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CanREValue Collaboration
Overview of the CanREValue Collaboration
The Canadian Real-world Evidence for Value in Cancer (CanREValue) Collaboration is a pan-Canadian, multistakeholder initiative established in 2017 under a Canadian Institutes of Health Research Partnerships for Health
System Improvement Grant. The central project is titled “Developing a framework for the incorporation of realworld evidence (RWE) into cancer drug funding decisions in Canada”. The goal of the project is to develop and
test a framework for the generation and use of RWE for cancer drugs to facilitate:
I.
II.

Reassessment of cancer drugs by recommendation-makers; and
Refinement of funding decisions, renegotiation of drug prices, or disinvestment as appropriate
by decision-makers/payers across Canada.

Once developed, the framework could potentially be used to support evidence-based policy reform, pricing, and
reallocation of funding from low- to high-value settings. In addition, the framework could facilitate the
accountability and sustainability of the cancer system if used by the provinces and by other players in the
healthcare system.

Working Groups
As part of developing the framework, five working groups (WGs) have been established to develop the
framework (Figure 1). To ensure that the framework can support the needs of various stakeholders, the
CanREValue Collaboration brought together a broad range of stakeholders from across different organizations
and agencies (Figure 2). The WGs and their key deliverables are listed below.
•

RWE planning and drug selection WG: Recommend criteria to identify and prioritize potential drug
candidates for real-world evidence studies and advise on the necessary provincial infrastructure needed
for the conduct of RWE.

•

RWE Data WG: Recommend strategies for data access and provide advice on harmonization of data
elements relevant for RWE studies across provinces.

•

RWE Methods WG: Recommend methods to analyze real-world data with methodological rigor.

•

RWE Reassessment and Uptake WG: Develop a process to incorporate RWE for HTA reassessment and
advise on strategies to incorporate RWE results into policy-making.

•

RWE Engagement WG: Establish mechanisms to ensure that stakeholders from across all relevant
jurisdictions can provide feedback and input into proposed recommendations from each WGs.

.
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Figure 1: CanREValue Collaboration Working Group (WG) Structure

Figure 2: CanREValue Collaboration Stakeholders
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METHODS WORKING GROUP PROGRESS REPORT
PROGRESS REPORT
The CanREValue Methods Working Group was formed to recommend methods to analyze real-world
data (RWD) with methodological rigor. The process we are undertaking to reach that goal include
1) Summarizing existing methods to consider for main outcomes;
2) Testing the identified methods using real-world data; and
3) Providing recommendations on which methods to consider in which context.
Currently, we are completing the first step, using “survival” as a specific outcome. Survival is one of the
most commonly used and relevant outcomes in cancer drug decision-making processes. The following
section provides a brief overview of the context and a summary of existing methods to consider when
analysing real-world survival data.
CONTEXT
Real-world evidence (RWE) can make a valuable contribution to the evidence used by a broad range of
stakeholders in decision-making and resource allocation processes. RWE can also help to answer
comparative effectiveness questions efficiently, using fewer resources and covering larger, more
representative populations than clinical trials. The need to assess RWE is driven by the fact that the
clinical gains observed in trials are often modest, the trial results are frequently immature at the time
decisions are required, and the cost of new therapies is great. In addition, there can be important
differences in the performance of a new drug in controlled trial settings vs real-world settings. There are
a number of reasons why clinical trials may yield different results from those generated in real world
settings, such as higher adherence due to study protocol and follow-up requirements, or healthier
subjects selected for inclusion in the trial population (1, 2). It is beneficial to assess the effectiveness of a
new drug or regimen in the full population who would be seen in general practice. From a policy
perspective, such evidence can be useful to reassess a drug for continued public reimbursement
decisions.
RWE comes with its own set of strengths and limitations. Focusing on methods, the nature of study
design (including the lack of randomization) to generate RWE comparing treatments requires methods
to adjust for selection bias and the effects of confounding (3-5). While there are other important topics
in the discussion of RWE in policy (including data availability and quality, as well as operationalization,
implementation, and uptake of RWE), the specific objective of the Methods Working Group in this
report is to provide information on the methodologies to generate RWE from the available data.
Choosing survival as an outcome
The Methods Working Group of the CanREValue Collaboration chose to first focus on the assessment of
survival, as a clinically important and policy-relevant effectiveness outcome for the reassessment of
cancer drugs using retrospective data from administrative databases. Overall survival is a reliable and
objective endpoint for assessing clinical effectiveness, ascertainable in administrative data, and an
important outcome to all stakeholders.
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Objective
This summary presents a review of methods to analyze and adjust for biases when assessing survival
outcomes for comparative effectiveness of treatments in real-world, population-based, retrospective
analyses using administrative data for post-funding reassessment and decision-making in cancer.
Methods
We conducted a narrative review, using published and grey literature, to identify potential methods to
adjust for biases when conducting analysis of real-world survival outcome data. We briefly describe
main methodological challenges in RWE and the selected methods that we believe are most relevant for
real-world retrospective analysis of survival outcomes in the post-funding decision making phase.

SUMMARY OF FINDINGS
Main challenges of real-world survival data
Analysis of survival data can involve descriptive analyses in the form of Kaplan Meier curves, as well as
statistical tests to assess differences between Kaplan Meier curves using log-rank tests. Methods to
assess the magnitude of relative treatment effects on survival outcomes often involve Cox proportional
hazards analysis, a regression-based analysis that estimates a hazard ratio between treatments. These
methods are used in both clinical trial and real-world studies. These methods can assess treatment
differences in randomized clinical trials without any further adjustments, since randomization of
treatment group assignment minimizes systematic differences between groups.
Though there are a number of potential limitations from non-randomized, observational data, two main
challenges are highlighted as particularly common and important to address when conducting realworld, retrospective analysis to compare survival outcomes in cancer. These challenges are common to
observational data analysis, and they include:
•
•

Baseline confounding by indication (e.g., people who receive Drug A may be sicker than people
who receive Drug B), and
Time-varying confounders (e.g., an important demographic or clinical characteristic might
change through time).

The issue of baseline confounding occurs because patients in real-world settings are not assigned
randomly to receive a specific treatment, as is the case in a randomized controlled trial. In other words,
there may be some clinical factors that are associated both the choice of treatment and with the
outcome of interest. To address this issue, imbalances in baseline characteristics between treatment
groups must be accounted for in order to obtain an unbiased estimate of the relationship of interest i.e.,
the effect of the treatment on the outcome (survival).
The issue of time-varying confounders occurs because patients may experience changes over time. For
example, patients may receive additional treatments after progression, which is also likely affect the
outcome (survival). The use of subsequent treatments may differ between groups, which is where
Methods for RWE for survival outcomes
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confounding may occur. For example, if comparing patients receiving a new drug in the current period
to a historical control group, there may be subsequent treatments available in the more recent period
that patients in the control group could not access. Randomized controlled trials often address this issue
by blinding treatment assignment, so that subsequent treatment choice will not be affected by the
initial assigned treatment, or by restricting the treatments allowed after progression in the trial
protocol. Crossover-adjustment methods are an example of methods that have occasionally been used
to estimate survival in the presence of a specific type of time-varying confounding involving cross-over
between the two treatment assignments in randomized clinical trials when patients in the control group
receive the intervention after progression, though this is a narrower challenge than what is seen in realworld data.
Other limitations present when using retrospective observational data to conduct RWE of survival
outcomes that may be relevant in certain contexts include:
•
•
•

•
•
•
•

Time-varying primary exposure (e.g., similar to what occurs in a randomized controlled trial,
person 1 may take Drug A for a different amount of time than person 2 takes Drug A);
Time-varying effect of primary exposure (e.g., the drug’s effect may vary through time in a
particular person);
Immortal time bias (e.g., when the period of immortal time is either incorrectly attributed to
the treated group through a time fixed analysis or excluded from the analysis because the start
of follow-up for the treated group is defined by the start of treatment and is, by design, later
than that for the untreated group);
Left truncation (delayed entry to a cohort);
Informative censoring (which occurs when the event times are not independent of the
censoring times); and
Interval censoring (e.g., if actual survival time is not known); and
Competing risks (e.g., when looking at time to disease progression, death is a competing risk).

From the above list of challenges, some items are more relevant than others in the context of cancer
drug evaluation. Specifically, competing risks may be less relevant of an issue given the common use in
oncology of progression-free survival (PFS) as an endpoint. PFS is defined to include both progression
and death, such that there is no competing risk. Moreover, progression is often not defined in health
administrative databases, limiting the ability to evaluate this endpoint. Immortal time bias and left
truncation are commonly addressed in RWE studies for decision-making on drug therapies by defining a
common start time based on initiation of treatment. Lastly, when the outcome is death, dates are
usually accurately recorded such that interval censoring is not a challenge.
In order to apply survival analysis methods to non-randomized, retrospective real-world data to assess
comparative effectiveness of treatments, the above primary limitations related to confounding must be
addressed with additional methods to reduce bias in the estimates. The remainder of the report
discusses methods that may be able to address biases due to confounding in real-world data.
Potential methods to consider
Methods available to address the abovementioned limitations related to confounding can be organized
into the following four clusters; all of which have both advantages and disadvantages to consider. Please
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note that the following section is not meant to be a comprehensive list of methods. We welcome
comments on other methods to consider.
1) Propensity scores (PS): Propensity score matching (PSM) and inverse probability of treatment
weighting (IPTW) (6-8)
•

•

•

•
2)

Propensity score methods are commonly used methods to balance baseline
characteristics. These methods summarize all baseline characteristics into a single score
representing an individual’s probability of receiving a particular treatment. Patients who
have similar propensity scores have a similar distribution of the included baseline
characteristics.
With propensity score matching (PSM), the outcome is compared between matched pairs
who have similar characteristics. PSM estimates the effect of the study drug amongst the
subset of patients receiving the study drug. This is relevant when only a subset of eligible
patients receives the study drug, especially if there are clinical reasons for which a
patient may be most suitable to receive the study drug. However, because a suitable
match with similar characteristics has to be identified for each patient, the matched
study cohort may not include all patients who are eligible for the study. As such, this
method may not be suitable when studying drugs with a relatively smaller sample size.
With inverse probability of treatment weighting (IPTW), each individual is given a weight
based on their propensity score to create a theoretical population with all patients that
are balanced on the observed characteristics. The outcome can be evaluated in the
weighted cohorts, and represents the average change if a population of untreated
patients were all given the study drug. IPTW methods are relevant when the whole
population may be eligible for the treatment and the effect of treating the whole study
group is of interest. IPTW can be extended to balancing time-varying confounders.
Other methods (e.g., high-dimensional propensity score) using similar concepts are
currently being evaluated (9).

Other matching methods: Genetic matching (GM) (10-14) and disease risk score (DRS) (15-22)
•

•

Genetic matching (GM) is a generalization of PSM, which optimises covariate balance by
using an automated iterative search algorithm. By matching on individual covariates, as
well as the PS, GM can reduce bias and gain efficiency in the estimation of treatment
effects, even when the PS is mis-specified.
Disease risk score (DRS) is the prognostic analogue to PS. It is a confounder summary
score derived from the probability of a disease outcome rather than treatment exposure.
DRS is advantageous over other confounding adjustment techniques when exposure is
rare, when one wants to study multiple exposures, or if one wants to explore study effect
modification by outcome risk. The DRS methods are limited in situations of rare
outcomes and where a potential confounder is highly correlated with an exposure.
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3)

G methods
•

•

•

4)

Under a collection of G methods, there are a number of models, which include the g
formula (parametric and non-parametric), g estimation of a structural nested model, and
inverse probability weighted marginal structural model. In brief, these methods allow
estimation of the impact of treatment on outcome of interest without the requirement
of strict assumptions as in standard regression models (23). These methods are
appropriate for assessing both baseline and time-varying confounding.
G formulas assess the outcome considering each level of each exposure/treatment and
covariates. When the potential number of values of each covariate become large,
assuming parametric distributions and simulation help to assess the potential outcomes
over the probability distributions for the covariates (24).
Inverse probability weighted marginal structural models involve reweighting of
observations so that the levels of confounding variables become equally balanced
between treated and untreated individuals. Reweighting can be conducted at each time
point to address time-varying confounders.

Other Methods: Covariate adjustment and instrumental variable (IV) (25-31)
•

•

Covariate adjustment can be conducted in any regression-based method to account for
differences between groups. However, including a large number of variables (particularly
when the sample size or number of events is small), leads to a problem of overfitting,
which means it is actually harder to assess the treatment effect from the analysis. This
method is one of the more commonly used methods to address baseline confounding
but, given the advancement in other methods, regression adjustment alone may not be
as effective in reducing biases in real-world data.
Instrumental variables (IV) are used to balance treatment groups on baseline
characteristics by way of an instrument, which is a variable associated with treatment
choice but otherwise has no effect on the outcome. The treatment differences caused by
the instrument are not confounded. Since the balancing process is not conditioned on all
the observed baseline characteristics, (as they are in PS methods), the balance is not
limited to observed confounders. This means that instrumental variable methods also
address unobserved confounding when assumptions are met. However, it can be difficult
to identify a suitable instrument, which can make this method difficult to apply.

SUMMARY
This document shares the progress being made by the CanREValue Methods Working Group in
identifying methods to undertake and adjust for biases when assessing survival outcomes in RWE
studies. In this report, we have presented a brief review of the existing methods for addressing
confounding in the conduct of real-world, population-based, retrospective comparative effectiveness
analysis of cancer drug treatments in which overall survival is the outcome of interest. We have also
presented some of the limitations of these various methods.
We look forward to more interaction with the community in the coming months.
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STAKEHOLDER CONSULTATION

Stakeholder input is essential to the development of a framework for the incorporation of real-world
evidence for cancer drug decision-making. We encourage stakeholders to participate by answering the
list of consultation questions provided for your consideration below, or to provide any other comments
regarding the contents of the report.
To provide feedback and input on the interim Methods report, please use this feedback template. Please
submit your completed feedback by 5:00pm EDT on April 19th, 2020 to canrevalue@cc-arcc.ca.
Note: Feedback is limited to ~5 pages of text using 12pt font. All feedback will be collated and our
subsequent responses to the feedback will be made publicly available.

Consultation Questions:
1.

Are there other key biases present within population-based administrative data that
must be considered in analyses of comparative effectiveness evaluating survival
outcomes?

2.

Are there additional methods that should be included to address the key biases
identified when using population-based administrative data to evaluate comparative
survival outcomes?

3.

Are there specific questions related to the application of these methods that the final
report /manuscript should address?

In addition, please consider:
4.

Are there specific methodological questions with regard to the generation of RWE which
you are interested in exploring in the future? For example, what types of
methodological challenges do decision-makers face that RWE can address or what
problems exist that decision-makers would like RWE to help solve?

The CanREValue Methods Working Group is also working on a manuscript to provide an overview with more details
on methods to analyze real-world survival data. Please contact us at canrevalue@cc-arcc.ca if you would like more
information about this work.

Keywords
Cancer; Real-world evidence; Survival; Observational studies; Statistical analysis
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