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ABSTRACT

Background: The outcomes from clinical and other healthcare trials of most interest to
patients and health systems are usually increases in the quality and length of life (overall
survival (0S)) as a result of treatment or other intervention. This poses a problem,
because complete knowledge on the true increase in length of life is not available until
the last person in the trial dies. However, if the increased length of survival is sufficiently
highly correlated with an entity that is observable within the trial period or soon after the
treatment has finished, and is also highly-enough correlated with the treatment, the
observable entity can replace OS, or can be used to estimate OS, without much error.
Such an entity is called a surrogate endpoint. The most widely-used surrogate endpoint
for OS in oncology is progression-free survival (PFS). Some aspects of cancer treatment
make the evaluation of the quality of surrogate endpoints such as PFS problematic (e.g.
crossover among trial arms and multiple subsequent therapies). This document aims at:
(1) analysing the methods used to extrapolate from PFS to OS in the field of oncology;
(2) identifying whether a clear guidance exists in the literature about what is considered
to be ‘best practice’ in extrapolation from PFS to OS; (3) evaluating whether the
relationship between PFS and OS varies by tumour type; and (4) determining the key
limitations, weaknesses and gaps in the current literature and methods used to test PFS
surrogacy, where future research efforts might usefully be targeted.

Methodology: We extend the literature review carried out by Davis, Tappenden and
Cantrell (2012) from 2012 to 2016, using similar inclusion and exclusion criteria, we
interview experts from regulatory and reimbursement bodies, we explore academic
research into the methodology of surrogacy and the need for better reporting of
surrogacy papers, and we report on a workshop in which we bring together
representatives from these groups along with experts from POI member bodies. The
literature review is semi-self-contained within the report.

Results: A number of factors affect the relationship between PFS and OS. Therefore,
there is no unique correct answer for the question of whether PFS is an appropriate
surrogate for OS in oncology. Many of these factors are related to the length and
characteristics of post-progression survival (PPS). In addition, the results suggest that
co-integration and linear regression are the main methodologies applied to extrapolate
from PFS to OS. Nevertheless, there exists high variation in the characteristics of the
models used. These appear to hinder the correct comparison of results. Moreover, we
have identified a lack of rigour in the application of linear regression methodology.
Additionally, results indicate that very little research has been undertaken using
individual patient data (IPD) from trials. Methodological advances (Buyse et al. (2016)
have produced the concept of the surrogate threshold effect (STE), a correlation
between the surrogate and OS above which a surrogate endpoint can ensure with
sufficient confidence that a treatment will not reduce overall survival. A second advance
by Stevens et al. (2014) outlines an economic approach in which the benefits of earlier
adoption of a treatment through the use of a surrogate endpoint are balanced against
the possibility that a decision to adopt a treatment using the surrogate endpoint may not
be cost effective.

Conclusion: Any consideration of evidence relating to PFS should consider both tumour
type and other factors, particularly those related to post-progression survival (PPS).
Protocols of future follow-up of clinical trial patients should specify procedures for
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gathering information about the effect of post-progression management of the disease.
This should allow stronger conclusions to be extracted from statistical analyses.
Improved reporting standards will aid in achieving this goal. In addition, it is very likely
that increasing the use of individual patient data (IPD) will result in greater precision in
estimating the benefits of worthwhile drugs. Using only a single estimate for PFS and a
single estimate for OS from a reported trial wastes an enormous amount of information
and may result in later adoption of effective and cost effective drugs. More widespread
knowledge of methodological advances in statistical and economic analysis may make
significant improvements in the use of surrogate endpoints.
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EXECUTIVE SUMMARY

The outcomes from clinical and other healthcare trials of most interest to patients and
health systems are usually increases in the length and quality of life as a result of
treatment or other intervention. In many if not a majority of cases, the increase in
length of life, that is overall survival (OS), is the most important factor in decisions on
uptake.

This poses a problem, because complete information on the increase in length of life
associated with a new treatment is not available until the last person in the trial dies.
However, in reality, trial data are censored, with some patients not experiencing the
event of interest (death). In practice, estimates of OS are required for economic
evaluation and the most common approach for arriving at these estimates is to use
survival analysis methods to extrapolate beyond the observed trial period. Parametric
models, which make various assumptions about the underlying hazard and survival
functions, are fitted to trial data and are used to extrapolate into the future. (Latimer
2013) However, post-progression survival data can be confounded by treatment
switching, or receipt of various lines of post-study treatment. Thus in some
circumstances OS data from the trial may not be appropriate for extrapolation purposes.
An alternative to extrapolating OS data is to use progression-free survival (PFS) as a
“surrogate” outcome. If the increased length of survival is sufficiently highly correlated
with an entity such as PFS that is observable within the trial period or soon after the
treatment has finished, and is also highly-enough correlated with the treatment, the
observable entity can replace OS without much error. Such an entity is called a proxy,
surrogate outcome, or surrogate endpoint.

The question is whether the risks of basing decisions on uptake of a drug on estimates of
0OS and quality of life through to death, derived from surrogate outcomes, outweigh the
risks of basing decisions on direct measurements of OS and quality of life through to
death. The risks of using surrogates are that we will over- or under-estimate the true OS
and/or quality of life (QoL) benefits. If we over-estimate them and the drug is actually
no better, or even worse, than current treatment options, health systems and patients
adopting the drug will suffer a decrease in value from what they expected when they
decided to use it (and in the case of it being worse than current treatments, an absolute
decrease in value). If we underestimate OS and QoL benefits, patients and health
systems not adopting the drug would lose whatever value it offers. The risks of using
direct measurements are that the consequent delays lead to a loss of revenue for
industry, and patients and health systems lose whatever benefit that the drug offers
over existing treatments during the period of “delay”.

It is therefore important to determine the circumstances within which the use of
surrogate endpoints in decision-making can result in an overall improvement in patient
health and in value for health systems, industry and society in general.

The most widely-used surrogate endpoint for OS in oncology is progression-free survival
(PFS), which has been in use since the 1970s. Two aspects of cancer treatment make
the evaluation of surrogate endpoints such as PFS particularly problematic. The first is
that if in a trial it is sufficiently strongly believed that the treatment arm is
outperforming the control arm, patients will often switch from the control arm to the
treatment arm. This has the effect of reducing the size of the treatment effect estimated
in a conventional intention to treat analysis. Statistical methods have been developed to
adjust for the effects of treatment switching and these have been used in economic
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evaluation. (Latimer et al 2014) However, switching adjustment methods are not perfect
and treatment switching makes it harder to evaluate whether a surrogate endpoint
improves OS, particularly when the surrogate is PFS and disease progression is used as
the trigger for switching.

The second aspect is that cancer treatment is in most cases a succession of different
treatments. Early cancer detection (before a cancer metastasises) can sometimes allow
tumour removal by operation and a cure performed. But where this cannot be performed
or when the cancer has spread, a first-line treatment will be employed and after a time
will cease to work, and be replaced by a succession of subsequent treatments. In that
case, there could be a PFS for several treatments but only one OS. The treatments thus
confound each other and the relationship between one particular PFS and OS will not be
known, except where a number of patients have gone through the same lines of
treatment except for the last line. In that case, the relationship between PFS and OS for
last line, using the penultimate line as the base, can be estimated without confounding.

A further challenge is that the treatment in any line is often a combination of drugs, and
trials of new drugs are often therefore trials of adding that drug into the combination, or
replacing one drug in the combination with it.

It may be argued that observed OS is a suitable measure of the true impact on OS of
introducing a new drug into the treatment pathway, as in reality patients are likely to
receive a sequence consisting of several drugs. Pragmatically, decision-makers are often
interested in the effectiveness and cost-effectiveness of inserting a new treatment into a
treatment pathway, and if a multitude of subsequent treatments means that the OS
benefit is relatively small then that is what should be reflected in the economic
evaluation. Direct treatment switching, where patients in the control group move onto
the experimental treatment, is more problematic because this does not reflect a realistic
treatment pathway. This occurs because the experimental treatment is generally not yet
available and is being considered for use at an earlier stage of the pathway. Similarly,
switches onto other experimental treatments are problematic if they do not represent
standard treatment pathways.

In this report, we tackle the issues associated with the use of surrogates in more detail.
We extend the literature review carried out by Davis et al. (2012) from 2012 to 2016,
using similar inclusion and exclusion criteria, we look at recent statistical and economic
approaches, we interview experts from regulatory and reimbursement bodies, we
explore how academic research deals with surrogacy, and we report on a workshop in
which we bring together representatives from these groups along with experts from POI
member bodies.

Four main objectives have been achieved during this analysis. First, we aimed at
analysing the methods used to extrapolate from PFS to OS in the field of oncology. In
this sense, our results coincide with the results of Davis et al. (2012) in that co-
integration and linear regression are the main methodologies applied to extrapolate from
PFS to OS. Nevertheless, there exists high variation in the characteristics of the models
used that hinder the correct comparison of results.

The second objective was to identify whether a clear guidance exists in the literature
about what is considered to be ‘best practice’ in extrapolation from PFS to OS. Although
the original criteria suggested by Prentice (1989) are still valid, the literature review
indicates that more robustness and standardisation than those originally proposed are
needed to correctly test PFS surrogacy. For instance, the work of Buyse et al. (2016),

Vi
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Buyse et al. (2007) and Buyse et al. (2000) has highlighted the importance of analysing
both aggregate clinical trial and IPD data. In addition, their analyses have focussed
attention on the concept of Surrogate Threshold Effect (STE). However, the experts
interviewed mentioned that the statistical work of Buyse et al. (2016) has had very little
application so far, despite being available in earlier forms for over a decade. Additionally,
some recent economic research (Stevens et al., 2014) opens a new avenue for
determining the cost effectiveness of a surrogate endpoint by weighing up the benefits
from earlier adoption against the likelihood that earlier estimation of benefits using a
surrogate will be less precise than that of estimation using overall survival. The benefits
of earlier adoption have not been routinely included in economic evaluation of surrogate
endpoints.

In addition, we aimed at evaluating whether the relationship between PFS and OS vary
by tumour type. The cancer that has been studied most frequently in the literature of
surrogacy is lung cancer, particularly NSCLC. Colorectal cancer and renal carcinoma are
also among the most mentioned in the literature. However, no consistent results have
been found by cancer type. This is explained in part by important variations in the
statistical estimation methodology used to support the results. These variations are
observed between cancer types and within the same cancer type.

A number of factors affect the relationship between PFS and OS. Therefore, our results,
as well as those of Davis et al. (2012), indicate that there is no unique correct answer
for the question of whether PFS is an appropriate surrogate for OS in oncology. Moreover
since we have not conducted a systematic literature review of any particular cancer type,
we cannot say whether PFS should or should not be used in any particular case. What
this study concludes is that any consideration of evidence relating to PFS should consider
both tumour type and other factors such as the line of treatment and the type of
therapy.

Many of these factors are related to the length and characteristics of post-progression
survival (PPS). This indicates that understanding the factors that drive PPS is crucial for
the analysis of whether PFS is a good surrogate for OS. The extent to which protocols of
future follow-up of clinical trial patients consider procedures for gathering information of
factors that reflect the effect of the post-progression management of the disease, it
should be possible to extract stronger conclusions from the statistical analysis to validate
PFS as a surrogate of OS. Thus, research in this area is indicated.

Our fourth objective was to determine the key limitations, weaknesses and gaps in the
current literature and methods used to test PFS surrogacy, where future research efforts
might usefully be targeted. In this regard, we have identified a lack of rigour on the
application of the linear regression methodology. It is crucial that authors and policy
makers involved in the discussion of the role of PFS as a surrogate for OS know the
correct methodology to be applied and validated . A further issue in the analysis of
surrogacy is the heterogeneity relating to the definition of progression among clinical
trials. This and the difficulty in finding the required information in clinical trial reports
indicates a need for standardisation of clinical trial protocols that allows for comparability
between trials in the same cancer type.

One issue that came to the fore during this project was that very little research has been
undertaken using individual patient data (IPD) from trials. Using only a single estimate
for PFS and a single estimate for OS from a reported trial wastes an enormous amount
of data. Data have been collected by manufacturers on an individual patient basis, and

Vii
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much of the richness of these data has not been taken advantage of. If, as seems likely,
the use of IPD would allow much greater precision and efficiency in determining where a
putative surrogate endpoint does indeed predict the final outcome of interest, it would
seem to be in the interests of both manufacturers and society that that data be made
more freely available. It should speed up the process of innovation, leading to better and
more consistent decision-making and potentially more effective and cost-effective
healthcare products per year being put on the market.

Finally, it is important to highlight that PFS is not only important as a surrogate measure
for OS, but it is also an important endpoint in itself. PFS is key to understanding the
effect of an intervention on the tumour burden process; this is the mechanism through
which anticancer agents are expected to provide benefit. This is one of the reasons that
explain why USFDA and the EMA consider PFS to be an accepted regulatory endpoint to
support cancer drug approval (US Food and Drug Administration (USFDA), 2007a;
European Medicines Agency (EMA), 2012).

viii
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1. INTRODUCTION

The outcomes from clinical and other healthcare trials of most interest to patients and
health systems are usually increases in the length and quality of life as a result of
treatment or other intervention. Many reimbursement agencies around the world
measure effectiveness in terms of a quality adjusted life year (QALY) gain, which allows
treatments in different disease areas to be assessed against a common metric,
facilitating efficient resource allocation decision making through economic evaluation.
QALY gains represent the quality and length of life benefits associated with new
treatments. In many if not a majority of cases, the increase in length of life, that is
overall survival (0S), is the most important factor in decisions on uptake, having the
largest impact on assessments of clinical and cost-effectiveness.

This poses a problem, because complete information on the increase in length of life
associated with a new treatment is not available until the last person in the trial dies. In
the vast majority of cases trial data are “censored” (that is, cut short before the last
patient dies). For economic evaluation, it is generally accepted that for any intervention
that affects survival, an economic model must take a life-time perspective and therefore
estimates of the OS advantage associated with a new treatment are required. The most
common approach for arriving at these estimates is to use survival analysis methods to
extrapolate beyond the observed trial period. Parametric models, which make various
assumptions about the underlying hazard and survival functions, are fitted to trial data
and are used to extrapolate out into the future, as described by Latimer (2013).
However extrapolation of OS data is not a straightforward task - indeed it may be
argued that events occurring within the trial may invalidate the observed OS data,
making it unsuitable to extrapolate from. For instance, often progression-free survival
(PFS) is used as the primary endpoint in oncology trials and once this event has been
observed, treatment switching is permitted. If the treatments switched to do not reflect
standard care pathways this could mean that it is not appropriate to extrapolate out
from the observed OS data. Methods to adjust for treatment switching have been
suggested and used (Latimer et al., 2014) but whilst useful, these methods are
imperfect. An alternative to extrapolating from observed OS data is to use PFS as a
“surrogate” outcome. This report focuses on the use of surrogate endpoints.

A surrogate endpoint in a trial is an endpoint that is related to a patient-relevant
endpoint that may not be available for many more years, such as overall survival (OS)
(which only becomes available for an individual after his or her death).

Surrogate endpoints are used as primary endpoints in some trials so that they can be
shorter and involve fewer patients, and thus bring a new drug or treatment to the
market sooner. This should allow the benefits of successful treatments to be realised at
an earlier date; this is not only beneficial to patients and health systems, but will provide
greater returns to manufacturers. Products which would not have been worthwhile for
manufacturers to produce without the use of a surrogate outcome will become so if the
returns on earlier adoption using a surrogate are sufficiently high.

However, these benefits are achieved at the expense of relying on a less accurate
measure of final outcome than would occur by waiting for the requisite data, such as OS,
to become available. Thus there is a trade-off between time elapsed from the end of
study before information becomes available and the accuracy of the information about
the benefits of treatment. If the surrogate outcome is not a sufficiently accurate
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predictor of final outcome, the use of the surrogate endpoint will not necessarily yield a
net benefit to society.

It is necessary, therefore, to determine what characteristics a surrogate outcome should
have that are likely to make it a better alternative to waiting until there is enough
accuracy in the measurement of the final outcome. It is widely known that the
appropriateness of a surrogate will depend on the nature of the disease (type and stage
of cancer), the nature of the treatment, the trial methods, and the characteristics of the
patients. It is also recognised that a viable surrogate variable must be highly correlated
with the ‘true’ endpoint variable. However, what appears to be less well-known is that
this is not sufficient, because the usefulness of a surrogate also depends on whether the
treatment under consideration affects the surrogate endpoint in a similar fashion to that
of the true endpoint.

Two further problems in oncology with surrogate endpoints concern earlier-line therapy,
given that further therapy and/or subsequent diagnosis will usually take place before
death. With more than one intervention in a treatment pathway, any attempt to attribute
OS to one of the treatments (or diagnosis) rather than another is virtually impossible. As
previously stated, such post-study treatments may lead an analyst to conclude that it
would be preferable to estimate OS based upon measurements of PFS as a surrogate,
rather than by extrapolating observed OS data. However, these post-study treatments
also cause problems for the use of surrogates, because they may make it very difficult to
ascertain the true relationship between the surrogate (PFS) and the desired outcome
(09).

In cases where numerous post-study treatments are given, PFS and OS are likely to
have a low level of correlation. This should not automatically be considered a problem,
since the decision problem being addressed is important to take into account. Typically,
we are interested in the effectiveness and cost-effectiveness associated with inserting a
new treatment into the treatment pathway. If post-study treatment given in a trial are
with experimental agents that are not part of the standard treatment pathway the
distortion that they create in any analysis of OS or the PFS:0S relationship is
problematic, because in reality these treatments would not be given. To address the
decision problem the observed OS data is not appropriate and therefore the observed
PFS:0S relationship is not appropriate. Conversely, if the post-study treatments given
are representative of standard treatment pathways, these are reflective of what would
be likely to be given in reality. Thus the observed OS data and PFS:OS relationship are
valid for the decision problem being addressed. If a multitude of standardly available
post-study treatments means that PFS benefits are not translated into OS benefits, it is
appropriate for this to be reflected in an economic evaluation undertaken to inform
resource allocation decision making.

That said, it may often be the case that post-study treatments are not representative of
standard care and therefore the observed OS data are problematic. This is more likely to
be the case for earlier line therapy because at this stage the subsequent treatment
pathway is likely to be longer. Therefore the use of surrogates may be more important
for earlier-line therapy, whilst also being more difficult to validate.

Another reason why this is likely to be true is that death will be further into the future
for earlier-line therapies. For later-line therapies, it is more feasible to collect post-trial
data on survival and quality of life. This highlights a further problem in oncology and
oncology trials: there are currently few incentives or systems for the collection of quality
of life (QoL) data after the end of the trial period. Even if retrospective analyses can
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compare trial outcomes on surrogates with OS (from registry data), there are no QoL
data post-trial (and in some cases, none within the trial).

This project aims at: (1) analysing the methods used to extrapolate from PFS to OS in
the field of oncology; (2) identifying whether a clear guidance exists in the literature
about what is considered to be ‘best practice’ in extrapolation from OS to PFS; (3)
evaluating whether the relationship between PFS and OS varies by tumour type; and (4)
determining the key limitations, weaknesses and gaps in the current literature and
methods used to test PFS surrogacy, where future research efforts might usefully be
targeted.

In order to do so the study was divided into three the stages: (1) a review of the clinical
evidence, updating an earlier study by Davis et al. (2012); (2) interviews and
discussions with regulators, the “reimbursement” body in England (National Institute for
Health and Care Excellence, NICE) and researchers into surrogate endpoints; (3) a
workshop that included representatives of all of the above groups, as well as a NICE
Appraisal Committee Chair and representation from six of the POI member bodies and
from OHE.

Section 2 sets out the methodology and the results extracted from the literature review.
Section 3 describes the interviews and workshop and the work of leading methodologists
in statistical and modelling analyses of surrogate endpoints. Finally, section 4 concludes
by summarising the results and discussing some policy implications.

2. LITERATURE REVIEW

We conducted a review of the literature, to identify the ‘state of the art’ in extrapolating
from clinical endpoints to overall survival with a particular focus given to PFS in oncology
trials. Previous literature has been conducted on this topic by Davis et al. (2012). This
work summarised the methodologies applied and the challenges faced in the
extrapolation of PFS to OS. They identified 266 articles, using citation searching
(conducted in Medline and the Science Citation Index) to identify relevant papers from
an initial list of three papers already known to the authors. The authors state that a
systematic literature review was not feasible, first, because an exploratory search
returned a very large number of references (over 3,000), and second, because any
attempt to make the search more specific resulted in many relevant papers being
excluded.

In order to capture those articles in which PFS is a relevant measure, Davis et al. (2012)
included any form of cancer in which the treatment intent is palliative rather than
curative. In addition, they included all reviews that examined the statistical relationship
between OS and either PFS or time tom progression (TTP). Papers simply reporting the
target outcomes from single trials or multiple trials were not included. They identified 19
key articles concerning the relationship between PFS/TTP and OS in advanced or
metastatic cancer (Table 1) and extracted the main results from them. In general, the
Davis et al. (2012) review suggests that the evidence collected until 2012 supports a
significant relationship between PFS/TTP and OS. However, their results indicate that the
strength of this relationship varies extensively between cancer type and within cancer
type. They attribute this variation to the dissimilarities in studies’ characteristics, such
as tumour type, the line of therapy, and the diversity of methods used.

Table 1. Articles identified by Davis et al. (2012) and number of citations
between 2012 and 2016
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Ei?fvgfgearﬂ d Breast Aggregate Breast 95/ grggs/t
Lilford 9 cancer and clinical Colorectal NA CoI(.)rectaI
(2011) colorectal trial data 74 0.11
IPD and Individual
Foster et al. Aggregate Trial level level: #
(2011) 41 SCLC clinical ° 870 0.79 Trial level:
trial data 0.75/0.80
Kendall’s tau
0.42/
(H;(;‘fl‘)*t al. 52 E:PC?F']S;'L 1PD NA 1,158 Fleischer
model 0.66/
+




Extrapolation from surrogate endpoints to overall survival in oncology

Aggregate
Hotta et al. 37 NSCLC clinical 70 38,721 0.256
(2011) X

trial data

Aggregate Pearson
Chirila et al. . 0.89/
(2012) 13 Colorectal c_I|n|caI 62 23,527 0.48 Spearman

trial data

0.78

Total
citations 1,332
After
removing 790
duplicates

* Results of the authors’ search of the number of citations of each article between 2012 and 2016
fLandmark analysis
Source: Data extracted from Table 1 and Table 2 of Davis et al. (2012)

We updated the evidence found by Davis et al. (2012) to the present (2016) using the
same scoping techniques to preserve as much continuity as possible between the earlier
(Davis et al., 2012) work and our more recent work. Specifically, we sought to document
advances in the topic. A citation search from January 2012 to June 2016, using Google
Scholar, identified a total of 790 articles which had cited those original 19 papers.

A previous follow-up of Davis et al. (2012) was carried out by Ciani et al. (2014). Our
analysis differs from that of Ciani et al. (2014) as our aim is to examine the statistical
methodologies most commonly applied as well as the main limitations that authors face
when attempting to correctly assess PFS validity.

At the end of the review, we report in a further subsection two important recent papers
that were not captured by our literature review that consider the problem from the
varying viewpoints of the statistician and the economic modeller.

By looking at the titles of the articles, we excluded from the main search those articles
not published in English and those that reported multiple or single clinical trials with
mention of a surrogate endpoint somewhere in the paper but nothing more than that;
cost-effectiveness analyses; or clinical guidelines. We applied four inclusion criteria: 1)
articles that mentioned progression-free survival and overall survival in the title; 2)
articles that mentioned progression-free survival as a surrogate (including the terms
‘surrogate outcome’ or ‘surrogate endpoint’ and ‘surrogate measure’); 3) articles that
analysed possible surrogate measures for cancer; 4) and articles that analysed endpoints
for cancer (Figure 1).

We reviewed the abstracts of 159 articles that fulfilled the above criteria and excluded
conference papers, meeting reports, editorials, comments, letters, responses, case
studies and PhD/Master theses. During the abstract analysis, we applied one additional
selection criterion: we included only those articles that analysed Progression-free
Survival as a surrogate marker for Overall Survival, and did not simply report PFS and
OS data. 65 documents were fully read, resulting in 55 articles being included in the
analysis (Figure 1).

Information regarding methodology, data and factors affecting the relationship between
PFS and OS was extracted. Information related to author affiliation and publication
journal was also collected. The information was collected by one of the authors (KHV)
and the quality and accuracy of the extraction was verified by a second author (AF).
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Figure 1. Literature search and selection of articles

Based on google scholar 790 non duplicated
articles that include among the references one
or more of the 19 articles were identified

Excluded articles (632)

Exclusion criteria: - Published before 2012 (305), - Notin English
(53), -Report the results of multiple or single trials but do not
analyse surrogacy (43), -Cost-effectiveness analysis (9), -Clinical
guidelines (5), and -Insufficient Information in google scholar (4),
Didn’t meet the inclusion criteria (213) (No mention of - PFS and OS
or - PFS as a possible surrogate measure or -possible surrogate
measures for cancer or -possible endpoints for cancer

After the analysis of the titles 158 were selected

Excluded articles (93)

Exclusion criteria: - Conference papers and meeting reports (5) -
Editorials, comments, letter and responses (11) -Case studies (2) -
PhD or Master’s thesis (6) -Guidelines (1) - Articles that only report
but do not analyse PFS and OS (68)

After the analysis of the abstracts 65 were
selected

directly analyse the relationship between PFS and OS (3)
- Testing the validity of an econometric model (5 articles)

Excluded article (10)
—Exclusion criteria: -Extended version of another article (2) -Does not

55 articles included in the analysis

Source: Authors’ search

1.1. Current approaches and challenges to analyse PFS as a
surrogate of OS

Regarding what is considered to be ‘best practice’ in extrapolation from OS to PFS, the
most-quoted work is the analysis done by Prentice (1989). He was one of the first to
establish the criteria that an adequate surrogate needs to fulfil in order to demonstrate
that a potential measure can be a good surrogate for OS: (1) the surrogate endpoint
should predict the clinical endpoint, and (2) the effect of a treatment on the surrogate
endpoint should predict the effect of that treatment on the true endpoint.

Although the original criteria suggested by Prentice (1989) are still valid, the literature
review indicates that more robustness and standardization than those originally

proposed are needed to correctly test these criteria. In this regard, the work of Ciani et
al. (2014) summarised three different frameworks that are currently applied to validate
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the strength of the evidence: (1) German Institute of Quality and Efficiency in Health
Care (IQWIiG) framework, (2) Biomarker-Surrogacy Evaluation Schema (BSES3)
framework and (3) Elston and Taylor’s framework. All of them include the original criteria
of Prentice (1989), but also analysed factors that could influence the strength of the
relationship, such as the quality of the data and the characteristics of the clinical trial
included. In addition, Buyse et al. (2000) proposed that in order to validate a surrogate
endpoint it is necessary to analyse both individual level and trial level data. This because
the analysis of clinical trial information is particularly important for testing the
relationship between the treatment effect on PFS and the treatment effect on OS while
the IPD allows the analysis of the relationship between the absolute value of PFS and the
absolute value of OS. In order to verify surrogacy, both the relationship between the
treatment effects and the relationship between the absolute values should be significant.

In addition, Ciani et al. (2016) state that surrogate endpoints need to satisfy three
conditions. First, the level of evidence supporting the relationship between the surrogate
endpoint and the desired outcome needs to be considered. A strong correlation should
be observed between the surrogate and the end point based on individual patient data
as well as between the treatment effect on the surrogate end point and the final
outcomes across multiple randomised trials. Second, the strength of the association
between the surrogate endpoint and the final outcome should be measured throughout
approaches such as regression and meta-analysis. Third, it is necessary that the effect
on the final outcome could be predicted and quantified based on the effect on the
surrogate, using methodologies such as the surrogate threshold effect (STE) (see section
1.1.2). The effect of the treatment on PFS must be large enough to predict an
improvement in OS. This is key for decisions on coverage and reimbursement, because
while regulators assess drugs based on safety and efficacy, reimbursement bodies must
take into account an intervention's benefit compared with other treatments, as well as
its cost.

Table 2 shows the selected articles classified according to type of article. Four types of
article were identified. The first three categories refer to articles that directly estimate
the relationship between PFS and OS using IPD and/or clinical trial information. 48 out of
the 55 articles are classified in these three categories. The fourth category corresponds
to a group of articles that summarise previous studies.

Twelve of the 19 articles (63%) identified by Davis et al. (2012) used aggregate data
from multiple trials (Table 1). In our literature review, 32 out of the 48 articles use
aggregate data from multiple trials which correspond to 67% of the sample. We
identified six articles (12.5%) in which both clinical trial data and IPD were used (Table
2) to estimate the relationship between PFS and OS; Davis et al. (2012) identified three
(15.8%) (Table 1). This suggests there is still a lack of available and comparable
information that hinders the use of both clinical trials and IPD during the validation of a
surrogate endpoint. Only a small number of researchers have access to the necessary
information that allows them to fulfil the criteria suggested by Buyse et al. (2000). The
lack of IPD information is evident if we consider that only 21% of the articles found by
Davis et al. (2012) and 21% of the articles found here are based on IPD data. Moreover,
six out of the ten IPD articles are based on information collected in a single Japanese
institution, which indicates that the extrapolation of the conclusions to a different context
should be undertaken with caution (Imai et al., 2014; Imai et al., 2015; Kasahara et al.,
2015; Yoshino et al., 2014; Yoshino et al., 2015).
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In addition to the 48 articles, we identified seven articles that correspond to a summary
of previous studies. Three of the seven articles reported a systematic review of the
literature (Ciani et al., 2014; Prasad et al., 2015; Kim and Prasad, 2016) while the other
four analysed the relationship between PFS and OS based on previous literature, but
without stating how the studies were identified (Table 2).

Regarding the general conclusions, 53% of the articles that used aggregate data from
multiple trials support PFS as an appropriate surrogate for OS. Ten of the remaining 15
articles suggest that the validity of the surrogacy depends on factors such as the line of
therapy (first vs second or third) (Adunlin, Cyrus and Dranitsaris, 2015; Ozer-Stillman et
al., 2015) or the type of treatment (Johnson, Liauw and Lassere, 2015). Among the
articles that used IPD, the analysis suggests a similar proportion of articles support
surrogacy (4/10) as refute it (5/10) (Table 2).

Table 2. General conclusion regarding the relationship between PFS and OS by

type of article

Not an

Appropriate . Depends on No
Type of Study surrogate appropriate particular factors recommendation
surrogate
Imai et al.
(2014); Imai et
Galsky et al. (2013); al. (2015);

multiple trials

(2013); Li et al.
(2012); Petrelli and
Barni (2013a); Petrelli
and Barni (2013b);
Petrelli et al. (2015);
Shitara et al. (2012);
Sidhu, Rong and
Dahlberg (2013);
Singh, Wang and Law
(2014)

(2013c); Shitara
et al. (2014);
Terashima et al.
(2015);

Individual Halabi et al. (2014); Kasahara et al. Laporte et al.
data Négrier et al. (2014); (2015); Yoshino (2013)
Shitara et al. (2013) et al. (2014);
Yoshino et al.
(2015)
Beauchemin et al.
(2014); Bria et al.
(2015); Cartier et al.
(2015);Chen et al. Adunlin et al.
(2015); Delea et al. (2015); Amir et al.
(2012); Félix et al. . (2012); Hotta et al.
(2013); Flaherty et al. :‘:353;}55;1;:0 (2015); Hotta et al.
(2014); Giessen et al. L (2013); Johnson et
. (2014); Ciani et
(2013); Giessen et al. al. (2015);
Aggregate (2015); Han et al al. (2015); Kawakami et al
data from ! ) Petrelli and Barni .

(2013); Moriwaki et
al. (2016); Ozer-
Stillman et al.
(2015);

Petrelli and Barni
(2014); Suzuki et
al. (2015)

Agarwal et al. (2014);

relationship)

Individual and Shi et al. (2015); Michiels et al. .

aggregated (2016); Paoletti

trial data Foster etal. (2015); 1 ot 41 (2013)
Mauguen et al. (2013) ’

. Ciani et al. (2014);
Rf:‘;fx:f Garon (2012); Kim
sptudies Prasad et al. Matulonis et al. and Prasad (2016);
(OS vs PFS (2015) (2015) Pilz and Manegold

(2013); Sherrill et
al. (2012)

Source: Authors’ analysis
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For the articles based on aggregate data, Davis et al. (2012) found that the number of
trials included ranged between 13 and 191 (Table 1). As shown in Table 3, the maximum
number of trials included has decreased in comparison with the results presented by
Davis et al. (2012). However, a high variation still exists within the number of articles
considered.

The number of observations analysed is highly important for robust conclusions in
quantitative analysis. In this regard, in most of the selected articles, some clinical trials
identified by the researchers reported more than one treatment arm (27/32). This has
the positive effect of considering a higher number of observations in the analysis which
may result in more robust conclusions. Among these articles, the number of different
treatment arms included in the analysis ranges from 7 to 230. However, to include
multiple treatment arms has the disadvantage that some observations are naturally
grouped. This could lead to problems in the quantitative analysis such as
heteroscedasticity.! Heteroscedasticity makes it difficult to test whether PFS is a
significant variable for explaining OS in the results from a linear regression model,
although it does not affect the R? value of the regression. In the majority of these
articles, each treatment arm is considered as a separate observation. However, there are
examples of where the authors based the analysis on only one treatment arm per clinical
trial or the data of the different experimental arms are combined (e.g. Paoletti et al.,
2013).

Table 3. Number of patients and trials included in the selected articles

Number of patients Number of trials
Minimum Average Maximum Minimum Average Maximum
Individual data 35 537 2,331 1 4 7
Amguﬁtri%?:tterig;ta from 2,148 13,031 43,459 6 44 153
Individual and 689 5,238 16,762 8 17 29

aggregated trial data
Source: Authors’ research

1.1.1. Cancer Types

Like the conclusions of Davis et al. (2012), the results from the validation of PFS as a
surrogate point for OS varies substantially among cancer types and there is little or no
consistency in the results by cancer type. In Table 4, lung cancer, with 16 of the articles
(30%), dominates the discussion: 11 related to non-small cell lung cancer (NSCLC),
three to small-lung cell cancer and two that considered all lung cancer types. Although a
number of articles (6 out of 16) suggest that PFS is not an appropriate surrogate for OS,
there is no consistency in the results even when we consider the line of therapy and the
phase of the clinical trial.

The second most mentioned cancer type is colorectal cancer (Table 4). Here the
probability of concluding that PFS is an appropriate surrogate point for OS is higher (5
out of 7), which is in agreement with previous studies that lead to the common
understanding that colorectal cancer is one of the few cancer types for which there is
agreement in the validity of PFS as a surrogate of OS. Following colorectal cancer in the
frequency of papers is renal carcinoma where four articles analysed first line therapy and
two articles first line or beyond. Four out of the five articles analysed more than one

! Heteroscedasticity refers to the case in which the variability of a variable varies across the range
of values of a second variable that predicts it.
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cancer type, corresponding to articles classified as reviews of previous studies (Table 2).
Only one article that analysed more than one cancer type is based on aggregate clinical
trial information: Amir et al. (2012). They use data from 26 randomised trials conducted
between 2002 and 2012 that have led to drug approval by the US Food and Drug
Administration.

Buyse et al. (2000) argue for greater confidence in the relationship between surrogate
and OS when correlation is established across studies with different characteristics.
Therefore, different factors that can affect the link between PFS and OS have been
analysed in the literature. A deeper analysis of these factors is undertaken in section
1.1.4. Here, we introduce the factor that appears to be particularly important for
verifying the PFS and OS relationship: the line of therapy. In those cases where the
analysis cannot validate the surrogacy for first line therapy, as distinct from the second
or third line therapy, the first possibility considered by the researchers is that the effect
of the treatments that affect post-progression survival is higher and so obscures the
results of the first line treatments. The importance of validating the surrogacy in the
first line is observed in Table 4 where most of the articles include data of first line
therapy. However, we were not able to find any pattern related to the therapy line in
terms of the general conclusion of the articles. This means that there is no particular
therapy line for which there is a higher probability that the analysis validates the
surrogacy of PFS, which suggests that this is not the only characteristic that affects the
results. In section 1.1.4 we will discuss in detail some the factors that the literature
suggests are determinants of the relationship between PFS and OS.

Table 4. Number of articles per cancer type

General conclusion Line Phase
Total Appropriate D:::;:‘:JSI;" appr:::riate No 1st 2nd Istand Istand 2ndand NA| I 11 L ltandlll lland Il NA
surrogate factors surrogate recom. 2nd beyond beyond

Non-small cell lung cancer 11 2 4 4 1 4 1 1 3 1 111 3 4 3
Colorectal cancer 7 5 1 1 3 1 3 2 1 3 1
Renal cell carcinoma 6 4 1 1 4 1 1 4 2
Gastric cancer 5 2 1 2 3 1 1 3 1 1
Breast cancer 3 1 1 1 1 2 1 1 1
Small cell lung cancer 3 1 2 3 1 2
Lung cancer 2 1 1 1 1 2
Multiple myeloma 2 2 1 1 1 1
Urothelial carcinoma 2 2 1 1 2
Biliary tract cancer 1 1 1 1
Gastrointestinal stromal tumor 1 1 1 1
Glioblastoma 1 1 1 1
Hepatocellular carcinoma 1 1 1 1
Melanoma 1 1 1 1
Nasopharyngeal carcinoma 1 1 1 1
Neuroendocrine 1 1 1 1
Ovarian Cancer 1 1 1 1
Pancreatic cancer 1 1 1 1
No particular cancer type 5 1 1 3 1 3
Total 55 25 12 13 5 |23 4 2 17 1 8|1 11 19 9 15

Source: Authors’ research

10
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1.1.2. Methodologies and statistical results

Table 5, Table 6 and Table 7 show the methodologies applied and types of estimation
undertaken by the authors of the selected articles. The most usual preference is for the
use of correlation (particularly Spearman, Pearson and Kendall’s T ) (34/48) and
weighted or unweighted linear regression (35/48) to validate PFS as a possible surrogate
of OS, which is comparable to the findings of Davis et al. (2012). Moreover, like Davis et
al. (2012), our results suggest that although most of the selected articles use a
correlation or linear regression model, many different variations in methodology apply
which make it difficult to compare the results. For example, Aboshi et al. (2014) use uni-
and multi-variate logistic regression analyses to estimate the relationship among PFS
and OS where weights relating to the number of observations were not applied. In
addition, Bria et al. (2015) estimate the correlation of the probability of PFS at 3 and 6
months and OS at 9 and 12 months (Table 5).

However, beyond the variations that each author applies in the analysis, the main
question to be answered is whether the recent investigations in the topic include an
adequate methodology and use suitable data to test PFS as a possible surrogate for OS.
The common practice for testing whether the surrogate is capable of predicting the
clinical end point is to analyse the relationship between the absolute values of the PFS
and OS. Those articles that include aggregate clinical trial information mostly use median
PFS and median OS, but in some cases the estimation uses a logarithmic transformation
of the variables (Giessen et al., 2015). In the case of IPD articles, the relationship
between the absolute values per patient of PFS and OS is used to prove the predictive
capacity of PFS. A sub-group of the IPD articles uses a landmark approach where the
PFS rate at different months (3, 6, 9 and/or 12) in predicting OS is analysed (Table 6
and Table 7).

The effect of treatment in changing PFS to predict the effect of treatment in changing OS
is explored throughout the analysis of aggregate clinical trial information. Here it is
common to compare the hazard ratio (HR) of the two endpoints; however, we also
identified articles in which the differences in median PFS and OS are examined. In
addition, a variety of methodologies have been followed to overcome the problem of not
reporting HR.

Regarding the results by cancer type, NSCLC, which has the highest humber of
observations, in most of the cases shows statistical (R? and correlation) results lower
than 0.7, which indicates a weak validity of PFS as a surrogate measure for OS. Three
particular exceptions should be mentioned. First, the study of Suzuki et al. (2015) (Table
5), with a Spearman correlation value equal to 0.77, supports only PFS surrogacy if PPS
length is less than 6 months. In addition, Imai et al. (2014) and Yoshino et al. (2015)
estimate Spearman correlation values of 0.76 and 0.72 respectively. These can be
considered high in comparison with other studies; however, they concluded that PFS is
not an appropriate surrogate for OS based on the low values of R2,

Among all the results, Petrelli and Barni (2013b) stand out because of the lack of
consistency between supporting PFS surrogacy and having low correlation and low R?
values. They analysed the surrogacy of PFS in the context of NSCLC and observed weak
correlation between PFS and OS. However, they still support PFS as a surrogate for OS,
a decision that appears to be influenced by the slope of the linear regression. The slope
suggests that a one-month gain in PFS will be linked to three weeks’ prolongation in OS.
However, in view of the very small R? value, the reasons for conclusion are not clear.

11
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In addition to NSCLC, Table 6 and Table 7 show four more examples that refer to lung
cancer (three for small cell lung cancer and one for lung cancer in general). Two of the
four articles are based only on IPD, and none of them supports PFS as a surrogate
(Table 6 and Table 7). In addition, Foster et al. (2015) used both IPD and aggregate
clinical trial information. The results based on clinical trial information led the authors to
support the validity of the surrogacy, while IPD data are less conclusive (Table 7). The
remaining study, Mauguen et al. (2013) also used IPD and clinical trial data, but,
contrary to Foster et al. (2015) where only the clinical trial information fully supported
surrogacy, IPD also supports PFS as an appropriate surrogate for lung cancer (R? and
correlation higher than 0.7) (Table 7).

12
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Table 5. Articles based on aggregate clinical trial information: Methodology and estimations

#Patient (P) . Weighted
Author Cancer Type / #Clinical Corr:latlo :frfzztnt‘:sp: v‘::’::lcl::ﬁ Linear T;?fztche!r;t Abset;lf::; \Slue Characteristics of the methodology
Trials (CT) ) ) Regression
Appropriate surrogate
1) For studies that did not report HRs for PFS/TTP or
Delea et al Renal cell P 10,043/ pearson/ InHRs: 0.80/ InHRs: 0.63/ 0OS, HRs were estimated using data from Kaplan-Meier
5012 : carcinoma cT 31’ Spearman Difference in yes Difference in curves or numbers of events and log-rank statistics
(2012) P median: 0.54 median: 0.28 2) median survival was estimated by fitting Weibull
survival functions to reported Kaplan-Meier curves
1) Multivariate linear regression models
Li et al P 9,903/ Simple regression: 2) Significance of surrogate as a survival marker
2012 ' NSCLC cT 6,0 yes 0.70/ Multivariate compared: Area under their receiver operating
( ) regression: 0.74 characteristic (ROC) curves.
3) Discrimination ability tested.
Shitara et al. Gastric P 10,484/
(2012) cancer CT 36 Spearman 0.80 0.70
1) Two-step approach to a simultaneous Tobit model.
A . Censored normal-weighted regression with the robust
F;g){;t al. muz:glria ET ié%s%/ Spearman 0.75 option in Step 2.
( ) Y 2) Heteroscedasticity: Generalized Method of Moments
(GMM).
Giessen et Colorectal P 22,736/
al. (2013)  cancer CT 50 ves 0.87 0.86
Han et al. ) P 7,125/ 1) Lead-time that could be gained by using PFS instead
(2013) Glioblastoma CT 91 Pearson yes 0.92 0.7 of OS
Petrelli and
Barni Colorectal P _ 16,408/ Spearman  0.59 0.64 yes 0.43
cancer CT 34
(2013a)
Petrelli and
Barni NSCLC ET ‘1‘6176/ Spearman  0.64 0.26 ves 0.00007
(2013b)
Sidhu et al. Colorectal P 20,438/
(2013) cancer CT 24 0.86 yes 0.73
. 1) Linear regression: only studies with statistically
Bfalu‘:h;(;?:' Breast P ‘1“3‘;‘459/ gezgsr?;‘é L0427 0.428 ves 0.86 significant difference in both PFS/TTP and OS between
etal. ( ) P treatment arms
Flaherty et P 4,416/ )
al. (2014) Melanoma CT 12 0.85 1) Fixed and random effects
. . 1) Information regarding clinician perceptions of
Szm?lr:l et el E:uroendocn (PZT 512584/ yes 0.03 0.216 disease progression was extracted from the clinicians
(2014) survey
1) Monthly PFS and OS rates from month 1 to month 12
extracted from publications or Kaplan-Meier curves
Targeted Targeted 2) Cumulative monthly PFS and OS rates: weighted-
. Pearson/ treatments: . average approach
Beralgt al. CR:r'l?rLg:L (P:T 51;;3791/ Spearman/ 0.45 (not sig) 0.85/ yes 0.66 (not sig) ;:ﬁrantrn%r&sérgj:? / 3) Treatment arms were merged according to 3 groups:
( ) Kendall’'s T Immunotherap 0.71 py: (1) targeted agents, (2) immunotherapy, and (3)
y: 0.84 ' placebo.
4) Correlation analysis between 3-month PFS and 9-
month OS or 6-month PFS and 12-month OS
Cartier et Multiple P NA/ Pearson HRs: 0.82/ es HRs: 0.67 /
al. (2015) myeloma CT 21 logHRS: 0.80 Y logHRs: 0.63

13
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1) Errors-in-variables linear regression model with a
conservative reliability coefficient of 0.9 (weighted by

Chenetal. ~ NasoPhayng p 531y o 0.9 trial size)

(2015) carcinoma CT 21 Y ' 2) When not available FFS and/or PFS, and OS were
determined for treatment arms using published data or
survival curves

Giessen et Colorectal P 10,800/

al. (2015) cancer CT 23 Pearson 0.73

Petrelli et Pancreatic P 8,467/

al. (2015) cancer CT 30 Spearman 0.78 0.75 yes 0.69 0.6

Depends on particular factors
Not an appropriate surrogate when post-
. No a progression is long*
Amir et al. articular P NA/CT 26 PPS<12 : 0.64 s 1) Identification of a cut-off for median SPP with the
(2012) Eancert o / PPS>12 0.38 y greatest discrimination: non-parametric (spline) smooth
YP function applied to the correlation between the ratio of
OS to PFS and to PPS

Hotta et al. P 24,158/ Appropriate surrogates when post-study

(2013) NSCLC CT 34 yes 0.69 treatments were seldom employed*

Kawakami 9553%?2%/er Correlation decrease over the years*

Gastric P 11,802/ CT . 1) Dichotomised (older trials and recent trials, based on
et al. Spearman 0.547 trials: 0.689 / . ' ;
cancer 43 - 2006): to assess the effect of year of completion of trial

(2013) recent trial enrolment

0.282 .
Petrelli and
. P 10,138/ CT Not appropriate surrogate HER2-negative disease

(B;(;Tz;) Breast cancer 20 Spearman 0.78 0.81 yes 0.73 0.61 trials, where the weight of PPS is stronger*

. HRs: 0.46 / HRs: 0.31 / - . - %

Qlduglgl Set S;:]z;idal P 0/CT 72 Spearman Difference in yes Difference in ?raz?g\;‘;arraet::;;?éasit:nlra‘nzall.lydsilsme and beyond

- ) median: 0.52 median: 0.44
Molecularly selected patient trials vs all-comer
trials: these molecularly targeted trials using PFS
would be considered positive if their HR is less
than or equal to 0.6 for PFS*

Hotta et al. P 7,633/ 1) Influence of trial design (molecularly selected

(2015) NSCLC CT 18 yes 0.23 patients vs. all-comers) evaluated: multiple stepwise
regression analysis
2) Receiver operating characteristic (ROC) analysis was
used to identify the most accurate discrimination
thresholds
PFS surrogacy is not generalizable across all drug

Johnson et Renal cell P 10,797/ CT s EIV regression: classes*

al. (2015) carcinoma 30 Y 0.49/0OLS: 0.44 1) Errors-in-variables (EIV) regression
2) Evaluated the effect of prognostic covariates

Ozer- Gastrointesti

i P 2,189/ Not appropriate surrogate in first line therapy*

Stillman et nal stromal CT 14 Pearson 0.72 yes 0.52 1) Quality of the evidence assessed: GRADE approach

al. (2015) tumor
Appropriate surrogate only with a PPS of less
than 6 months*

Suzuki et P NA/ 1) Optimal point of correlation of PFS-HR and OS-HR by

al. (2015) NSCLC CT 32 Spearman 0.77 every 1 month of SPP: by using a linear regression
model

. . All: 0.66 / Target PFS is an appropriate end point in a phase II trial
Moriwaki et Biliary tract P 2,148/ s therapy: 0.78 / of a newly developed drug*
al. (2016) cancer Cr17 Y gemcitabine- 1) Trials with gemcitabine-containing therapies and

therapies: 0.78

with targeted agents analysed separately

Not an appropriate surrogate
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Petrelli and

Barni Renal cell P_3,188/ Pearson/ 3¢ 0.869 yes 0.07 0.97
carcinoma CT6 Spearman

(2013c)

: 1) Covariates analysed by univariate logistic regression
AIbOShI et NSCLC (F;T 22’337/ Spearman 0.689 0.439 analysis using a fixed-effect model and multivariate
al. (2014) logistic regression analysis
Shitara et Gastric P 4,286/
al. (2014) cancer CT 64 Spearman 0.36 0.56

. . 1) der Simonian and Laird random-effects univariate
Ciani et al. Colorectal P 40,243/ Spearman Bﬁfsergnii {n es gr{f:ergn:j:‘; {n meta-analyses were used to calculate the pooled
(2015) cancer CT 101 P median: 0.59 Y median: 0.52 treatment effect (95% CI) for OS.
e e 2) Random-effects multivariate meta-analyses.
Terashima
Hepatocellula P 5,803/
etal. r carcinoma CT 56 yes 0.546
(2015)

*Factor which determines the validity of the PFS surrogacy

Source: Authors’ research
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Table 6. Articles based on individual patient information: Methodology and types of estimation

#Patient (P) Treatment R Absolute
Author Cancer type / #Clinical Correlation effect At::sozlr:tl‘:t‘i’::-nue ReLIrneesain-on TgﬁfaetcTﬁ';t value Characteristics of the methodology
Trials (CT) correlation 9 effect R?
Appropriate surrogate
1) The method of Kaplan and Meier was used to estimate the OS of
. patients stratified by disease progression at 6 or 9 months.

Galsky et al. gr?cti:?:f,l (F;T 364/ Fleischer 0.86 2) Correlation estimated using the statistical model for dependence

(2013) a a between PFS and OS developed by Fleischer, Gaschler-Markefski and
Bluhmki (2009)

Shitara et al. Gastri P 291/ S 0.75 1) Prognostic factors for PPS: uni- and multivariate analyses using a Cox

(2013) astric cancer CT NA pearman : proportional hazards model.

1) The Kaplan-Meier product-limit method was used to estimate the OS
distribution by the PFS rate at 3 months and at 6 months
. 2) The Cox proportional hazards model was used to assess the significance

Halabi et al. Saerrl?:]g;"a ?:T ;’381/ Kendall’s T 0.53 of the effect of the PFS rate at 3 months and at 6 months in predicting OS

(2014) 3) Multivariable Proportional Hazards Models
4) Adjusted association: 3.145 (considered the fact that OS is always
higher than PFS)

1) Weibull parametric model to failure time data was fitted to determine
A whether longer PFS was significantly and meaningfully predictive of longer

Négrier et al. Renal cell P 750/ PPS. PFS was significantly predictive of longer PPS (P < 0.001).

(2014) carcinoma CT1 2) In a sensitivity analysis by Kaplan-Meier non-parametric method, PPS
curves for three approximately equal numbered groups of patients
categorised by PFS were compared by log-rank test.

Depends on particular factors
PFS surrogacy valid only for treatments that have a major impact
0.62- on PFS (risk reduction of at least 50%)*
Laporte et P 2,331/ , . 1) The distributions of PFS and OS were estimated using the Kaplan-Meijer
al. (2013) NSCLC CT5 Kendall’s 7 0.59 yes gegs?zrata method. Treatment groups were compared using a Cox regression model.
! 2) The association between PFS and OS was quantified through a bivariate
copula model fitted on IPD.
Not an appropriate surrogate

Imai et al. P 39/ 1) Prognostic factors for PPS: proportional hazards model with a stepwise

(2014) NSCLC CT NA Spearman 0.76 yes 0.50 regression procedure

Yoshino et P 35/ 1) Prognostic factors for PPS: proportional hazards model with a stepwise

al. (2014) NSCLC CT NA Spearman 0.13 yes 0.45 regression procedure

Imai et al. P 49/ 1) Prognostic factors for PPS: proportional hazards model with a stepwise

(2015) SCLC CT NA Spearman 0.58 yes 0.24 regression procedure

Kasahara et P 71/ 1) Prognostic factors for PPS: proportional hazards model with a stepwise

al. (2015) SCLC CT NA Spearman 0.46 yes 0.38 regression procedure

Yoshino et P 58/ 1) Prognostic factors for PPS: proportional hazards model with a stepwise

al. (2015) NSCLC CT NA Spearman 0.72 yes 0.41 regression procedure

*Factor of which depends the validity of the PFS surrogacy

Source: Authors’ research
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Table 7. Articles based on both individual patient information and aggregate clinical trial data: Methodology and types of

estimation
#?:'):I?nt Treatment Absolute Weighted Treatment effect Absolute
Author Cancer Type #Clinical Correlation effect value Linear R2 value Characteristics of the methodology
Tri Correlation correlation Regression effect R?
rials (CT)
Appropriate surrogate
M Individual 1) Indi_vidgal level: bivariate survival model that takes
auguen P 5,211/ Trial level: range level: range censoring |nt.o ac;ount . .
et al. Lung cancer CT 29 yes from 0.89 to 0.99 from 0.77 to 2) Trial level: Weighted linear regression model
(2013) ’ ’ 0.85 ’ 3) Correlations between 2-year PFS and 5-year overall survival
were
1) Relationship between PFS6/RR and 0S12.
Pearson/ 2) Estimate of PFS6: generalized linear mixed models with
Pearson chi- normal random effects for trial
Agarwal et Urothelial P 689/ square - Individual Trial level: Trial level: 3) Individual level: Pearson chi-square test with Yates
al. (2014) carcinoma CT 10 Yates level: 0.45 0.66 yes 0.55 continuity correction
continuity 4) Trial level: weighted linear regression and Pearson
correction correlation.
5) A second-line phase III trial used for external validation
1) Individual level: bivariate survival model constructed from a
Clayton copula with Weibull marginal distributions
Trial level: Copula 2) Trial level: a. weighted (by trial size) least squares
Foster et scLe P 2,855/ Kendall’s T Individual s R?- 0.81 / WLS R2 regression of marginal Cox model effects (WLS R?) and
al. (2015) CT 10 level: 0.57 Y -0 77' weighted (by trial size) correlation of the joint copula effects
' (copula R2 and associated standard errors [SE])
3) Use of data from seven new first-line phase II/III ES-SCLC
trials to externally validate findings.
ﬁ:‘gll'lvtll:j;gll:lseYe(l) 669 1)Individual level: Prognostic value of PFS status at 6 months
. Rank / 18 months PF.S N and at 1 year assessed by the Cox model by using a landmark
Shi et al. Colorectal P 16,762/ Correlation Individual es 0.51 approach. Correlation: bivariate Copula distribution of the two
(2015) cancer CT 22 Coefficient level: 0.51 Y Tl.’ial level: WLS R2 end points.
. 2) Trial level: Weighted least squares. Copula R? was also
- 0.54 / Copula R2 X
- 0.46 estimated.
Not an appropriate surrogate
Paoletti et Gastric cancer P 4,069/ ggprl;Iation Individual es Trial level: 0.61 Surrogacy tested within the framework of the GASTRIC meta-
al. (2013) CT 20 Coefficient level: 0.85 Y o analysis
- o L 1) Individual level: bivariate survival model that takes
M||Ch2|%|56et Breast cancer ET ;’839/ Spearman llg\(/jé\l'_'dou2|7 yes Trial level: 0.51 llg\(/jé\l'_'douils censoring into account
al. (2016) s o 2) Trial level: Weighted linear regression model

Source: Authors’ research
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In relation to colorectal cancer, two out of the five articles that support surrogacy have
R2s and/or correlation values that are lower than 0.7 (Table 5 and Table 7) (Petrelli and
Barni, 2013a; Shi et al., 2015). Similarly, Delea et al. (2012) (Table 5) and Halabi et al.
(2014) (Table 6) in the context of renal carcinoma support PFS as a surrogate of OS
even though the statistical results showed values lower than 0.7. These results and
those for lung cancer show a lack of agreement among the authors on the importance
assigned to different statistical estimation methods as well as the need for commonly
accepted lower limits for correlation and R2. This is the minimum that should be achieved
in order to consider the statistical result as proof of surrogacy. In the case where a
surrogate endpoint is strongly believed to lead to substantial cost savings and/or
substantial earlier health benefits as a result of a decision for earlier adoption of the
treatment in question, this conclusion may need to be reconsidered, because in such
cases, a high correlation may not be required.

As Table 5, Table 6 and Table 7 show, one of the two methodologies that dominate the
analysis is the weighted linear regression model. This model is based on assumptions
that are not tested in the majority of the articles when analysing surrogacy. We identify
only a few cases in which the linear regression model assumption was mentioned. An
example is the analysis of Félix et al. (2013) where Generalized Method of Moments
(GMM) is used to control for heteroscedasticity. In addition, Johnson et al. (2006)
mentions that estimation based on immunotherapy clinical trials show unsatisfactory
diagnostics with non-normality and heteroscedasticity in the residuals. Li et al. (2012)
states that in the diagnostic tests for normality and heteroscedasticity, their estimation
is consistent with linear regression assumptions.

In spite of the small number of articles that consider linear regression assumptions,
these assumptions are so widely known that when there is no problem it could be
considered irrelevant to report them in the analysis. Therefore, we cannot conclude
whether linear regression assumptions have been adequately considered in the
literature. However, in a number of articles, figures clearly show the presence of outliers.
An outlier is an observation that, if dropped from the analysis, changes key estimates
notably. Two clear examples are Yoshino et al. (2015) whose analysis is based on IPD,
and Moriwaki et al. (2016) who analyse aggregate clinical trial information. Although
extreme examples, these cases demonstrate the importance of considering the
assumptions of the linear regression model and outliers on the validation of the PFS
surrogacy. Out of the 48 studies, only 23% (11/48) consider or mention the problem
that the presence of outliers poses for the analysis. In five of these 11 cases, the authors
test the sensitivity of the results by applying a “leave-one-out” strategy where each trial
is left out once at each step and the surrogate model is rebuilt with the other trials
(Chen et al., 2015; Foster et al., 2015; Mauguen et al., 2013; Michiels et al., 2016; Shi
et al., 2015). Four of these five studies include both IPD and trial data. Similarly, the six
remaining articles test the sensitivity of the results by excluding those trials that are
considered outliers (Delea et al., 2012; Félix et al., 2013; Flaherty et al., 2014; Ozer-
Stillman et al., 2015; Petrelli and Barni, 2014; Singh et al., 2014).

Publication bias is another aspect of the methodology that could have a significant
impact on the results, particularly for the aggregate clinical trial articles. Apart from Amir
et al. (2012), who analysed randomised controlled trials (RCTs) supporting registration
of new anti-cancer drugs approved by the US Food and Drug Administration, all articles
using clinical trial data show results of systematic literature reviews. These articles could
potentially be limited by publication bias with respect to the articles that are available.
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Out of these 31 articles, 11 mentioned publication bias as a possible limitation of the
study while six included a step to overcome the possible bias. For example, some articles
considered both published and unpublished clinical trials (Hotta et al., 2013; Shitara et
al., 2014, Shitara et al., 2012) and others analysed the extent to which bias represents
a problem using Egger’s regression test (Ciani et al., 2015; Delea et al., 2012; Singh et
al., 2014). Nevertheless, nearly half of all articles (14/31) do not even mention
publication bias which indicates that the researchers may not have considered this
problem during the analysis.

Apart from correlation analysis and the weighted linear regression model, a methodology
that has increased in importance is the estimation of the surrogate threshold effect
(STE). In Davis et al. (2012), STE was reported in only two out of the 19 papers (Buyse
et al., 2007; Johnson et al., 2006), while we identified 11 articles that analyse the STE
(Table 8). In general, a STE is understood as the minimum treatment effect that should
be observed on PFS in order to predict an OS benefit. This concept has the advantage of
not being a yes or no answer to the question of the surrogacy, but a lower bound that if
achieved by PFS would indicate that PFS can significantly predict OS. Table 1 shows the
results for STE found in the literature review. Once again there is a lack of consistency
between the STE results and the main conclusions of the analysis. In addition, five of the
six articles that included both IPD and aggregate clinical trial data estimate STE. This
concept will be further explored in section 1.3 where we will discuss the work undertaken
by Buyse et al. (2016).
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Table 8. Surrogate threshold effect (STE)

Author Cancer type ;‘tlggy‘)f STE STE definition
Appropriate surrogate
Mauguen From 0.93 to Minimum treatment effect on the surrogate
et al. Lung cancer Both* 1.00 depending that would be necessary to predict a non-
(2013) on therapy zero effect on OS
Sidhu et al. Colorectal Trial 0.9 Minimum PFS effect that predicts a positive
(2013) cancer ) OS effect (i.e., OS Hazard ratio < 1)
PFS vs OS: 0.88
Chen et al. Nasopharyngeal Trial / PFS at 3 years  Minimum treatment effect on the surrogate
(2015) carcinoma vs 5 years OS: necessary to predict an OS benefit
STE = 0.84
Minimum effect on the surrogate needed to
Foster et detect a nonzero treatment effect on OS
SCLC Both* 0.67 was also calculated: estimated throughout
al. (2015) : .
unweighted least squares regression model
for the Cox model treatment effects
Shi et al. Colorectal Both* 0.57 Minimum treatment effect on PFS required
(2015) cancer ) to predict a nonzero treatment effect on OS

Depends on particular factors

Minimum treatment effect on PFS required

Laporte et - 0.49-centers . B

al. (2013) NSCLC Individual 0.53-strata g:spredlct a non-zero treatment effect on
ﬁ:;ﬁilgtﬁ;?a _ The STE is determined as: (i) extract
only trials fail% median PFS and OS values for each arm in

Y each trial, (ii) calculate the between-arm

to demonstrate -

Johnson et Renal cell ia) a STE. A d!::erence, (iii) reglresls thehPFS aond 0s

al. (2015) carcinoma Tria targeted therapy differences, (iv) calculate the 95%

prediction limits of the regression, and (v)
determine the PFS value where the lower
95% prediction line intersects with the
horizontal (PFS) x-axis.

trial needs a PFS
difference of at
least 3.7
months

Vertical line that transects the upper 95%
Moriwaki et  Biliary tract Trial 0.83 predictive limit and a median OS ratio equal
al. (2016) cancer ’ to 1. Represents the minimum PFS effect to
predict a positive OS effect

Not an appropriate surrogate

Paoletti et . PFS HR value to predict, with 95%

al. (2013)  Gastriccancer  Both* 0.56 brobability, an 08 HR less than 1

Ciani et al.  Colorectal Trial 0.8 Intercept of the regression line with zero
(2015) cancer ) effect on OS

Michiels et Minimum treatment effecF that is necessary
al. (2016) Breast cancer Both* 0.72 on PFS to be able to predict a non-zero

effect on OS

* “Both” means aggregate clinical trial information together with IPD.
Source: Authors’ research

It is worth citing here the one study that includes IPD and clinical trial information that
can be considered a systematic literature review. Michiels et al. (2016) identified all the
publications that fulfil a set of criteria (randomised controlled trials, phase II or III, that
recruited HER2+ MBC patients in 1992-2008, and where at least one of the study arms
investigated an HER2-targeted agent), and via a collaboration with industrial partners,
included those studies for which IPD was available from industry-led studies. This
represents an example of possible agreement where the industry could support the
availability of IPD.

1.1.3. Definition of PFS and other measures included in the
analysis

One of the main issues in the analysis of surrogacy is the heterogeneity related to the
definition of progression among clinical trials. This heterogenity can be observed for the
period within which patients are evaluated; time intervals between radiologic and clinical
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assessments; and the criteria applied to consider patient progression (e.g. variation of
the size of the tumour). This heterogenity can be even more important if we consider
some tumours’ characteristics. For example, as mentioned by Kawakami et al. (2013), in
those trials that analysed measurable lesions, the progression is normally documented
by radiological assessment (e.g., Response Evaluation Criteria In Solid Tumors, RECIST
or World Health Organisation, WHO criteria). In those trials related to non-measurable
lesions, disease progression does not necessarily need radiological assessment. Nine out
of the 32 articles that use aggregate clinical trial information did not consider or mention
the problem of heterogenity on the definition of PFS. Sixteen articles mentioned the
problem as a limitation, but did not adjust the methodology in response to the problem.
Two studies included only clinical trials that have the same set of progression criteria
(RECIST criteria) (Flaherty et al., 2014; Terashima et al., 2015). Three articles
considered the problem during the sensitivity analysis where variables such as presence
of measurable lessions and tumour response are included (Adunlin et al., 2015; Han et
al., 2013; Kawakami et al., 2013). Finally, two authors used established definitions to
extract the information collected from the clinical trials, regardless of the terminology
used by the original authors (Chen et al., 2015; Petrelli and Barni, 2014).

Moreover, clinicians possibly introduce variance into the measurements of PFS since they
decide on the date on which responses were recorded. This could affect studies based on
clinical trial information as well as studies based on IPD (Imai et al., 2015; Yoshino et
al., 2014)

In addition to the problem of heterogeneity, the literature suggests that there is not
always clear information in the clinical trial reports as to how disease progression was
evaluated (Hotta et al., 2013; Shitara et al., 2012; Shitara et al., 2014). This and the
problem of heterogeneity indicate that there is a need to standardise clinical trial
protocols to provide comparability between trials in the same cancer type. Moreover,
more complete clinical trial reports that allow access to all information should prove
useful.

In addition, 19 out of the 32 of the studies based on trial data combine PFS and TTP into
a single surrogate measure. PFS differs from TTP in that, in addition to progression, PFS
includes death as a result of any cause while TTP is censored. This means that TTP is the
same as PFS only when death does not occur during treatment. All-cause mortality can
dilute the association between PFS/TTP and OS. Seven of the 19 articles that combine
PFS and TTP analyse the sensitivity of the results by breaking down the articles into
those that measure PFS and those that measure TTP. Delea et al. (2012), (Petrelli and
Barni, 2014) and (Shitara et al., 2012) found a higher correlation among studies that
include PFS in comparison that those that include TTP while (Moriwaki et al., 2016)
found a slightly lower correlation when TTP trials were excluded.

Finally, apart from PFS, the literature suggests other key possible surrogates for OS:
post-progression survival (PPS), response rate (RR), disease control rate (DCR), time to
progression (TTP) and disease-free survival (DFS). 29 out of the 48 selected articles that
use clinical trial and/or IPD information analysed more than one surrogate measure.
From these 29 articles 16 mentioned PPS.

1.1.4. Factors that affect the relationship between PFS and OS

Based on the variables included as part of the sensitivity analysis or that have been
included in the multivariate analysis, we identify a group of factors that the literature
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indicates could affect the relationship between PFS and OS. These factors are listed in
Table 9.

Table 9. Factors that authors include in the sensitivity analysis or in the
multivariate analysis relationship between OS and PFS*

Factor Number of Studies | Factor Number of Studies
. Region
rd

Treatment line 1st/2nd/3 14 (Global or regional) 6

Year of the clinical trial 13 Lea\_/e one clinical trial out: 5
outliers

Type of therapy_(e.g. . Inclusion of other

chemotherapy single or in 13 4

S surrogates apart from PFS

combination)

Type of treatment 13 Treated with targeted 4
agents

Sub-group of patients or tumour 10 Clinical trial phase 1, II, TIT 3

type (including patient risk group)
Prior treatment or

PFS vs TTP 8 Newly diagnosed vs 3
recurrent

Sample size 8 Landmark analysis 3

Crossover 5 Prgsence of measurable 3
lesion

*Only those factors that appear at least in two studies are listed.
Source: Authors’ research

As is observed in Table 9, treatment line is the most commonly analysed factor. As we
mentioned above, a reason for the importance of the treatment line is the difficulty of
separating the PFS effect from the effect of subsequent lines of treatments on OS. This
problem is particularly important for first line treatments that are followed by
subsequent treatments. For instance, Petrelli and Barni (2014), who analysed 20 first
line clinical trials, proposed that the decreases in correlation between PFS HR and OS HR
observed in recent years is likely to be due to the influence of post-progression
treatments.

The year in which the clinical trial was conducted or published is part of the list of the
five most mentioned factors. Here two arguments explain its importance. First, the
number of drugs available has grown considerably for a number of cancer types during
the past two decades, which means that patients have a larger number of options after
progression (Aboshi et al., 2014). Second, the criteria applied to measure progression
have been changed. RECIST was published in 2000 which has been recently modified to
become the modified RECIST assessment (MRECIST) (Lencioni and Llovet, 2010).

The importance of the type of treatment and therapy is also recognised. The literature
suggests that the relationship between PFS and OS can be different within the same
cancer trial depending on the treatment applied or the therapy selected.

A key factor pointed out by the researchers is the possibility of crossover among trial
arms. Five articles that use clinical trial information considered crossover in the
sensitivity analysis or in the multivariate analysis. In an analysis of colorectal cancer
trials, Adunlin et al. (2015) found that among crossover trials the strength of the
association between PFS and OS was higher and more consistent. However, for renal cell
carcinoma, the results stemming from Delea et al. (2012) indicate that the link between
the effect of the treatment on PFS and the effect of the treatment on OS was stronger in
studies that did not allow crossover. In melanoma, Flaherty et al. (2014) suggested that
correlation coefficients for the nine trials without crossover were more than 7% higher
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than with crossover, and 4% higher when two additional articles that allowed 50%
crossover were included. Hotta et al. (2013) examined how crossover therapy affects the
relationship between PFS and OS in NSCLC. For clinical trials in which the median
proportion of crossover was zero or lower than 1%, the association between the HR of
PFS and OS was strong. Kim and Prasad (2016) evaluated previous publications to
assess the strength of the surrogate-survival correlation among cancer drugs approved,
based on a surrogate endpoint for the USFDA. In Kim and Prasad (2016), there were no
significant differences in survival benefit between clinical trials with or without crossover.
They suggest that the results are opposed to the commonly-shared idea that crossover
masks OS benefits, possibly because crossover prevents observation of late toxicity.
Additionally, although Singh et al. (2014) did not include crossover during the sensitivity
analysis, they overcame the problem by excluding two clinical trials, where a high
proportion of crossoverr were observed, from the quantitative estimation. In addition to
the six articles mentioned, 18 out of the 32 articles (50%) that use aggregate clinical
trial information mentioned crossover while 8 did not consider or mention crossover.
These results provide evidence that researchers recognise crossover as a problem that
could affect the validation of PFS as a surrogate measure.

The geographical context in which the clinical trial is conducted (global or regional) is
mentioned as a possible factor affecting the validation of PFS as a surrogate measure. A
reason to explain this is the variation between Asian and occidental countries in relation
to the standard treatments used. This variation implies that clinical trials in both regions
used different comparators. In addition, Shitara et al. (2012) pointed out that in the case
of advanced gastric cancer, a number of differences in tumour characteristics and
practice patterns (e.g. in surgery and chemotherapy) have been identified in Asian and
occidental countries.

An important number of the factors presented in Table 9 relate to the characteristics of
post-progression survival (treatment line 1st/2nd/3rd, year of the clinical trial, crossover
between control and treatment arms, newly diagnosed vs recurrent, and sub-group of
patients). These and the fact that an important number of articles analysed PPS together
with PFS suggest that PPS has a role in the discussion of the validation of PFS as a
surrogate of OS. Figure 2 is an ilustration of how the length of PPS affects the validation
of PFS as a surrogate measure. If those patients that suffer from advance SCLC cancer
have only a limited number of options for subsequent treatment, we would expect a
short PPS. On the other hand, patients that suffer from metatastic breast cancer have
several treatment options after progression and a longer OS. Therefore, as ilustrated in
Figure 2, the probability that the relationship between the PFS and OS is obscured by the
factors related to the PPS is higher for breast cancer.
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Figure 2. Effect of PPS on the relationship between PFS and OS

| Drug A | Drug B | Drug C |

Progression ¢ L ¢

PFS: Breast Cancer

Overall survival: Breast Cancer

PFS: SCLC

Overall survival: SCLC

Drug A applied

The influence of PPS was confirmed by the study conducted by Amir et al. (2012). Their
results indicate that when PPS is short, the correlation between OS and PFS is smaller
than when PPS is long. Similarly, for patients with advanced NSCLC, Suzuki et al. (2015)
identified the optimal point of correlation of the HR for PFS and the HR for OS by
analysing every 1 month of SPP. They found that the correlation between the HR for PFS
and for OS decreases for a PPS of less than 6 months. From the 16 articles that analysed
PPS, 13 suggest that the relationship between OS and PPS is stronger than between OS
and PFS and one of the remaining three pointed out a high correlation among PFS and
PPS. These results suggest that subsequent treatments have additional effects on OS
than the treatment under consideration.

Consequently, a group of Japanese researchers have become particularly interested in
determining the factors that affect the relationship between PPS and OS. Imai et al.
(2014), Imai et al. (2015), Kasahara et al. (2015), Yoshino et al. (2014) and (Yoshino et
al., 2015) analysed the prognostic factors for PPS using IPD (Table 6). In general, their
conclusions suggest that the significant factors to explain the effect of PPS on OS are:

¢ Number of regimens employed after progression

¢ Response to the second or third-line treatment (progressive disease (PD)? vs non-
PD)

e Performance status at progression

e PFS of first line chemotherapy

e Tumour stage after initial treatment

e The presence of distant metastases at recurrence.

These results and future investigations in the topic will be crucial for the analysis of the
surrogacy of PFS. To the extent to which protocols of future follow-up of clinical trial
patients consider procedures for gathering information of factors that reflect the effect of
the post-progression management of the disease, it will be possible to extract stronger

2 Progressive disease (PD): = 20% increase in the total diameter of all target lesions
relative to the smallest total diameter observed during the study.
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conclusions from the statistical analysis to validate PFS as a surrogate of OS. Therefore,
future research on this topic and its incorporation into clinical trials ishould be strongly
encouraged.

Moreover, given that new treatments are regularly being approved, these results also
suggest the need for reviewing and updating the earlier studies in the light of the
presence of fundamentally-different conditions.

1.1.5. Summary of the literature review

The analysis suggests that it is crucial to increase the use of IPD. As in Davis et al.
(2012), our findings suggest that there is still a limitation in the availability of such
information. Only one third of the selected articles since 2012 include IPD, and judging
from these articles, much of the available IPD information was not extracted from the
clinical trials being reported. Using only a single estimate for PFS and a single estimate
for OS from a reported trial wastes an enormous amount of data.

The percentage of articles that concluded that PFS is an appropriate surrogate for OS
(45%) is higher than the percentage of those that do not support surrogacy (25%).
However, our results suggest that the conclusions vary considerably among cancer
types. Moreover, an additional 24% of the sample suggests that surrogacy depends on
factors such as the length of the PPS and whether the treatment was first or subsequent
line. Additionally, there are important variations in the statistical estimation methodology
used to support or reject the surrogacy. These variations are observed both within and
between cancer types.

Similar to the findings of Davis et al. (2012), correlation (particularly Spearman, Pearson
and Kendall’s T) and weighted or unweighted linear regression remain the most common
statistical methodologies applied. In addition, a methodology that has increased in
importance is the estimation of the STE. This represents the lower bound of PFS that can
predict that OS is in the right direction with a sufficient degree of certainty.

However, variations in methodology make the comparison of results difficult. There is a
high variation in the characteristics of the methodologies and there is no consistency In
what should be considered appropriate statistical estimation methodology to support the
validity of PFS as a surrogate measure for OS. There is an urgent need for
standardisation that allows for more consistent results. This would facilitate the use of
PFS by policy makers.

The presence of outliers as well as the absence of a linear regression assumption test,
lead us to believe that there has been a lack of rigour in a number of applications of
linear regression methodology. The importance that validating PFS as a surrogate for
0OS has on allowing patients to access new health technologies more quickly should not
be undermined by a poor knowledge of the methodology applied. It is crucial that
authors correctly consider the characteristics of their data, since not doing so could lead
to poor or even wrong conclusions. Similarly, policy makers who use this information to
decide on whether PFS is an appropiate surrogate for OS should also have the knowledge
to understand the weaknesses of poor study design, and apply appropriate methodology
rigorously.

In addition to heterogenity in the methodology and interpretation of the results, a
further issue in the analysis of surrogacy is the heterogeneity relating to the definition of
progression among clinical trials. This and the difficulty in finding the required
information in the clinical trial reports indicates a need for standardisation of clinical trial
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protocols that allows for comparability between trials in the same cancer type. However,
the experts highlighted the improvement in the accuracy of PFS measurement due to the
use of PET and MRI scans which, although this does not resolve the problem of
heterogenity in the definition, will reduce the measurement errors.

The literature suggests factors that affect the validation of surrogacy. Many of these
factors are related to the length and characteristics of post-progression survival. These
results and future investigations into the topic will be crucial for the analysis of the
surrogacy of PFS. Procedures for gathering information on factors affecting the post-
progression management of a disease should be described in protocols for following-up
clinical trial patients. If this were done, it should make it possible to derive stronger
conclusions from statistical analysis that could validate PFS as a surrogate of OS. Future
research on this topic and its incorporation into clinical trials should be strongly
encouraged.

It is important to highlight that we have not conducted a systematic literature review of
any particular cancer type. Therefore, we cannot say whether PFS should or should not
be used in any particular case.
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3. WHAT THE EXPERTS SAY - FUTURE OF THE ANALYSIS OF
PFS AS A SURROGATE FOR OS

The literature review has told us what tends to work well, what appears not to work, and
the existence of a grey area between the two. It says very little about the institutional
framework in which decisions are made. Making decisions has a subtly different
methodology, accounting for factors that are not amenable to RCTs and which are
lumped into an amorphous group that we know as “experience”. Often those with
experience are not always sure of what the factors are or their relative importance, but
both they and non-experts recognise that this knowledge is valuable but cannot easily be
measured. These factors will include, formally or informally, the value for money of the
interventions, and the ability to pay for them, in deciding those to be recommended.

1.2. Interviews and workshop

We identified a group of leading researchers, individuals from a regulatory authority
(EMA) and a reimbursement body (NICE), and chose someone from each group to
interview. We asked them to describe what they saw as the advantages and
disadvantages of surrogate endpoints, the potential for their improvement and what was
needed to take the concept further (i.e. a future research agenda). We conducted
interviews with three researchers, one person from EMA and conducted an email
correspondence with two people from NICE.

A 3-hour workshop was facilitated by the OHE to expand on the topics identified in the
interviews. It was attended by all but one of the experts interviewed, a NICE Appraisals
Committee Chair and a number of POI members.

In the following section, we summarise the opinions of the experts in developing a
process to determine an appropriate endpoint for the approval of a new cancer drug.

Overlapping points were made by experts in interviews and correspondence, and similar
points were made in the workshop. This section presents a summary of the qualitative
information collected throughout the interviews and the workshop.

Experts mentioned that the importance of finding an adequate surrogate is related to the
need for adjusting for post-progression treatments which could "muddy the waters".
Nevertheless, the qualitative analysis also suggests that this might not be a huge
problem if the post-progression treatments are not the experimental treatment under
investigation and if they form part of a realistic treatment pathway. One of the experts
mentioned that if the problem is switching from the control treatment to the
experimental treatments, there are methods to deal with this and therefore we shouldn't
be thinking about the use of surrogates in isolation from these other adjustment
methods.

In this regard, among NICE appraisal committees one view is that PFS may sometimes
be a better measure than OS because it is not confounded by post-progression
treatments. A separate view expressed by NICE representatives was whether crossovers
may nullify effectiveness analysis (and also cost effectiveness). If there are post-
progression switches to the experimental treatment under investigation, then the NICE
decision problem is confounded. Then we need to use adjustment methods to compare a
state of the world in which the new treatment exists with one in which it does not exist.
Post-progression switching onto other available treatments could reduce the problem,
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because such switches may simply reflect what occurs in reality and thus subsequent OS
data are valid and do not need to be adjusted.

A further view suggested that we should be still very interested in OS, because it
measures the effect of the totality of all the treatments. The NICE decision problem
should usually be "what is the cost-effectiveness of inserting this treatment into the
treatment pathway" rather than "what is the cost-effectiveness of this treatment if we
make the unrealistic assumption that patients receive no post-progression treatments".

In addition, concerns were raised regarding the lack of follow-up that could hinder the
extrapolation of the information. Moreover, there was also a concern about the
impossibility of correctly measuring OS since, as one expert commented, “there is no OS
if only few deaths have occurred”.

As a result, although follow-up may not be complete, the data are not totally unobserved
and therefore we can use the data we have to conduct extrapolation. If extrapolation is
not considered appropriate, that may be due to extrapolation techniques not being good
enough. In addition, the view was expressed that modelling for PFS and for OS may
sometimes be carried out in a way that best suits the modeller.

Other aspects mentioned by the experts that could hinder extrapolation was the
accuracy of the PFS measurement. Nevertheless, one expert pointed out that with the
advent of more accurate measurements, in particular due to the wider use of PET and
MRI scans, the accuracy of a number of surrogate endpoints has improved, which
reduces the measurement errors for the surrogate endpoints for solid cancers. This
reduction in noise translates into higher correlation between the surrogate and the final
endpoint.

Even when the techniques used to extrapolate PFS to OS are appropriate, an important
criticism of the use of PFS as a surrogate measure is that it does not reflect the QoL of
the patient. However, the opinion of some experts is that PFS may reflect the endpoint
“quality of life” just as well as DFS. In a number of cases, PFS can be regarded as one of
the “true” or final endpoints, to the extent that it may often be a good proxy for quality
of life. For example, in lung cancer, an increase in tumour size from 2 cm to 2.4 cm (the
distinction between DFS and PFS) will not usually feel different to the patient, and the
difference will not usually be clinically relevant.

To the extent that all measures of QoL are subjective, there is no gold standard for QoL,
so the correlation between PFS and QoL need not be high. In addition, and probably
more importantly, it is more likely that PFS and the component of a QALY that depends
on QoL should be better correlated, because the latter will depend on the length of time
that the treatment is effective (as well as the QoL during that time). The length of time
that the treatment is effective could be measured a number of ways, including by PFS
itself.

In cancer patients with a low life expectancy, and where treatment is unlikely to make
much, if any, difference in the length of remaining life, an improvement in the quality of
remaining life may be more important. In this case, PFS and OS may not be highly
correlated (because QoL as measured by PFS has changed a lot and will probably not be
highly correlated with small changes in OS). Unlike OS, which is a gold standard for
increased life expectancy, quality of life has no obvious gold standard, because quality of
life is measured subjectively, so agreement on how to measure it may be carried out to
achieve consistency of measurement rather than reflect an objective measure.
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Another concern expressed by the experts was whether surrogate endpoints are treated
too leniently by regulators and reimbursement bodies. A comparison of a large number
of trials in which surrogate endpoints have been used has shown that the treatment is
successful relatively more frequently than for trials in which a surrogate endpoint was
not employed. Other things being equal, it would imply that surrogate endpoints are
relatively optimistic. If OS is the gold standard, then the use of a surrogate would, if
anything, suggest that because of the additional uncertainty about the final endpoint by
its prediction by the surrogate, the trials using a surrogate should demonstrate a lower
level of success than those that do not.

e A number of recent treatment advances have not followed the same pattern as
many previous treatments, the object of which has been to delay disease
progression for a time, but then become ineffective. New treatments include the
introduction of an “imperfect surrogate”. In breast cancer, the introduction of
chemotherapy before surgery greatly improves the chances of survival - and indeed,
of cure. For women aged around 40 years of age, the cure rate rises to about 70%.
In such circumstances, it is of little account that the extent of the shrinkage due to
chemotherapy might not be well correlated with overall survival.

¢ Minimal residual disease in pathologies outside oncology. With human
immunodeficiency virus (HIV), the surrogate “viral load” may be undetectable, which
does not mean that the patient has been cured, but it does mean that taking Highly
Active Antiretroviral Therapy (HAART) for life will result in an almost-normal
lifespan. The correlation of something that is too small to be measured (viral load)
with OS is unknown, but given the outcome, that is not material. Something similar
occurs now with some leukaemia treatments. Again, the form of validation of the
surrogate as a predictor of OS will need to change to reflect the reality of success.

e The use of liquid biopsies has brought a possibility for a new surrogate. Cell-free
tumour DNA (ctDNA) or fragments of it break off the tumour and circulate in the
bloodstream. Some of these pieces of ctDNA become useful as biomarkers for
different forms of cancer, from which predictions can be made about the stage and
spread of the cancer, as well as allowing a capability for monitoring the effect of
treatment. That is, given that it can both predict the effect of treatment and also the
probability of overall survival, ctDNA is in effect an agent that influences surrogate
endpoints and also OS. As it can be gained non-invasively from a blood test, it can
take the place of more invasive forms of biopsy.

¢ In immunotherapy, the body produces its own defences against cancer.
Immunotherapy assists the body to improve its defences in some way. A humber of
such therapies have been discovered. The use of standard measures of progression
as a surrogate may be particularly inappropriate for these therapies, because
“pseudo-progression” has been observed (Pilotto et al., 2015). Therapies may
demonstrate very little PFS benefit, but a substantial OS gain. New definitions of
“progression” may be required, in place of the commonly used RECIST criteria
(Eisenhauer et al., 2009).

Despite these advances, it is also necessary to continue to improve the availability of
information in order to more accurately predict OS by using surrogate endpoints to
predict OS. Experts agreed with the principle of making individual level data available
more freely, provided that the data can be kept anonymous and as long as they are
shared responsibly, so that any conclusions follow from established scientific principles.
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They noted that uninformed and pseudo analysis would probably do more harm than
good. The issue has been the subject of lengthy debates and discussions between
governments, drug regulators and payers, academics and the pharmaceutical industry
for a number of years. A summary of these arguments is given in (ABPI, 2013). It is
beyond the scope of this report to rehearse these arguments further, other than to
emphasise that substantial benefits to the health of the population and for the more
rapid adoption of healthcare technology could be forthcoming if IPD were to be used in
conjunction with surrogate endpoints.

1.3. Technical studies

Two recent technical studies are of relevance to this project. The first, by Buyse et al.
(2016) was discussed in the Workshop and at a subsequent POI member meeting. The
other study - Stevens et al. (2014) - was not discussed at those meetings, as it was
discovered too late. Note that this review has not been systematic in the same way that
the literature review of the trial evidence attempted to be.

1.4. Buyse et al. (2016)

Buyse et al. (2016) have developed a statistical methodology to determine what
constitutes a good surrogate. They describe the history for this methodology, beginning
with Prentice (1989). The original set of characteristics for what makes a good surrogate
has been found to be incomplete, but each successive attempt to improve the
characteristic set has also been shown to be lacking in some circumstances. That has
meant progress has been slow, and that trade-offs between different ways of
characterising the value of a surrogate need to be made. Buyse et al. (2016) note that,
for a single trial, the usefulness of a surrogate depends not only upon the correlation
between the surrogate endpoint and the true endpoint, but also between the
intervention and the surrogate effect, the intervention and the true effect and an
interaction between the intervention and the surrogate effect in predicting the true
effect. In such trials, individual-level data are not generally reported or made available,
and only the mean effects of the surrogate and the true effect are used.

A further layer of complexity arises when there is more than one trial. Differences
between trial designs such as in different dosages of a drug or in the population being
treated mean that an individual-trial-level effect and a between-trial-level effect (called
an “individual effect” and a “trial effect” respectively by Buyse et al. (2016)) need to be
distinguished.

Buyse et al. (2016) define a surrogate threshold effect (STE) as the smallest treatment
effect on the surrogate that predicts a nonzero treatment effect on the true endpoint
(Figure 3).
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Figure 3. Example of the surrogate threshold effect (STE)
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Source: Adapted from Buyse et al. (2016)

In Figure 3 the dashed line above the line of best fit indicates the upper 95% confidence
interval of predicting OS from DFS. DFS with a HR <1 shows that DFS predicts an
improvement in overall survival (0OS). The vertical axis shows the HR for OS, where
below 1 is an improvement. There is a relatively high correlation between DFS and OS.
We are interested in finding where the upper 95% CI (the dashed line) meets the
horizontal line at an OS HR of 1, because below and to the left of this point, the DFS will
indicate that the OS is improved, with a confidence level of at least 95%. The two lines
meet where DFS is 0.8, and this is thus the STE. That means that if the DFS for the
treatment intervention shows an 20% improvement over its comparator, then the HR for
the corresponding OS will be at most 1 (with a CI of 95% or higher). This therefore
indicates that the OS for the intervention has increased compared with its comparator.

Thus if the DFS is below 0.8, we can be confident (i.e. at least 95% confident) that OS
will have increased due to treatment.

Figure 3 shows a situation similar to the one shown for resectable gastric cancer, which
means that the cancer can be operated on, and in many or most cases will not be known
to have metastasised. In that case, DFS will often if not usually be for the rest of life, so
we could readily expect that DFS would equal OS, which would lead to high correlation
between the two variables.

In Figure 4, we look at the relationship between DFS and OS in the case where the
prediction interval is much wider. A similar wider prediction interval was found by Buyse
et al. (2016) in the case of advanced gastric cancer.
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Figure 4. Example of the surrogate threshold effect (STE) with a wider 95%
prediction interval
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Here, the relationship between PFS and OS is not so strong. (Note also that Figure 4 is of
PFS whereas Figure 3 is of DFS.) The upper dashed line meets the OS line with a HR of 1
where the HR for DFS is 0.6 (i.e. the STE). That implies that the HR for DFS has to be
reduced by quite a large amount (~40%) before it can be said with sufficient confidence
that the treatment will improve OS.

During the discussion in the workshop, with experts interviewed and in a subsequent
meeting with some of the POI members, the following points were made:

e The method of Buyse et al. (2016) requires a number of trials to generate enough
data. It is only useful for about 5 or 6 of the cancers that have been studied
sufficiently.

e The loss of data due to not using individual level data results in a fall in precision,
often leading to the rejection of the surrogate by regulators and reimbursement
bodies, because of the uncertainty due to too few data points being available.

e Use of individual data could lead to Buyse et al. (2016)’s method being used for a
wider range of cancers.

Two opinions (one associated with NICE) suspected that Buyse’s criterion for a good
surrogate endpoint may be too stringent. There are other sources of evidence, which, if
in the right direction, would allow a lower confidence interval than the 95% CI that
Buyse employs. One is that the CI almost certainly does not require a lower bound, and
the CI obtained is thus at 97.5%. Another is that we would know, mostly from past
experience, how often approved treatments in oncology have reduced overall survival.
We would also have some understanding from trial and other uses of relatively new
drugs what the adverse event profile of an oncology treatment is likely to be. And we
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may need to have a higher regard for the cost effectiveness elements rather than the
effectiveness elements for the adoption of the technology.

According to the experts interviewed, the statistical work of Buyse et al. (2016) has had
relatively little application so far, despite being available in earlier forms for over a
decade. Greater recognition of appropriate statistical methods is required. Ordinary least
squares (OLS) and linear regression methods cannot tell the full story and meta-
regression may be more promising. This suggests that the attitudes of reimbursement
bodies such as NICE in England, IQWIG in Germany and PBAC in Australia towards
surrogacy might be more important to analyse and improve than increasing the
application of existing statistical methods.

Nevertheless, role of the STE in the analysis of PFS as a surrogate of OS has been
increasing. As mentioned by Ciani et al. (2016), to enable prediction of the effect of the
treatment on OS based on the value of PFS is key for decisions on coverage and
reimbursement since reimbursement bodies must take into account the benefits and
costs of and intervention compared with other treatments. In this regard, the opinion of
NICE representatives was that the threshold proposed by Buyse et al. (2016) could be
useful for regulators. However, for modelling purposes, a point estimate of OS HR would
normally be needed.

1.5. Stevens et al. (2014)

The object of the paper is to attempt to find out the benefit to society of being able to
bring a product onto the market earlier because the use of surrogate endpoints reduces
the time to conduct the trials of cancer drugs and other treatments, and to weigh up
those benefits against the cost of using an inaccurate measure of benefit (that is, an
inaccurate measure of overall survival). Occasionally, using a surrogate endpoint, a drug
or other treatment that on average shortens overall survival compared with usual
treatment will be licensed and be put on a reimbursement schedule. Additionally,
because a surrogate endpoint has been used, a treatment will sometimes be licensed
and put on reimbursement schedules even though it does not do as much good per life-
year or QALY gained as a different treatment that could have had a greater effect but
which had not been accepted. These things will still happen when the appropriate final
endpoint has been used, but can be expected to happen less often.

The study undertook an analysis for the USA and for the EU, and estimates that using
current practices, surrogate endpoint use would lead to a net gain in health that has
been subsequently been turned into a money gain at a societal rate of $US150,000 per
QALY and a European rate of €85,000 per QALY.

The figures using a societal value of a QALY differ from a government willingness-to-pay
by a factor of about 3 or 4 to 1(UK Department of Health, paragraph 5.24, 2010), so in
conventional terms of the willingness to pay by a national health service, the costs and
benefits described above should both be reduced by a factor of 3 or 4.

The study is unusual in that the delay in bringing a treatment onto the market is not
normally included in a cost effectiveness or cost benefit study of healthcare. However,
for the case of surrogate endpoints, it may be argued that it is the comparison that is
most appropriate. An alternative way of including the benefit derived from earlier
adoption (and which is recognised in the health economic literature) may be derived
using value of information (VOI) analysis (Griffin et al., 2011; Palmer and Smith, 2000)
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This study considered the case of metastatic renal cell carcinoma. The authors estimate
that the use of a surrogate endpoint (PFS) gave rise to a net saving of life-years, but it is
not obvious whether this result would be repeated in other cancers (though others could
now conceivably use similar methodology to estimate the relationship between PFS and
OS for other oncology areas). The size of the health gains (as estimated) is impressively
large, which suggests that the use of surrogates and a two-stage or managed entry type
procedure for the reimbursement of new treatments is worthy of further consideration. If
the results are repeated in a similar fashion for other cancers, or other stages of a
particular cancer, and for different drugs, it could alter the balance in favour of
surrogacy in many areas.

Further analysis of the Stevens et al. paper is warranted. The analytical methods used
by the authors are open to question and may be flawed, which may invalidate their
findings. In addition, the authors have assumed away the problem of accounting for the
effects of therapies after the first line therapy by simply saying that this was not
considered. To that extent, this is an incomplete study. It requires further work to sort
out that problem, if indeed it can.

4. CONCLUSIONS

In the field of surrogate endpoints, what must first be guarded against is that a
treatment does not reduce OS except where the express use of a treatment is palliative
(that is, to increase the quality of life of patients in their last days) or some similar use
of a drug to improve quality of life in the proximity of death. If a surrogate endpoint
shows an increase in PFS, the main way that we can discover if OS is also positive is to
follow each patient up during their full lifetime, and be assiduous about finding adverse
events.

However, treatment should not normally cause a decline in OS (although care needs to
be taken to ensure that treatments which provide only small increases in OS are not
offset by the effect of treatment toxicity on QoL). The problem will more usually be that
a treatment does not increase OS by enough to be significant, that the increase in OS
cannot be attributed to a given cause, or that the true value of an increase in OS is too
small to be cost effective. Furthermore, the analyses of cost effectiveness with the
exception of Stevens (2014) appear to omit the benefits of earlier adoption of technology
by employing a surrogate endpoint, or fail to quantify them. Where IPD is available, it
appears that value of information analysis may be the best way of determining whether
early adoption of a drug (by using a surrogate endpoint) is optimal. When this form of
data is not available, consideration of Stevens’ approach may prove useful.

Cancer treatment shows that in two respects, standard methodology appears to require
some adaptation, in that it does not:

e Recognise the benefits of earlier availability of new cancer drugs using surrogate
endpoints as a measure of treatment benefit; and

e Cope with the many lines of treatment.

Current systems for deciding upon the allocation of health care resources primarily use a
“one-time” procedure. For instance, the novel therapy is assessed based upon the data
available (using whatever extrapolation techniques are deemed suitable) and a decision
is made as to whether or not it should be provided by the health system. If the benefits
of earlier decision making were to be incorporated into an analysis, the system itself
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would need to allow “early” and “late” decisions, whether it be through a phased process
or a managed entry process. Then, at each stage, a decision maker could opt to grant
early access or no access pending a follow-up appraisal at a specified time-point when
more information would be available. This has some similarities to the processes outlined
for the Cancer Drugs Fund (Mayor, 2016).

The failures of current approaches to the problems raised by surrogacy would suggest
several lines of research. One option is an editorial or opinion piece in a top-level
generalist or oncology journal, written jointly by clinicians, researchers and economists,
pointing out the deficiencies of current evaluation methods. Another could be to extend
the work begun by Stevens et al (2014) to other cancers, and to look at exploring
different patient populations (by stage of cancer, perhaps) and different drug regimens.
Further research work would need to recognise the limits of current methodology and to
explore the possibilities of the use of decision theory for both the effectiveness and the
cost effectiveness stages of an analysis (at present, decision theory is only used for the
cost effectiveness stage).

One line of research that could address the problem recognised above of “"OS does not
increase by enough to be significant” would be to carry out the analysis of data using
IPD. The problems would seem to be to ensure that anonymity of IPD data could be
maintained, that IPD data could only be accessed by bona fide researchers and that
manufacturers providing such data should not be put at a disadvantage compared with
manufacturers who do not offer data. Data sources such as clinicalstudydatarequest.com
represent a good start to the more widespread sharing of data, but further advances are
necessary. Overall, improving the accuracy of surrogacy should reduce the lead time
before a drug can be licensed and therefore be of use to both patients and
manufacturers.

Some of these changes, if implemented, could significantly reduce the delays in the
adoption of cost-effective new technology. If so, this should improve both population
health and manufacturer profits as well as increase incentives for innovation in health
technologies.

The literature review shows that the recognition of the issues described above is slowly
improving, but that the speed of change has been hindered by the lack of application of
a common code of reporting practice. The spread of the use of STE demonstrates that
there has been some recognition of issues wider than the correlation of PFS (or other
surrogate endpoint) and OS. The following limitations of the literature review should be
acknowledged. First, our analysis was based on a citation search, which in turn was
based on the 19 articles found by Davis et al. (2012) and is not a systematic literature
review. This means that we are assuming that the search done by Davis et al. (2012)
was able of identify the main literature published until 2012 on the evidence of PFS as an
appropriate surrogate for OS. In addition, we did not include any grey literature.
Nevertheless, as mentioned by Davis et al. (2012), a systematic literature review of the
topic would be infeasible.

In summary, the use of surrogate endpoints for OS in oncology has the potential for
facilitating early access of patient to new compounds. However, it is necessary to
understand which factors affect the relationship between PFS and OS. In this regard,
more research on the determinants of PPS is required as well as an improvement in the
accessibility to IPD information collected during the RCT. This requires strong
collaboration between the industry, payers and regulators to establish standards that
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support an increase in the quality of the research and ensure that the evolution of the
main factors that affect the relationship is considered. Researchers also need to be
aware of technical advances being attempted in statistical and economic methodologies
in this area.
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ANNEX 1. DEFINITIONS OF DIFFERENT TYPES OF
ENDPOINTS

(a) Overall survival (0OS) and quality of life (QoL)

The most important outcome from a treatment for cancer is usually regarded as the
additional time that an individual will live as a result of a particular treatment. For an
unbiased measure of OS from a trial, it requires that OS must be measured for all trial
participants. In some cases that may mean that the true OS does not become available
for years or even decades.

For cost effectiveness analyses using quality adjusted life years (QALYs), mean length of
survival is required, which again implies that an unbiased measure requires every person
in the trial to have died. Many indicators of so-called OS, are in fact not of overall
survival at all, but themselves are surrogate measures of OS. These include median
survival, and 10-year, 5-year and 1-year survival percentages.

OS is not the only outcome of interest. QALY calculations and most other approaches to
assessing value and value for money also require data on quality of life (QoL) between
treatment and death. And in some forms and stages of cancer, this may also be
important to patients’ and clinicians’ choice of treatment. So the “true” or ultimate
endpoint may be a composite that includes OS and other characteristics such as QoL and
patient preferences.

(b) Objective overall response rate (ORR)

This measure, the percentage of patients whose cancer has shrunk or disappears after
treatment, was used until about 40 years ago before being largely supplanted by OS.

(c) Progression-free survival (PFS)

PFS (in an RCT context) is defined as the time elapsed between randomisation and
tumour progression or death from any cause, whichever comes sooner. However, the
definition of disease progression varies depending on the clinical trial and the kind of
tumour analysed. For solid tumours, PFS normally measures the time from
randomisation until the tumour has increased by 20% (in dimension, not volume) from
the minimum to which it has shrunk due to treatment. RECIST criteria are commonly
used (Eisenhauer et al., 2009).

(d) Progression on next-line therapy (PFS2)

This is defined as time from randomisation to objective disease progression on next-line
therapy or death from any cause. Where PFS2 is used as an endpoint in oncology trials
and survival benefit cannot be shown, there is a concern about changes of a tumour's
drug resistance profile by experimental therapy. Currently, the literature on this is in its
infancy and has not been included in the literature review.

(e) Time to progression (TTP)
This is similar to PFS except that it does not take account of deaths from other causes.
(f) Disease-free survival (DFS)

This is similar to PFS except that it ends at the time that the tumour has shrunk to its
minimum size rather than the later point in time when the tumour has regained 20% of
its size in each dimension.
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(g) Time to treatment failure (TTF)

TTF is defined as the time from randomisation to treatment discontinuation for any
reason, including disease progression, treatment toxicity, patient preference, or death.
TTF is generally not accepted as a valid endpoint, as it is a composite endpoint
influenced by factors unrelated to efficacy. Discontinuation may be a result of toxicity,
patient preference, or a physician's reluctance to continue therapy. These factors are not
a direct assessment of the effectiveness of a drug in shrinking tumours or impeding their
growth.

(h) Post-progression survival (PPS)

In patients who have documented progression prior to death, PPS corresponds to the
time from progression to death. It is commonly estimated as the difference between 0OS
and PFS.

For fuller definitions please see US Food and Drug Administration (USFDA) (2007b).
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