11.8, 18.4)

OS p1 = 0 p1 = -2, p2 = 1

Survival at 2 years:
PEM + LEN
SUN
NIVO + CABO
AVE + AXI
PEM + AXI

77.5% (72.8%, 82.5%)
60.2% (55.0%, 65.8%)
70.1% (65.3%, 75.4%)
64.1% (57.5%, 71.4%)
74.5% (70.5%, 78.8%)

70.5% (58.2%, 79.7%)
59.7% (52.8%, 66.0%)
71.1% (65.2%, 76.6%)
66.5% (52.3%, 76.5%)
71.7% (62.5%, 78.8%)

0.0%† (0.0%, 14.8%)
59.1% (38.7%, 67.7%)
71.8% (50.3%, 78.2%)
54.2% (0.0%, 78.0%)
72.4% (40.5%, 80.0%)

Survival at 5 years:
PEM + LEN
SUN
NIVO + CABO
AVE + AXI
PEM + AXI

– 33.9% (14.1%, 55.0%)
31.3% (22.2%, 41.1%)
34.7% (24.4%, 45.5%)
36.7% (15.9%, 56.8%)
37.3% (22.9%, 51.6%)

0.0%† (0.0%, 1.3%)
32.0% (12.9%, 47.7%)
26.1% (7.7%, 44.8%)
18.6% (0.0%, 61.6%)
37.2% (9.8%, 58.0%)

Median survival (months):
PEM + LEN
SUN
NIVO + CABO
AVE + AXI
PEM + AXI

NA (32.6, NA)
33.0 (29.0, NA)
36.1 (35.5, NA)
29.5 (26.0, NA)
44.2 (42.7, 47.5)

41.9 (31.7, 62.2)
33.1 (27.6, 40.1)
43.0 (37.1, 51.1)
40.5 (29.4, 62.2)
44.9 (35.8, 58.0)

0.0† (0.0, 0.0)
32.9 (13.3, 52.2)
40.4 (24.6, 53.5)
27.7 (0.0, NA)
42.8 (0.0, 67.1)

†DIC-based model fit on overall data resulted in a highly implausible OS curve for PEM + LEN.
For SUN, progression-free survival was pooled across trials, hence no comparison to a single trial estimate is presented.
AVE: Avelumab; AXI: axitinib; CAB: Cabozantinib; DIC: Deviance information criterion; LEN: Lenvatinib; NIV: Nivolumab; OS: Overall survival; PEM: Pembrolizumab; PFS: Progression free
survival; SUN: Sunitinib.

low survival outcomes for AVE + AXI and LEN + PEM (19% and 0%, respectively, vs 32% with SUN), which
may lack face validity.

Discussion
The objective of this study was to develop an algorithm that improves the time-varying hazard NMA model selection
for predictive accuracy, face validity, expert opinion regarding clinical plausibility, and goodness of fit using a case
study of ICI + TKI versus TKI monotherapy in 1L RCC. While the developed algorithm improved the clinical
plausibility of the results, the validity of the survival extrapolations and accuracy of the model extrapolations
compared with the observed survival was still found to be inadequate, especially for OS.

Potential reasons for the remaining issues likely relate to heterogeneity and can be further differentiated into
three problems: violations of the homogeneity assumption and resulting overfitting, biased relative effectiveness
outcomes and anchoring to heterogeneous SUN survival data. First, heterogeneity in the OS network of evidence,
as highlighted by different degrees of crossing of the SUN and ICI + TKI arms, led to overfitting of more flexible
second-order OS models to the data. While time-varying hazard models relax the PH assumption, one functional
form is fitted to all trials in line with the assumption of similarity, homogeneity, and consistency of the underlying
trials. A violation of the assumption would cause for biased outcomes, as is the case where there are different MoAs
that potentially show different hazard trends over time that cannot be feasibly modeled with one functional form,
as for ICI + TKI versus TKI treatments. Thus, this assumption of homogeneity and the appropriateness of one
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functional form can be questioned, particularly for the OS data where some curves cross, and the outcomes should
therefore be interpreted with caution.

Second, there was also a high level of observed and unobserved heterogeneity between trials with clinical
factors such as observed baseline ECOG performance score and IMDC risk classifications varying among trials
(Supplementary Section 1.1.2), and potentially unobserved intertumor and intratumor heterogeneity (e.g., due to
genetic or tumor microenvironment differences) [37]. This observed heterogeneity, as well as suspected unobserved
heterogeneity, challenges the homogeneity assumption of the NMA and may lead to biased results [37,38]. This was
observed in a recently published matched-adjusted indirect comparison of the CheckMate 9ER and KEYNOTE-
426 trials, where in the matched population adjusted for known prognostic factors, median PFS of NIVO + CABO
increased from 17.0 to 19.3 months [39]. Accounting for differences in relevant effect modifiers and population
characteristics may thus play a central role in the indirect comparison of 1L RCC trials, and covariate adjustment
may be needed [40]. Additionally, the variation in OS curves crossing may also be reflective of differences in
subsequent treatment in the different ICI + TKI and SUN arms. Highly effective subsequent treatment (e.g., ICI,
ICI + TKI or ICI + ICI treatment) can be given after progression on SUN [41], which biases and increases OS
in the SUN arm of some trials. Use of subsequent ICI treatment might have been twice as high in CLEAR and
KEYNOTE-426 SUN arms compared with JAVELIN renal 101 and CheckMate 9ER SUN arms [27–30]. The
degree to which such highly effective subsequent treatment is used is likely affected by geographical setting of the
trials. If feasible given the evidence base, advanced methods, such as covariate adjustment, could be applied to
mitigate the effect. In other settings, adjustment for crossover may be appropriate, if the treatments are not licensed
in subsequent lines, and assuming that IPD is available.

Third, PFS differences between the SUN arms caused discrepancies between modeled outcomes and trial
outcomes for ICI + TKIs. This is due to the computation of absolute outcomes being driven by SUN defined as
the anchor against which all other treatments are compared. Different anchors, in this case different SUN arms,
can be chosen from the network, and these will lead to different absolute survival outcomes for ICI + TKIs. In
the presence of heterogeneous PFS between SUN arms, absolute survival outcomes need to be interpreted in the
context of the selected anchor arm, as the anchoring to one of the SUN arms will inevitably introduce discrepancies
for those ICI + TKIs for which the comparator SUN arm performed differently. It must be assumed that all
issues related to heterogeneity, violations of the homogeneity assumption resulting in overfitting, biased relative
effectiveness outcomes, and anchoring issues with heterogeneous survival data, are likely generalizable to other
indications where treatments with different MoAs are used.

Regarding the newly-developed model selection algorithm, exchange with clinical experts for the definition of
face validity and plausibility criteria highlighted that due to OS data immaturity in the trials and the novelty of
the ICI + TKI treatments, it is not certain if and how long initial survival benefits of ICI + TKI treatments hold
over time, or if TKI treatment followed by ICI-containing subsequent treatment will result in better outcomes
given the increase in HR for OS with time across all TKI + ICI trials. This limitation cannot be overcome by
the use of the model selection algorithm, as expert elicitation is being conducted on long-term estimates that are
currently not observable in practice. This could introduce subjectivity and bias, and future expert elicitation for the
purpose of model selection may benefit from a structured process including a larger sample of experts, as discussed
in other contexts [42]. A further limitation inherent to the selection of one model from a pool of available models
that is not resolved by the use of the selection algorithm is preferential selection. Although the described algorithm
aims to omit the possibility of choosing the most favorable model by determining rules for survival extrapolation
plausibility a priori, further steps toward transparency can be taken. This may include the selection of a curve
aligning with available evidence including real-world data and clinical beliefs on underlying disease progression and
treatment effect before the NMA is conducted, rather than based on trial data, followed by fitting of the curve to
the trials included in the analysis [17].

The results of the analysis indicate that despite the use of advanced model selection methods for time-varying
models in 1L RCC, limitations persist relating to the presence of heterogeneity in the trials included in the analysis,
as opposed to previous analyses in other indications [13]. A number of studies have been published comparing
therapies in RCC using NMAs [7–10]; however, only few of these studies considered the non-proportionality of
hazards, which is likely to result in misleading or biased conclusions on the relative efficacy of RCC treatments. For
the studies that did use a time-varying hazard approach, model selection was solely based on statistical fit, and long-
term extrapolations were not evaluated as the NMA outputs were not part of a health-economic evaluation [43]. This
is also seen in publications in other oncology indications, where relative effects comparisons were provided without
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considering anchored absolute outcomes, thus the input to health-economic evaluations was not considered [44]. As
such, the method for the selection of time-varying NMA models applied in our study is a step forward compared
with available literature, and we encourage researchers in other tumor areas to apply and, where possible, refine
our decision algorithm approach further to evaluate whether these findings are consistent across other tumor types
and novel oncology therapies. However, limitations and challenges relating to the use of NMAs in the presence
of heterogeneity are yet to be resolved. Given the challenges observed in this case study using FP and standard
parametric models, evolving new methods for non-proportional hazards NMA may offer advantages over the
models used in this analysis [13], warranting further research and supporting the use of similar structured selection
criteria when assessing the feasibility and performance of different time-varying hazards NMA methodologies [45].

Conclusion
This study presented an algorithm improving model selection for the time-varying hazards NMAs by considering
face validity, predictive accuracy, and expert opinion. The developed algorithm improved clinical plausibility of
the results; however, the high level of heterogeneity present in advanced/metastatic RCC trials regarding patient
characteristics, subsequent treatment and differences in MoAs hindered an unbiased indirect treatment comparison
of survival outcomes of ICI + TKI combinations.

Summary points

• Time-varying hazard models are commonly used for quantitative evidence synthesis in a network meta-analysis
(NMA) framework for Health technology assessment-decision making.

• In first-line renal cell carcinoma (RCC), time-varying hazards NMA is recommended as the treatment effect of
immune checkpoint inhibitors + tyrosine kinase inhibitors (TKI) versus TKI monotherapy varies over time.

• Time-varying NMA model selection considering clinical plausibility over statistical fit improves the validity of
survival estimates.

• The elicitation of expert opinion for NMA model selection helped identify important assumptions underlying the
extrapolation models, and areas of uncertainty.

• Structured expert elicitation approaches may reduce the possibility of subjectivity and bias of expert opinion.
• In this case study in RCC, heterogeneity and treatment effect modifiers hampered the validity of survival

extrapolations.
• The suitability of non-proportional hazards NMA can be called into question for the comparison of treatments

with different mechanisms of action, given the underlying violations of the homogeneity assumption.
• Tailored time-varying NMA methods are needed for indications or therapy comparisons where established

approaches fail.
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