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Abstract

In economic evaluation, different parametric or qpamametric methods can be used to assess
the survival benefit from individual patient dafa.challenge, when using individual patient
data from a meta-analysis to estimate the sunligakfit, is to take into account stratification
on clinical trials. Our objective was to compareefidifferent methods to estimate survival
benefit and to investigate the impact on the headttnomic outcome.

We chose to compare four non parametric methodssicily used in meta-analyses for
survival endpoints (the Kaplan-Meier, the Stewant ahe Peto methods) and a parametric
method (Weibull) to estimate survival functions. Weed individual patient data from the
Meta-Analysis of Radiotherapy in Lung Cancer (MARJLIn locally advanced non-small
cell lung cancer patients. Our data set consistdd phase Il trials comparing modified RT
to conventional RT in 2,000 patients.

Depending on the chosen method, mean ICERs ramgedf0,320€ to 34,937€ per life year
gained. With a willingness to pay for one life yéawer than 50,000€, the five acceptability
curves led to different conclusions.

The choice of a survival method to estimate hebéhefit strongly impacts on the health

economic results.
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Introduction

Meta-analyses aim to estimate an overall treatneéfiett generally expressed as a pooled
hazard ratio combining the results of all randomhisentrolled trials (RCTs) that studied the
same clinical question (Pignon, 2001). The estiomatof the pooled hazard ratio is a
weighting average of the estimation of treatmefgatfin each trial. This stratified analysis
ensures that only comparable patients, especraligrms of baseline risk, are compared. The
principle of the so-called stratification on clialdrials is that the patients in the experimental
group of a trial are only compared with the onethancontrol group of the same trial (Buyse,
2000).

Some authors insisted on the usefulness of costteféness analyses alongside RCTs (Gray,
2006). Trial-based evaluations allow dealing withtignt heterogeneity and building and
validating extrapolation models. The level of stifemevidence seems higher in trials-based
evaluations which use real-world data. Therefore,c&n expect that economic evaluations
performed on individual patient data meta-analyslesuld have an even higher level of
evidence as the data are available for every gatienrolled in different RCTs. However,
such economic evaluations raise methodologicalesssurrounding the estimation of the
health benefit. In economic evaluation, the purpes® combine the risk reduction and the
time in order to evaluate the number of life yesaged by the treatment. A commonly used
effectiveness outcome in economic evaluations nteainterventions is the survival benefit
(Mittmann, 2009; Neymark, 2002). There are manysjms methods to estimate this
outcome when considering data from a single RCvig3a 2011; Barker, 2009; Tappenden,
2006). In case of patient data from a meta-analgsiditional issues must be addressed as for
example the stratification on trial.

The results of economic evaluations are likely ¢osbnsitive to the estimation of the survival

benefit of an intervention. Several recent papevestigated this issue considering different



parametric methods to extrapolate survival datenfRCTs (Latimer, 2011; Connock, 2011;
Annemans, 2011). To our knowledge, no previous ystaompared parametric and non
parametric methods to estimate the survival benafitt the implication on the cost-
effectiveness ratio. In this paper, we chose to pamm five methods of estimation of the
survival benefit and to investigate the impact lom health economics outcome. To study this
question we used data from the Meta-Analysis ofi®bdrapy in Lung Cancer (MAR-LC)
which compares conventional radiotherapy (RT) wiitdified radiotherapy.

Data

Effectiveness

We had access to the patient-level data from théadealysis of Radiotherapy in Lung
Cancer (MAR-LC), performed in the Meta-Analysis Uaii the Gustave Roussy Institute. The
database included 2,000 patients with a non-mei@astan-small cell lung cancer treated with
radiotherapy and who had been enrolled in 10 phhseCTs (Le Péchoux, submitted).
MAR-LC trials compared conventional RT with moddieRT. Modified RT included
hyperfractionated RT consisting in increasing thenher of fractions per day with a decrease
of dose per fraction, and/or accelerated RT, iictvthe overall treatment time was reduced.
MAR-LC primary outcome measure was overall surviGdcondary outcome measures were
progression-free survival, late and acute toxisitiEhe treatment effect was expressed as a
pooled hazard ratio based on the Peto’s estimatsufy Peto, 1985) using a fixed-effect
model. This method is based on an inverse variamighted average. Its principle is to give
more weight to trials that give more informatioroabthe treatment effect. The heterogeneity,
I.e. the variation of the treatment effect betwtentrials, was measured.

Costs

The costs were estimated in the French context figmayer’'s perspective and expressed in

2010 euro. We assessed the direct medical costg tl® healthcare resource use measured



in the MAR-LC for RT, RT-induced toxicities, medidaansportations for RT and disease
progression (cf. table 1). The unit costs were amtéd from literature for medical

transportations (Martin, 2003) and disease progressts (Braud, 2003). Radiotherapy and
acute oesophagitis unit costs were computed asmis@n lump sums per correspondent

diagnosis related groups in the French prospepiyeent scheme (PPS).

Table 1. Unit cost values and sources

Healthcare resource available in
Unit cost Source
the MAR-LC

1 004£ treatment planning
Radiotherapy Number of fractions received PPS 2010
+ 138€ per fraction

80€ per fraction

Medical transportations Number of fractions received (variable according to use Martin, 2003
rate)

Disease progression Post-progression survival time 3 073€/month Braod3

Oesophagitis Acute severe oesophageal toxicity 1 745€ in chsexaity PPS 2010

PPS: prospective payment scheme

Costs and effectiveness outcomes were not discowitee the MAR-LC patients’ median
survival was 14 months.

Methods

Survival benefit

In trial-based economic evaluations, the restriategan survival (Karrison, 1997; Barker,
2009) is commonly used to assess the survival levfed treatment. For our example, it is

defined as follows:

B= T[S\/Iod (t)'dt_}SCOnv(t)'dt (1)



where Sony represents the survival function in the convergiarm and §o4 in the modified
arm. The survival benefit corresponds graphicallyhe area between the two survival curves
(cf Figure 1). In our example, the time horizon wastricted to five years according the
primary endpoint of the MAR-LC.
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Figure 1. Survival benefit in the MAR-LC (illustrat ion using the Kaplan-Meier method)

As shown in equation (1), the survival benefit defseeon the method used to estimate the
survival functions &ny and Jeq. Therefore, it is a relevant issue to measurentpact of the
choice of a particular method on the cost-effectess ratio. In this paper, five methods of
estimation of the survival benefit were comparemirfnon parametric methods which has
been used in meta-analyses for survival endpothts Kaplan-Meier, the Stewart, the Peto-
year and the Peto-month methods) and a parametthash widely used in economic
evaluation (the Weibull method). We focused on hingse methods allow taking into
account the stratification on trials and whethermot the proportional hazards hypothesis

(hazard ratio constant over time) is required.



The first method we used was the standard KaplamiMeethod (Kaplan, 1958) which
estimates the survival probability at each evenetiln this method, the proportional hazards
assumption is not required but the stratificationtoals can not be taken into account to
compute the pooled hazard ratio (HR).

The so-called Stewart method is derived from thpl&aMeier method (Stewart, 1993). This
method requires the proportional hazards assumpdiernit utilises an estimation of the HR,
considered constant over time.

Under proportionality S, ,(t) =S, ()™ (2)

where Sony represents the survival function for conventioRal estimated with the KM
method and HR the pooled hazard ratio of the treatraeffect, stratified on trial. Hereys
was estimated after each event time in the coatral

A third actuarial method developed by R. Peto (E&tieast Cancer Trialists’ Collaborative
Group, 1992) allows taking into account the stiedtion on trials and the variation of the HR
between periods. The survival probabilities arénested at predetermined time intervals and
not at each event time like in the Kaplan-Meier #mel Stewart methods. At eac¢hperiod,
the survival probability of the whole population gnd the pooled hazard ratio H&e
estimated. Stratification on trials is taken intx@unt in the HRcalculation, based on the
inverse variance weighted average, and treatmésttdR may vary between periods. Then,
based on jpand HR, the probabilities to be alive &t period in the conventional RT group

(Pconv,) @and in the modified RT group gy, are estimated as follows:

Peon = P; —[0,5%p, X (p, ~1)xlog(HR; )] 3)
Puosi =P, +[0,5%p, x (p; ~1)xlog(HR, )] 4)
SConv(t) = Ij pConvj and SMod (t) = |i| pMod,i (5)

The Peto method has been computed with both 1larehd-month interval length.



Finally, we used the Weibull parametric method gsihe parameterization advocated by
Carroll (Carroll, 2003). This model is widely usedeconomic evaluation (Dewilde, 2011;
Latimer, 2011; Shiroiwa, 2011; Bagust, 2010). #de to more robust estimations if Weibull
distribution fits the lifetimes’ distribution. Thehape ¢) and scale X) parameters were

estimated for each trial and for each arm of tred. tThe four estimatek.,,,, @y, » Ay @Nd
o Were computed in combining those obtained from0eRCTs of the MAR-LC. We

used a fixed effect model in the absence of hetreiy (Der Simonian-Laird, 1986),

according to the generic inverse variance apprgshitenead, 2002). In the conventional

RT arm, the scale parametdy,  and the shape paramety,, , are estimated for each k

trial. We pooled the ten scale and the ten shappaters with an inverse variance weighted

sum to obtain pooled.,, anda, The same method was used to estimate the survival

Conv *
function for the modified RT arm. Equation (6) gsvilne survival functions for conventional

and modified RT:

SCO“V(t) = exp[— A‘ConV'tuconV] and SMod (t) = EXpl.' >"Mod e ] (6)

These five methods led to the estimation of thevigal functions in both conventional RT
and modified RT arms, and thus to the estimatiah@fmean survival benefit.

Impact on the health economics outcome

We studied the differences between methods compdncremental Cost-Effectiveness
Ratios (ICER) and their 95% confidence intervald98%). ICER was defined as the
difference in costs divided by the mean survivaldig¢ between the two arms. Me#DERS
and 95% confidence intervals were estimated usiagion parametric bootstrap method with
1,000 replicates. For each method, the 1,000 e#pkcwere represented in the incremental
cost-effectiveness plane to determine the propoid CERS in each quadrant. Acceptability

curves were also computed for each of the five outhWe also performed a one-way
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sensitivity analysis of two parameters which hadrbextracted from the literature: the use of
medical transportations and the cost of treatmedisease progression.

Results

The mean total cost per patient was 25,376€ (CIZB/E84€ - 27,262€) for conventional RT
and 29,186€ (C195%: 27,350€ - 31,152€) for modifd

The forest-plot shown on figure 2 summarizes theRVMIAC effectiveness results. Modified
RT was associated with longer overall survival (pddhazard ratio = 0.88, 95% CI: (0.80-
0.97), p=0.009). There was no heterogeneity oftrireat effect between trials (p=0.37,
[2=8%). No patient subgroups (age, gender, stagigomnance status and histology) benefited
more from modified RT. However, modified RT was @asated with an increased risk of
acute severe oesophageal toxicity (odds ratio 4,208% CI: (1.90-3.14), p<0.001). There
was no difference for other acute and late toxsiti

No. Deaths / No. Entered

Trial Mod RT Conv RT O-E Variance Hazard Ratio HR [95% CI]
PMCI 88C091 48/48 5253 -08 243 : 0.97 [0.65;1 .44]
PMCI88C091 CT 5151 5656 6.0 2586 1.26 [0.86;1.86]
CHART 316/338 2177225 -204 1207 —El‘L 0.78 [0.66;0.94]
ECOG 2597 51/60 55589 -74 258 = 0.75[0.51;1.10]
CHARTWEL 1321150 1321150 0.2 658 i 1.00[0.79;1.28]
CHARTWELCT 4053 4753 -64 212 0.74[0.48;1.13]
Zajusz 2001 26129 27729 -14 13.2 4’*— 0.90[0.52;1.54]
NCCTG 802451 34739 35135 -7.0 167 —E'—f— 0.64 [0.39;1.05]
NCCTG 942452 1117125 1084121 -286 546 = 0.95[0.73;1.24]
RTOG 8808 185163  1566/163 -64 769 = 0.92[0.74;1.15]
Total 964/1056 885/944 -55.2 443.7 ’ 0.88 [0.80;0.97] p=0.009

0.25 1.00 4.00

Test for heterogeneity:xé = 974 p =0.37 I2 =8%
Modified RT better | Conventional RT better

Figure 2. Effect of modified radiotherapy versus coventional radiotherapy on overall
survival in the MAR-LC



Figure 3 shows the survival functions for the Pgtar and the Peto-month methods, for
conventional RT and modified RT.
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Figure 3. Peto-year and Peto-month survival curvefor conventional and modified RT
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Survival benefit and ICER estimates are shownlitetd for each method. The mean survival
benefit ranged from 1.6 month with the Peto-yeatho@ to 2.4 months with the Weibull

method. Small differences between survival bendétgled to larger differences between
ICERs. Mean ICERs ranged from 10,320€ to 34,93 74ijgeyear gained respectively for the

Weibull and the Peto-year methods.

Table 2. Survival benefit and ICER estimates accolidg to survival methods

. Survival benefit ICER (cost per life year
Survival method . . .
estimate (in month) gained)
Kaplan-Meier 2.2 21,356€
P [CI195%: 0.7-3.7] [C195%: 7,265€ - 56,945€]
Stewart 1.9 26,343€
[CI95%: 0.6-3.4] [CI95%: 8,040€ - 73,061€]
Peto-vear 1.6 34,937€
y [C195%: 0.5-2.8] [CI195%: 10,344€ -77,277€]
Peto-month 2.0 29,015€
[C195%: 0.7-3.5] [C195%: 7,569€ - 64,997€]
Weibull 2.4 10,320€
[CI95%: 0.6-4.1] [CI95%: 6,234€ - 59,023€]

For the five methods, all the cost-effectivenes®savere located in the North-East quadrant
of incremental cost-effectiveness plane: modified Was both more effective and more

expensive than conventional RT (figures 4). Theelision of scatter plots pointed out the
variability of ICER estimate amongst methods. BRetar seemed to be the method with less

variability (figure 4-D) whereas Weibull had thedast scattergram (figure 4-C).
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Figure 4-A and 4-B: Kaplan-Meier, Stewart
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ICER Weibull
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Figure 5. Acceptability curves showing the probabity that modified RT is cost-effective

at different thresholds of WTP for one life year.

As shown in figure 5, with a willingness to pay (W)Tfor one life year higher than 50,000%€,

all the methods concluded to the efficiency of thedified radiotherapy with a probability

higher than 90%. Whereas below the threshold dd@¥¥, acceptability curves did not lead

to similar conclusions. Indeed, at a 25,000€ thokekhthe probability of modified RT being

cost-effective ranged from 36% with Peto-year téoAdith the Weibull method (cf. table 3).
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Table 3. Probability that modified RT is cost-effetive at different threshold of WTP, according the

survival method used.

WTP for one life year
Survival method 25,000€ 50,000€ 75,000€
Kaplan-Meier 67% 97% 99%
Stewart 56% 95% 98%
Peto-year 36% 91% 98%
Peto-month 59% 96% 99%
Weibull 74% 97% 99%

In the sensitivity analysis we used the Peto-yeathod and a threshold of 50,000€ per life
year gained. When we varied the rate of use in caétliansportation cost estimate (+/- 50%),
the probability of modified RT cost-effectivenesanged from 89% to 92%. Disease
progression unit cost was varied from -30% to +30% leaded to a probability of efficiency

between 85% and 95%.
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Discussion

The estimation of heath benefit is of high impoc&ann economic evaluation. This is
particularly relevant in the field of oncology wkenew drugs are very expensive and the
survival benefit is modest (Ocana, 2010). The etion of the survival benefit has then to be
accurate.

Studying the impact of the choice of a survivallgsia method using individual patient data
from a meta-analysis of RCTs is innovative. The MAR database allowed us to provide a
precise estimate of the survival benefit of modifRT and to compare both non parametric
and parametric methods. Our study showed thatGERIestimate and its confidence interval
were sensitive to the survival method used. Witthrashold value between 20,000€ and
40,000€, the acceptability curves obtained with tive methods had a different shape.
Therefore, the choice of a survival method to estarthe health benefit can strongly impact
on the health economic outcome. Amongst the fivéhous that we compared, the Peto-year
method appeared more flexible because it tookantmunt stratification on clinical trials and
did not require the proportional hazards assumpioreover, this method was characterised
by less variability in ICER estimation.

Two recent studies have pointed out some methoaabigsues raised by the estimation of
survival benefit for economic evaluation (Latim@Q11; Connock, 2011). These studies
focused on parametric extrapolation of survivaldrel/the follow-up limits of a clinical trial.
Latimer reviewed 45 NICE technology appraisals afveanced or metastatic cancer
interventions. He noticed that a wide range of rm@shhave been used and that some of them
were not appropriate given the characteristichefdata. He proposed an algorithm to choose
an optimal parametric method according to the dharistics of the data under study.
Similarly, Connock through two other recent exaraptd NICE technology appraisals of

anticancer drugs (sorafenib for hepatocellularioaroa and azacitidine for myelodysplastic
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syndroms) discussed the issue of parametric extrtapo of survival beyond the data and the
impact on the estimation of the survival benefiarge differences can be observed using
different parametric models. The author recommentted multiple parametric models
should be explored and compared when estimating stiveival benefit for economic
evaluation. Unfortunately, these studies could mmivide quantitative information on the
impact on the health economic outcome.

The most important finding in our study was that bealth economic results were discordant
using different survival methods even though swalvextrapolation was not used. However,
some limitations of our study deserve to be mewtibrirst, we chose to compare a limited
number of parametric and non parametric methodss#l&eted standard methods used either
in economic evaluations or meta-analyses. Howewberoparametric models such as
Exponential or Gamma model should also be consatterg with the Weibull model. The
second limitation relies on the characteristicsoaf data. There was no treatment effect
heterogeneity between MAR-LC trials. This could éattenuated the difference between
methods which account for stratification on trialsd those which do not (Kaplan-Meier).
Similarly a with higher survival benefit and nomeportional hazards, the five methods could

have led to even more different health economialtes
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